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Abstract

RNA binding proteins (RBPs) are proteinsthat bind to the RNA incells and
form ribonucleoprotein complexes. It is estimated that approximately 7.5% of all protein-
coding genes in the human genome code for RBPs and their aberrant expression has
profound effects on cellular physiology and the pathogenesis of human disease,
including cancer.

This thesis is part of a drug target discovery project. The aim of the project is to
evaluate the role of RBPs in cancer prognosis and identify RBPs that could be potential
drug targets in four types of cancer (lung, gastric, ovarian and breast cancer).

Our results reduce the number of RBPs that will be screened as potential novel drug
targets. We start with an analysis of the effect of high level expression of known RBPs
on cancer patient survival using publicly available RNA expression and patient survival
data and continue with a comparison between the gene expression in normal and
cancerous tissues.

More specifically, the main steps of this study are the following:

1. Identification of RBPs whose mis-expression correlates with poor survival in
cancer patients, ranked by statistical significance

2. Prioritization of this hit list, integrating diverse data sources and comparing the
difference in expression between normal and cancerous tissues

3. Selection of candidates to be taken forward into drug screening


https://en.wikipedia.org/wiki/Protein
https://en.wikipedia.org/wiki/RNA
https://en.wikipedia.org/wiki/Cell_(biology)
https://en.wikipedia.org/wiki/Ribonucleoprotein
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[MepiAnym

O1 RNA binding mpwrteiveg (RBPS), eival TTpwTeiveg mTou mTpoadévovtal oto RNA Twv
KUTTAPWYV KOl CUMMPETEXOUV OTO OXNUATIONO PIBOVOUKAEOTTPWTEIVIKWY CUMTTAOKWV.
ExkTiydran o1 mrepitrou to 7.5% Twv yovidiwv 0To avBpwTTIvO YoVIDiwPa KwOIKOTTOIoUV
RBPs, evid) n Pn QUOIOAOYIKA €KQPAOCT] TOUG EXEl EPPAVEIG OUVETTEIEG OTNV KUTTAPIKN
@uaoioAoyia Kal 14\ TTaBoyéveon TTOAAWV avepwTTivwv aoBevelwy,
oupTTEPIAQPBAVOUEVOU TOU KAPKiVOU.

H 1Tapouca dITTAWPATIKA ATTOTEAEI JEPOG WIS TTPOCTTABEING yIa TNV avakaAuywn véwv
QAPMOKEUTIKWY OTOXWYV. ZKOTTOG gival n agloAdynon tou péAou 1Tou diadpauatiCouv ol
RNA binding mrpwrteiveg otnv TTpdyvwan Tou Kapkivou kal n avalritnon moéavwyv RBPs
TToU Ba PTTOopOoUCaV Va Eival QAPUOKEUTIKOI 0TOXOI 0€ 4 TUTTOUG KOpPKivou (KapKivo Tou
TTvEUUOVA, TOU OTOPAXOU, TWV WOoBNKWVY Kal TOU HacTou).

ApXIKA avaAuovTal Ta aTTOTEAEOUATA TTOU €XEI N UYWNAR €K@pacn OAWV TWV YVWOTWV
RNA binding TTpwTeivov oTnV €MIRIWoN TwV KAPKIVOTTABWY XPNOIKNOTTOIWVTAS dNUOCiwg
olaBéoiya ouvoAa Oedopévwy pe Ta emieda ék@paons Tou RNA o€ dIa@opeTIKOUG
TUTTOUG KOPKIVOU Kal Ta avTioTolxa Oedopéva €TMIRIWONG. 2Tn CUVEXEIO CUYKPIVETAI N
YOVIOIOKN €K@PACH METALU (QUOIOAOYIKWY KOl KOPKIVIKWY 10TWV, VW TEAIKO OTOXO
atroTteAei N peiwon Tou apiBuou Twv RBPs 1Tou Ba eAeyxBouv TreipauaTikd.

2UVOTITIKA, Ta Baoikd BApaTa NG avaAuong gival Ta ENG:

1. Evromopog RNA binding TrpwTteivy, Twv OTIOIwWV N avwuoAn €ékepacn
oXeTiCeTal PE TO YPHyopPO BAvaTo TwV KAPKIVOTTABWY (JE BAon Ta atmmoTeAéouaTa
OTOTIOTIKAG avaAuoNg)

2. MNepaimépw @IATpApIoPa TNG €mTUXOUG AioTag Twv RNA binding mTpwTeEiviov
XPNOIMOTTOIWVTAG TNV TTANpo@opia dedopévwy OTTWGS N dlapopd oTnV €KPPacn
METALU PUOIOAOYIKWYV KOl KAPKIVIKWY I0TWV.

3. EmAoyn Twv KatdAAnAwyv utrown@iwy TTpwTEivwyY yia drug screening.
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Chapter 1: Introduction

Cancer

Cancer is the most frequent cause of death in the world, alongside with cardiovascular
diseases (Perez-Herrero et Fernandez-Medarde, 2015). It describes a collection of
related diseases in which abnormal cells divide without control and form tumors. All
tumors consist of damaged cells that normally would be destroyed by the human body
in the programmed cell death (apoptosis) (Elmore, 2007). A tumor can fall into two
types; malignant or benign. Almost all benign tumors are harmless as they are unable to
invade nearby tissues. The cells that form a malignant cancerous tumor can spread to
nearby tissues or travel far distances to other body parts (through the blood and lymph
system) and form new tumors (metastasis) (Perez-Herrero et Fernandez-Medarde,
2015).

Main types of cancer are carcinoma, sarcoma, leukemia, lymphoma and multiple
myeloma. For males, the most common cancer types are lung, prostate and stomach
cancer, while for females are breast, colorectal, lung and cervical cancer (Torre et al.,
2016). Every year more than 14.1 million new cases are diagnosed worldwide.
Specifically in 2015 cancer caused about 8.8 million deaths corresponding to 15.7% of
human deaths (Wang et al., 2016).

Cancer is induced by damage (or mutations) in the DNA because of environmental or
inherited reasons. In hon-metastatic cancers surgery could be effective for the patient,
while in metastatic cancers, drugs (like chemotherapy) inhibit the uncontrolled division
of cancer cells. However drugs also affect normal cells causing inevitable side effects
which indicate the need to find new effective treatments (Perez-Herrero et Fernandez-
Medarde, 2015).

Figure 1: A lung cancer cell is dividing to give two new cancer cells (photo from National Institutes of
Health).
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Drug Discovery and Development

Drug development starts with the discovery of the most suitable targets for treating or
preventing the disease (target discovery) (Moffat et al., 2014). Targets are usually
proteins in the patient’s body which are associated with a disease or proteins in
microorganisms, causing a disease. The challenge is to identify which proteins are
relevant and more importantly to confirm their role in a disease (Eder et Herling, 2015).

Figure 2: A drug and a drug target. Most of the times, a drug target is a protein. Proteins are large
biomolecules made up of aminoacids. Long strings of aminoacids fold in a particular way, determining
the shape of the protein (photo from chimera software tool).

Over the last years, pharmaceutical companies focus on understanding cellural
networks of proteins or pathways (Moffat et al., 2014). A single protein may transmit
messages to several other proteins, often in multiple pathways affecting their function.
Knowing how these pathways work and interact, helps to identify the most appropriate
target for a developing drug. The pathway approach allows a better understanding of
the mechanisms that induce a disease. This knowledge and the will to answer important
medical questions, outlines the priorities in target discovery (Eder et Herling, 2015).

Drug discovery is the process in which a lead compound is identified and a new
candidate medication is discovered (Moffat et al., 2014). One of the methods used for
the identification of potential drugs is called screening. In screening, large chemical
libraries are tested for a particular biological activity. The most recent version of
screening is high-throuput screening in which a researcher has the ability to conduct
quickly, millions of chemical or pharmacological tests using robots, sensitive detectors

18



and data processing software (Figure 3) (Everett, 2015). Active compounds are
identified for the next step of drug design.

Figure 3: State of the art robots participate in drug screening. A robot takes assay plates from
incubators and transfers them to another robot (shown in the background) or puts them at compound
transfer stations (photo from National Human Genome Research Institute).

The point of screening is to find chemical compounds that bind to the identified target. If
a compound modulates the target in a way that is expected to alter the disease, there is
a hit (Everett, 2015). Subsequently, the compound will be refined to improve its safety
and effectiveness and eventually will become a drug candidate (Figure 4).

Discovering and introducing a new drug may take many years of research and clinical
development efforts (Ciocola et al., 2014). The process to bring a new pharmaceutical
drug to the market is called drug development and can be divided into pre-clinical and
clinical development (Moffat et al., 2014). In former kind, research starts before clinical
trials and the main point is to assess biological activity and safety profile of the
candidate compound (Ciocola et al., 2014). In the late pre-clinical stage further
experiments are conducted on the drug candidate to ensure its safety for patients and
ensure the required pharmacokinetic properties (such as appropriate absorption and
metabolism by the human body). These experiments are executed with extraordinary
diligence to minimize any risks to human test subjects.
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Figure 4: A simplistic approach, with proteins depicted as large globular structures that have deep
grooves. This protein has a buried binding site which is good for “druggability”. A small drug molecule
(shown in the frame at the right) can be found or designed to fill this binding site. A drug is small
compared to the protein and the better the fit of the ligand to the protein binding site, the more potent
the drug can be. This can be simulated by a “key in a lock” image to explain ligand-protein binding
(photo from chimera software tool).

Pre-clinical stage is followed by clinical development, in which observations and
experiments (called clinical trials) take place. Clinical trials consist of 3 (or sometimes 4)
phases in total, focused on evaluating drug safety and effectiveness or efficacy
(Ciociola et al., 2014).

» Phase 1 trials:
Safety and dosing are determined in healthy volunteers.

» Phase 2 trials:
Further safety and efficacy are determined in small numbers of patients (about
100 — 250 patients) who have the disease. During this phase the optimal dose is
evaluated and the possible side effects are checked (they could be different in
patients compared to the healthy volunteers participated in phase 1).

» Phase 3 trials:
Safety and efficacy are determined in large number of patients with the specific
disease (1000 - 3000 patients). If safety and efficacy are substantiated in an
adequate extent, the possibility for ceasing the clinical trials emerges at this
point.
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» Phase 4 trials:
Sometimes, FDA (Food and Drug Administration) forces for one more phase.
Hence, in this phase additional data are gathered, that were not collected in
phase 3. They include efficacy, safety, risk information and pharmaco-economic
data.

During clinical trials most compounds fail because of their levels of toxicity or because
they don’t have the required effect on the disease as was indicated in clinical trials
(Moffat et al., 2014).

Gene Expression Identification Methods in Cancer

According to the central dogma of biology, the instructions to make mRNAs derive from
genes (Crick, 1958). Gene expression describes the process of using gene information
for the synthesis of gene products. More often the final gene products are proteins but
they can also be functional RNAs.

Figure 5: The central dogma of molecular biology. It describes the flow of the genetic information
within a biological system and was first described by Francis Crick in 1958. The DNA is transcribed into
mRNA and mRNA is translated into proteins (Crick, 1958).

In any given moment, different genes are activated or deactivated, meaning that only a
fraction of their total number participates to make mRNA. Whether a gene will be
activated is influenced by its local environment or by different experimental conditions.
For instance, a cancer cell expresses different genes than a normal cell and different
levels of an mMRNA sequence means an altered need for the respective protein (Kim et
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al., 2010). Gene expression identification refers to the expression measurement of
thousands of genes simultaneously and answers important questions about the
functions of the cell (Kim et al., 2010).

Several methods can be used to identify gene expression. However, there is not a best
method for every occasion (Kim et al., 2010). Factors such as the available genome
information for the species of interest, the expertise in analyzing the data and the
available amount of money, determine the most suitable method each time. Different
methods should be used for the discovery of novel genes or for transcripts likely to be
expressed at very low or very high levels.

In the current chapter are explained two methods (Zhang et al., 2015): DNA
microarrays and RNA-sequencing. Both methods demonstrate a high run to run
reproducibility with their gene expression profiles being highly correlated. However,
noise and biases are prominent when measuring very low expression values.

Microarrays

In DNA Microarrays method, predefined DNA fragments (probes) are spotted to a
solid surface (made of glass or plastic) and form a microarray gene chip (Rogojina et
al., 2010). DNA deriving from the sample of interest (cells or tissues) is labeled with
fluorophores and hybridized to the DNA probes on the microarray. The intensity of the
fluorescent at each spot, determines the analyzed expression pattern of the gene which
corresponds to this probe (Wang et Xi, 2013).

Several microarray platforms are available for gene expression profiling. Among their
major differences is the number of target groups hybridized to each array, the size of
the probes and the technology used to spot them on the microarray chip, the used
method to extract RNA from the samples of interest and the labeling with fluorophores
of the targeted DNA (Rogojina et al., 2010). Main types of DNA microarrays are the two
colors spotted microarrays and the Affymetrix microarrays (Hardiman, 2004).

In the two-color-spotted microarrays, probes are cDNA fragments or oligonucleotides
(Rogojina et al.,, 2010). Two target groups are labeled with two different fluorescent
dyes and when the targets are hybridized to the probes, a laser (which recognizes the
two fluorescent dyes) scans the strength at each spot (Woo et al., 2004). This type of
microarray constitutes a quite affordable method with the probes being created
beforehand and then spotted on the microarray chip (Rogojina et al., 2010). The length
of fragments usually varies between 500 and 1000 nucleotides, while the length of
oligonucleotides between 20 and 100 nucleotides.
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Figure 6: Probe intensities in a two color spotted microarray. In total the chip has 44000 probes and
each probe corresponds to a specific mRNA (image from European Brain Research Institute).

Figure 7: Differences in expression between normal and cancerous cells (two colors spotted
microarray). There is a full range of colors between red and green which illustrates the relative
differences in expression. The green color indicates that mRNA is present only in normal cells while the
red color that mRNA is present only in tumourous cells. All the intermediate colors mean that the mRNA
is expressed more in normal or cancerous cells respectively.
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Affymetrix belong to the one-color microarrays, with only one target group hybridized to
each array (Woo et al., 2004). Their absolute expression values can be compared to the
results of another sample which uses the same probes and the experimental
reproducibility is assured. Each transcript is represented by multiple probes (usually
between 11 and 20) (Rogojina et al., 2010). An Affymetrix probe is made of a pair of
oligonucleotides; a PM (Perfect Match) and a MM (Mismatch). The oligonucleotides
typically consist of 25 bases, with both PM and MM being identical except for a
nucleotide in the middle of the sequence. Mismatch oligonucleotides are negative
controls, detecting noise and hybridization mistakes (Woo et al., 2004).

Figure 8: Affymetrix DNA Microarray Platform. The specific product line is called GeneChip (photo from
www.affymetrix.com).

In Affymetrix microarrays, compared to the two-color-spotted microarrays, less RNA for
each target is used. In the spotted microarrays two different fluorescents (Cy5 and Cy3)
are added before hybridization and the probes suffer from biases, as the Cy5 molecule
is heavier and its attachment to the target is less facilitated. In Affymetrix microarrays
only one fluorescent dye is used, which is attached to the target after hybridization
(Rogojina et al., 2010).

A possible shortcoming in Affymetrix microarrays is that a gene may correspond to
multiple probes. These probes may differ significantly, presenting even contradictory
results. Developed score methods evaluate the probe sets and Affymetrix microarray
users can use all available probe sets or only the best one according to the score
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method. In the last case, there could be a one-to-one match for genes and probe sets
(Lietal., 2011).

In microarray technologies, an emerging problem is the prominent mistakes in
measurements (Draghici, 2006). These methods of gene expression profiling suffer in
measurement precision, albeit powerful, reliable and highly used. Specifically in
Affymetrix microarrays due to mistakes in manufacturing procedures, many spotted
probes are not the intended ones and they do not correspond to the appropriate
transcripts (Mecham 2004; Knight, 2001; Forman-Kay, 1999). A gene can have many
variants and the accuracy of the results could be ensured only if the identities of the
genes and variants are well known (Lee et Roy, 2004; Boue et al., 2003). Microarrays
are based on hybridization of already existing probes and are incapable to detect novel
genes or transcripts. The hybridization limits their sensitivity, rendering impossible the
detection of very similar sequences like isoforms (Wang et Xi, 2013). However, they still
remain an inexpensive gene expression identification method (Zhang et al., 2015).

RNA-Sequencing

RNA-Sequencing reveals the presence and quantity of mRNA at a specific moment
(Wei et al.,, 2014). It can detect gene expression differentiations between different
groups or different expressions for the same group over time. Compared to microarrays,
RNA-Sequencing is preferred because the cost is lower and there is no bias in probe
selection (Zhang et al., 2015). It provides a comprehensive view of the transcriptome as
it is independent of any previous sequence knowledge. Instead, every single transcript
(known or unknown) in the sample is sequenced and therefore is possible to identify
novel genes and transcripts as well as structural variations (Wei et al., 2014).

Compared to microarrays which measure probe intensities and present poor
reproducibility for runs in different platforms, RNA-sequencing quantifies discrete digital
read counts aligned to a particular sequence and can be reanalyzed (Draghici, 2006).
Due to the sequencing of each individual transcript, the technology is inherently more
sensitive and superior in detecting transcripts with low abundance and different isoforms
(Zzhang et al., 2015). RNA-Sequencing is a new technology and although the data
output is potentially much richer in information the analysis is much more complex
(Wang et al., 2009). Specialized computing infrastructure is required to take advantage
of the initial biological information in these data (Zhang et al., 2015).
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Figure 9: The steps of the RNA-Sequencing method. This method is used to sequence cDNA copies of all
the mRNA in a sample. A very large number of short sequencing reads are aligned to the genome to find
the level of expression for each gene. Parts of the reads align to non-contiguous segments of the
genome (junction reads) while other reads completely confine to an exon (exonic reads). Junction reads
are convenient for the identification of alternative splicing sites. At the end of this figure is a diagram
showing the RNA expression level in each nucleotide position (Wang et al., 2009).

The best strategy may be a combination of technologies that maximizes the
effectiveness, overcoming the limitations. For example, RNA sequencing provides a
comprehensive view of the transcriptome, independently of any sequence knowledge
beforehand and is able to detect structural variations. However, there are difficulties in
storing the data, the cost is relatively higher and specialized infrastructure is required
compared to microarrays. Custom microarrays might be effective tools to capture
comprehensive sequencing information and to systematically profile and compare gene
expression based on sequencing findings promptly, reproducibly and cost effectively
(Zhang et al., 2015).
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Microarrays RNA-Sequencing

+ Robust, reliable method, proven over decades of use +  Provides a comprehensive view of the transcriptome
+  High throughput method with thousands of samples + Independent of any prior sequence knowledge
analyzed per month +  Can detect structural variations such as gene fusions
+  Can be easily automated and alternative splicing events
+  Straightforward data analysis +  Provides a real digital solution (absolute versus relative
+  Lower cost abundance)
—  Depends on prior sequence knowledge —  New technology to most researchers
—  Structural variations detection is impossible —  Data storage is more challenging
— Isoforms detection is impossible —  Analysis is more complicated (as there is not a standard
—  Hybridization and sample labeling has biases protocol)
—  Relative quantitation method —  Specialized computing infrastructure and suitably

trained personnel are required

Table 1: Advantages and shortcomings of DNA Microarrays and RNA-Sequencing (Zhang, 2015)

Additionally Collected Information

Beyond gene expression, additional information is collected including mutations,
amplifications, clinical status and survival.

e Mutations:

Mutations are referred to a permanent change of a nucleotide sequence in the
genome. There is a variety in mutations as there can be a change from a single
base pair to huge segments that include more than one gene. They are classified
into two types. Firstly, hereditary mutations are inherited from one of the parents
and are present during the whole life of the individual. Secondly, acquired (or
somatic) mutations are not inherited and emerge during one’s life because of
environmental reasons (sun radiation, smoking etc.). Mutations are important as
they are connected with an increased risk of cancer development (Loeb et al.,
2003; lonov et al., 1993).

e Amplifications:
Amplification (or gene duplication) is any kind of duplication in a DNA region that
contains a gene. They can be detected through the use of microarrays or RNA-
Seq platforms. It could be seen as one of many ways of gene overexpression. In
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terms of their role in cancer, if an oncogene is duplicated, there are increased
possibilities for cancer development (Zhang, 2003).

e Clinical Status:
Clinical Status is used to describe a patient’'s condition in a hospital. Patient’s
clinical status may be referred to their current state (for example it could be
positive or serious) or to a prognosis (patient’s condition could be improved,
getting worse or being stable) (Rich et al., 2010)

e Survival:
Survival deals with data on time and refers to the ability of a patient to survive
over a specified period of time (Rich et al., 2010).

Publicly Available RNA Expression Datasets

Publicly available RNA Expression datasets contain information about transcriptomics
data derived from either microarrays or RNA-seq experiments (Parkinson et al., 2011,
Barrett et al., 2013). Having submitted their data to RNA Expression Databases,
scientists can have organized their records, improve the reproducibility of their studies,
and finally serve the goal of science generating more knowledge.

Array Express and GEO

Examples of databases where researchers can submit their functional genomics data
are Array Express and GEO (Gene Expression Omnibus). Both databases first
curate the data and then store them so that they are publicly accessible. Array Express
is created and supported by EMBL-EBI (European Bioinformatics Institute) while GEO
by NCBI (National Center for Biotechnology Information) (Parkinson et al., 2011; Barrett
et al., 2013).

Array Express started in 2002, and at first contained only microarray data. However,
now its database information is enriched by RNA-seq data too (Parkinson et al., 2011).
On the other hand, GEO was created earlier (in 2000) and today consists of data
derived from a variety of experimental techniques (microarray data, RNA-seq data and
high-throughput data) (Barrett et al., 2013). At the time of writing Array Express hosted
2.223.195 assays from 70.255 experiments in total while the required memory space to
save the archived data was 45.65 TB (https://www.ebi.ac.uk/arrayexpress/). By the
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same time, GEO hosted 2.148.356 samples from 87.309 different experiments
(https://www.ncbi.nim.nih.gov/gds).

Figure 10: The web interfaces of ArrayExpress and GEO. Both databases provide information for specific
gene expression data via an advanced search tool. Users have access to ArrayExpress and GEO by the
following links: https://www.ebi.ac.uk/arrayexpress/ and https://www.ncbi.nlm.nih.gov/gds

As part of the collaboration between the three biotechnological centers worldwide (NCBI
in the USA, EMBL in Europe and DDBJ in Asia) every day the available information is
shared among them. The point is the integration and the easiest access to knowledge
(Barrett et al., 2012). Part of the information in Array Express derives from GEO, thus
Array Express contains data derived from RNA-Seq experiments, too (not only
microarray data) (Parkinson et al., 2011).

Both databases, except for RNA expression data contain meta-data. Examples of meta-
data consist of the description of each experiment, the protocols and the analysis
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techniques in each experiment, the sample annotation and information about the author
of the publication (Barrett et al., 2012). Especially for Next Generation Sequencing
experiments, there are specifications for each library used as all of them are in
accordance with the MIAME protocol (Brazma et al., 2001). MIAME protocol is an
international standard for expression data based on microarray experiments, which
declares the minimal information required for the experiment to be described. The aim
of this protocol is the homogeneity and clearness of the followed procedures in each
experiment.

The Cancer Genome Atlas

In 2005 NCI (National Cancer Institute) and NHGRI (National Human Genome
Research Institute) collaborated and started a project called The Cancer Genome
Atlas (TCGA) (Tomczak et al., 2015). The goal was to organize genetic mutations that
were connected to cancer and collect expression data for different cancer types into a
database. TCGA data derive from more than 10.000 samples from 33 different cancer
types (Lee, 2016).

For the development of TCGA and the analysis of patient samples, they were used
different techniques like gene expression identification techniques, copy number
variation profiling and microRNA profiling (Cancer Genome Atlas Research Network,
2013). For the submission of new information into TCGA, the procedure is strict; the
required biospecimens, like blood or tissue, are taken by authorized patients suffering
from cancer. Then, the quality of the samples is checked and the data are led to HTS
(High-Throughput-Screening). TCGA’s data are publicly available, accompanied by a
set of tools which provide the research community continuing access to the generated
information (Tomczak et al., 2015).

Apart from RNA expression data, The Cancer Genome Atlas contains a plethora of
other cancer data too. By August 2017, they had been submitted almost 2 Petabytes of
continually increasing genomic information, assisting the researcher’s efforts to prevent,
diagnose and treat the different cancer types.
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Figure 11: The web interface of “The Cancer Genome Atlas”. By the following link
https://cancergenome.nih.gov/, the user has access to almost 2 Petabytes of information about cancer
data, including RNA Expression Data derived from microarray and RNA-seq experiments.

Survival Rates and Kaplan-Meier Plots

Survival analysis deals with data on time until an event occurs. This event describes
any change in state or a relapse of a disease (most of the times is death). It is assumed
that each subject “suffers” only once from the event in question but in more complicated
survival models this restriction could be removed. The biggest complication associated
with survival analysis is censoring (Rich et al., 2010). This means that not everyone will
necessarily have the event of interest. For instance, if a cancer patient participates in
the research, he could not be followed long enough for the event to be observed. In a
standard period of time, he may quit the study and no one knows his accurate time of
death.

Important part of survival analysis is survival rates. Survival rates describe the
proportion of people (participating in a study) who are still alive after diagnosis for a
particular period of time. The different types of survival rates are (Rich et al., 2010):
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Overall Survival
The time that has passed from the start of the study or the date of the diagnosis,
with the patients diagnosed with the disease remaining alive.

Relapse Free Survival

It is also known as “Disease Free Survival” and is referred to the time that passes
after the primary treatment for a cancer and the patient remains alive without any
symptoms of that cancer. Relapse Free Survival is an indicator to check the
effectiveness of new treatments.

Event Free Survival
In contrast to the previous types of survival rates, Event Free Survival describes
a possibility and not a length of time. After a treatment designed to prevent a
group of events, Event Free Survival is the possibility for the patients to have
these specific events.

Progression Free Survival

Progression Free Survival refers to the time that has passed from the first time
that a treatment was applied, until the patient dies or the disease progresses. It is
another survival rate to evaluate a treatment on a disease. Specifically in
oncology, it refers to the length of time that a patient has a tumor.

Median (Overall) Survival

Median Survival expresses the time after which half of the population
participating in the study have met the event of interest. The advantage is that
the calculation of this type of survival rate requires only half of the population to
meet the end of the trial, while the respective calculation of the mean would
require all subjects to meet the end of the trial.

Five-year Survival
Five-year Survival measures survival at 5 years after treatment

A prominent way to depict survival rates are Kaplan-Meier plots (or KM-Plots or
Kaplan-Meier curves) (Kaplan et Meier, 1958). They were first published by Edward
Kaplan and Paul Meir as an effective way to deal with incomplete observations. Kaplan-
Meier plot’s role is even more important when there are patients who are “censored”
from the study (some patients may quit before the study meets an end-point).

In medical research, these plots are used to measure the length of time that patients are
still alive after a treatment or until a disease progresses. However, they are also used in
other fields and in general they measure the length of time until a specific event occurs.
For example, a Kaplan-Meier plot could depict the length of time that passes since
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people remain unemployed until they find another job (the event of interest is that they
find again another job) (Meyer et al., 1990)

Table 2, Table 3 and Figure 12 explain the above mentioned in a simple example (Rich
et al., 2010). Table 2 has all the variables to prepare the survival analysis. Therefore for
each subject participating in the study the following data are collected:
1. The serial time
The time passing from the enrolment of the subject into the study until an event
of interest or censoring occurs.
2. The status at the end of serial time
At the end of serial time, the subject could be censored or have met the event of
interest.
3. The study group each subject belongs to
In Kaplan-Meier plots, are compared the survival rates between two different
study groups. Each subject falls into the first group or the second one.

The end of the study is at 5 years. From the first group, one subject survived until the
end point, while in the second group there were no remaining members after 3.5 years.
The mean survival time for Group 1 was 3.25 years (with a 3-year median survival) and
for Group 2 was 1.75 years (with 1 year median survival).

SUBJECT SERIAL TIME STATUS AT SERIAL TIME Group

(years) (1=event / O=cencored) (or2)
B 1 1 1
E 2 1 1
F 3 1 1
A 4 1 1
D 4.5 1 1
C 5 0 1
U 0.5 1 2
Z 0.75 1 2
W 1 1 2
Vv 1.5 0 2
X 2 1 2
Y 3.5 1 2

Table 2: Patient survival data. There are 12 patients (subjects), in ascending order according to their
serial times. The status at the end of serial time will be 1 if patient died or 0 if patient quit the study
before meeting the end-point. The group number for each patient (subject) is shown in the last column
(Rich et al., 2010)
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GROUP 1

Event Time (years) No. of Events No. at Risk Probability
1 1 6 0.833
2 1 5 0.667
3 1 4 0.500
4 1 3 0.333
4.5 1 2 0.167
Event Time (years) No. of Events No. at Risk Probability
0.5 1 6 0.833
0.75 1 5 0.667
1 1 4 0.500
2 1 2 0.250
3.5 1 1 0.000

Table 3: Kaplan-Meier results from Table 2. In the first column is the time (in years) that has passed
until an event occurs. When an event occurs, the number of subjects being at risk reduces (column 3) as
well as the respective probability of a patient being alive (column 4) (Rich et al., 2010)

Different programming languages have included KM-Plots as functions or packages.
For instance in R they are included in the “survival” package while in python they are
available with the “lifelines” package (Ding-Geng et al., 2014). Finally, Matlab has a
function called “ecdf” with two arguments (“function” and “survivor”) which can calculate
and plot them respectively. Using one of those programming languages Table 2 leads to
the results shown in Table 3.

Table 3 is spit into the two study groups, with each event being in a different line. An
event occurs when a patient dies and not when the subject is censored from the study.
For Group 1, after the first event one patient dies, and the total number of 6 subjects at
risk is reduced to 5. The probability of surviving past one year is 5/6=0.833. After the
second event one more patient dies, the number at risk reduces to 4 and the respective
probability is 4/6=0.667. Respectively are calculated the survival probabilities for both
groups.

In Figure 12, each horizontal line illustrates the length of time that the survival
probability remains steady and is interrupted by an event. The vertical lines show the
differences in probabilities after an event has occurred. Both groups have a 100%
probability of surviving 6 months. Slightly before the end of the first year, this
percentage remains the same for Group 1, while for Group 2 has reduced to about




66.7%. At the end of the study there are no possibilities for a subject from Group 2 to be
alive. For Group 1 members, this possibility is almost 20%.

In survival analysis there may be censored subjects. In Figure 12 there are two
censored subjects which are depicted by dots. In Group 1, the censored subject is
observed at the end of the study, while in Group 2 censoring is observed in the middle
of the study. A key assumption is that censoring is uninformative. When a patient drops
out of the study is ignored whether he died from the disease the next moment or after
many years. Thus the results are caused to be optimistically biased and the probability
in Figure 12 overestimates actual survival (Rich et al., 2010).

After observing the two KM-Plots there could be an illusory conclusion about the
survival differences of the two groups. Although this difference is obvious, after a log
rank-test the corresponding P-value is 0.80 indicating that there is no statistical
significance (Rich et al., 2010). The explanation for the statistical insignificance is the
small number of subjects that participate in our hypothetical study (Feinstein, 1985).

Figure 12: A Kaplan-Meier plot derived from the Table 3. The X-axis represents time (in years) while the
Y-axis indicates the probability of a patient being alive at a specific time. There are 2 plots in the graph,
one for each group of participants in the study (Rich et al., 2010).
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KM-Plotter

The identification of biomarkers related to survival is vital for the comprehension of the
molecular mechanisms in different types of cancer. KM-Plotter is an online tool, able to
assess the effect of high gene expression on cancer patients’ survival based on
publically available microarray datasets (Gyorffy et al., 2013). In total, data derive from
10461 cancer samples from lung, gastric, ovarian or breast cancer patients.

Figure 13: KM-Plotter’'s homepage. There are four different KM-Plotter environments for breast,
ovarian, lung and gastric cancer. Using 10461 cancer samples in total, the tool is able to assess the effect
of 54675 genes on cancer patients’ survival. KM-Plotter is accessible via the following link:
www.kmplot.com

KM-Plotter is based on a background database with data deriving from TCGA, EGA and
GEO repositories (GEO datasets include only Affymetrix microarray data) (Gyorffy et al.,
2012; Gyorffy et al., 2013; Szasz et al., 2016). Survival and gene expression data are
integrated into the system and the samples are divided into two groups, according to the
(median, lower or upper quartile) expression levels of the selected gene. A Kaplan-
Meier plot compares the two patient groups and an estimated logrank p-value
expresses the statistical significance (Gyorffy et al., 2012). A low p-value rejects the null
hypothesis that there is no survival difference amongst these two groups of cancer
patients with high or low gene expression.

Among KM-Plotter’s results could be multiple plots due to the concordance of multiple
probes available for each gene. As an example, for a random gene called FXR1 the
results include five different plots (one of those is depicted in Figure 14). Patients are
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divided into two groups according to the gene’s expression levels. The groups with high
and low expression levels are shown with red and black color respectively. In this
Kaplan-Meier plot, red line is below the black one, thus there is a negative effect on lung
cancer patients’ survival when FXR1 gene is over-expressed.

Figure 14: KM-Plotter results for FXR1 gene. Among the results is a Kaplan-Meier plot showing the
effect of high and low expression levels and a p-value (logrank P = 2e-09) calculating the statistical
significance of high versus low level expression of FXR1 on lung cancer patients’ overall survival. Below
the plot (in the table) are the expression levels of FXR1 in normal and timorous tissues and the statistical
significance (p-value = 0.000149) of this difference in lung cancer datasets.
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RNA-Binding Proteins

RNA binding proteins (RBPs) are proteins (more often present in the nucleus or the
cytoplasm) that bind to the RNA in cells to form ribonucleoprotein complexes (Lunde et
al., 2007). By August 2017, in human organism there were 1542 experimentally
validated RBPs, representing 7.5% of the total protein-coding genes (Pereira et al.,
2017). RBPs are regulators of the RNA’s translation process, involve in RNA synthesis,
participate in cellular function, transport and localization and are vital in gene
expression’s post-transcriptional regulation (Dreyfuss et al., 2002).

Most RBPs consist only of a few simple domains (an RNA-binding domain is an
aminoacid sequence that detects RNA binding sites). Among these structural motifs are
RRM (RNA recognition motif), zinc fingers, S1 domain and K-homology domain (Pereira
et al.,, 2017). A bond between a single domain and RNA is weak. By exploiting the
multiple weak interactions from each individual bond, RBPs are able to form stronger
bonds with RNA, binding longer segments of nucleic acids (Lunde et al., 2007). While
each domain recognizes just a specific RNA, the diversity requirements are
accomplished by arranging these sequences in different ways. Multiple repeats of the
same domains are responsible for the structure and function of the RBP (Lunde et al.,
2007). A characteristic example of RBP with multiple repeats of the same domain is
human Pumilio protein. While a single domain is able to recognize only one nucleotide,
eight combined repeats of domains lead to a formation that recognizes a much longer
nucleotide sequence (Figure 15b)

Another factor that determines the function of RBPs is the length of the linker between
two domains. A longer linker recognizes diverse stretches of nucleic acids and aids
RBPs to recognize a plethora of RNA targets (Lunde et al., 2007). In RBPs are
observed an increased number of intrinsically disordered regions (protein regions that
deprive of a defined structure) which enhances RBP’s flexibility and adaptation to
different nucleotide sequences and structures (Pereira et al., 2017). However, even
though their role is so important, RNA-Binding proteins have not been systematically
studied (Hogan et al., 2008).

RNA transcripts are first formed in the nucleus and then instantly bind to RBPs, forming
a ribonucleoprotein complex with specific characteristics and roles. RBPs are as diverse
as possible to bind a variety of RNAs with different sequences (not only mRNAs but
also a variety of non-coding RNAs) (Matera et al., 2017). Every RBP is flexible and able
to bind different RNAs, controlling the metabolism of many transcripts. Their aberrant
expression has profound effects on cellular physiology and the pathogenesis of human
disease (Lukong et al., 2008). Multiple studies indicate that for many RBPs the altered
expression level noticed in cancerous compared to normal tissues, is connected with
the development of many cancer types (Pereira et al., 2017).
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Figure 15: The structure of two RBPs; ADAR and Pumilio. a. The structure of ADAR, an RNA-Binding
protein which edits mRNA. ADAR operates after transcription and changes nucleotides in mRNA's
sequence. Specifically, it converts the nucleoside adenosine to inosine via the catalysis of an enzymatic
reaction. After this process, RNA sequence is different than the sequence encoded by the DNA (Glisovic
et al., 2008). b. The structure of human Pumilio protein. While a single domain recognizes only one
nucleotide, eight repeats in Pumilio’s structure recognize a larger RNA sequence. The RNA’s backbone is
colored orange, while the repeats in RBP are colored blue and purple respectively (Lunde et al., 2007).
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Chapter 2: Aim and Motivation

Identifying new therapeutic targets for the treatment of cancer is of paramount
importance. RNA binding proteins (RBPs), central regulators of gene expression,
constitute ideal candidate targets which have been poorly exploited so far. As part of a
drug target discovery project, this thesis aims to reduce the total number of RBPs that
will be taken forward into drug screening for novel anti-tumour compounds, based on
the results of a computational analysis.

A list of 1334 candidate RBPs was compiled by the Lewis laboratory based on available
datasets of RNA binding proteins encoded by the human genome. The aim of this thesis
is to use available data on the expression levels of the corresponding genes and cancer
survival data in order to restrict this list to the most promising candidates, to be taken
forward to drug screening.

Specifically the planned steps in the analysis are:

1. Collect available information on the effect of the expression levels of each one of
the candidate RBPs on cancer patient survival. To that end, an online tool called
KM-Plotter (Gyorffy et al., 2013) will be used to calculate the statistical
significance (p-value) of high versus low-level expression of each RBP in cancer
patient overall survival, using data from hundreds of patients with four different
human cancers: lung, gastric, ovarian and breast cancer.

2. Collect information on the expression levels of each RBP in normal and
cancerous tissues and the statistical significance (p-value) of this difference in
the same four cancer datasets.

3. Progressively apply filters to narrow down the candidate RBPs, based on
negative or positive effect of expression levels on patient survival and the
corresponding p-values, the difference in expression levels of RBPs in tumour
versus normal cells, the concordance of multiple probes available for each gene
and the differential effects in different types of cancer to produce a concise list of
the most promising candidate molecules

4. Perform network analysis on candidate RBPs. To that end, the STRING
database of known and predicted protein-protein interactions will be used. RBPs
constituting a hub in the network are estimated as more likely to be successful
drug targets.

The computational analysis pipeline to be followed is outlined below. Starting with
1334 RBPs, the aim of this thesis is to restrict the RBPs list, keeping less than 30
RBPs. That is the final list of RBPs that will be taken forward into drug screening.
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List of 1334 known RBPs

Collect available data for these RBPs

Different Computational Analysis Steps

(At each step exclude a number of RBPs from the list)

Keep only a small number of RBPs (between 1 and 30)

These proteins will be taken forward into drug screening

Figure 16: Outline of thesis aim

42



Chapter 3: Materials and Methods

This thesis reduces the total number of RBPs that will be taken forward to drug
screening for novel anti-tumour compounds, based on the results of a computational
analysis. A list of 1334 RBPs was compiled by the Lewis laboratory based on available
datasets of RNA binding proteins encoded by the human genome.

For the collection of available data was used an online tool called KM-Plotter (Gyorffy et
al., 2013), accessible via the following link: www.kmplot.com. The collected information
was on the effect of the expression levels of each one of the candidate RBPs on cancer
patients’ survival and the expression levels of each RBP in normal and cancerous
tissues. KM-Plotter has one basic environment for each type of cancer (lung, gastric,
ovarian, breast). In the compiled list there are 1334 RBPs, thus data retrieved for all
RBPs and for each one of the 4 cancer types will be collected. Using 10461 cancer
samples in total, KM-Plotter is able to assess the effect of 54675 genes on cancer
patients’ survival.

KM-Plotters for different Cancer Types

Lung cancer KM-Plotter

For the development of the Lung Cancer database, they were used microarray datasets
from 3 different repositories (Gyorffy et al., 2013):

1. caBIG (Cancer Biomedical Informatics) (Cimino et al., 2007)
2. GEO (Gene Expression Omnibus) (Clough et al., 2016)
3. TCGA (The Cancer Genome Atlas) (Tomczak et al., 2015)
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Figure 17: The Lung KM-plotter environment with all chosen settings. A random gene called FXR1 is
used as an example. The Affy id symbol represented in KM-Plotter for this gene is 230201 _at.

These datasets included information for the expression of genes and the survival rates
of cancer patients. In total, the collected data corresponded to 2437 lung cancer
patients.

In Figure 17 there is an example, for a random gene in lung cancer. The gene is called
“‘FXR1” and the Affy id symbol used in KM-Plotter is “230201_at”. It is obvious that the
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collection of data for all the other genes (corresponding to the rest RPBs of the
compiled list) follows the same procedure.

The selected settings for the Lung KM-Plotter are the following (The same settings are
used for the other 3 cancer types too):

Affy id / Gene symbol:

On Affymetrix microarrays a gene can be detected by multiple probe sets with
measurements that sometimes are contradictory. To avoid this inconvenience a
scoring method (called JetSet) has been applied and assesses each probe set in
different terms (sensitivity, specificity, coverage) (Li et al., 2011)

In KM-Plotter the color code corresponds to the JetSet status of the current gene,
with the Green Color representing the best probe set, while the Yellow and Red
Color showing worse probe sets for a gene. The recommended JetSet probe set
is the green one (Figure 18). For all the genes of the compiled list that were
searched on this tool, a green probe set was available.

Figure 18: Multiple probe sets available for a specific gene name. The recommended JetSet probe set is
the green one. After repeating the procedure for the total number of 1334 genes, for all genes was
available a green JetSet probe set. However, for the results of this thesis we used all available probes,
independently of their color.

Split patients by: median
The alternatives are lower quartile, lower tertile, upper tertile and upper quartile.
Median is the default setting.

Survival: OS
OS (Overall Survival) represents the period of time that the patients continue to
be alive, starting from the date of diagnosis or the beginning of treatment.

Follow up threshold: all
To generate the Kaplan-Meier plot all available patients are included.
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e Auto select best cutoff: YES
All the percentiles between the lower and upper quartiles are computed and the
best performing threshold is used as a cutoff.

e Compute median survival: NO
Median survival will be computed only in case both cohorts reach a median
survival. Upper quartile survival will be computed in the remaining cases

e Censore at threshold: NO
Patients surviving over the selected “Follow up threshold” are censored (It
doesn’t change our results, because at the “Follow up threshold” we selected
“a””)

e Probe set options: all probe sets per gene
The analysis will run on all available probe sets representing the selected gene.
In case only JetSet best probe set was used, the optimal probe set for each gene
would be selected by JetSet.

e Show probe expression in normal tissue: YES
The expression table will be shown for the selected probe in normal and
cancerous tissue.

Using FXR1 gene as an example and with the selected parameters (as mentioned
above), the analysis runs on 1145 patients. The color of the box depicts the robustness
of the sample number. In this case it is green, meaning more than 500 samples, thus
the analysis is highly reliable. Blue, yellow and red, would mean a neutral (200-500
samples), a preliminary (50-200 samples) or an explorative analysis (less than 50
samples) respectively.

The rest of the settings will have the default values. If the users want to apply more
settings it is possible to restrict analysis according to histology (adenocarcinoma or
squamus cell carcinoma), grade (I, Il or Ill), cancer stage (1, 2, 3 or 4), gender or
smoking history (using only those never smoked or excluding them). The analysis could
be restricted to treatment groups that used radiotherapy or chemotherapy and if the
surgery was successful (it is successful if no cancer cells are seen at the outer edge of
the lung).

For the analysis all available datasets are included. Also, not all patients have all clinical
information, so the multivariate analysis uses fewer patients than the univariate.
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Finally, the database release that is used is the earliest one (2015 version, including
2437 patients with available clinical data). About the array quality control, the default
settings are used, meaning that biased arrays will be excluded.

Collected Characteristics Different Values Number of Patients
Histology Adenocarcinoma 866
Squamous Cell Carcinoma 675
Grade | (poor) 202
Il (moderate) 310
Il (well) 77
Stage 1 652
2 320
3 70
4 4
AJCC stage T 1 475
2 686
3 99
4 48
AJCC stage N 0 863
1 296
2 113
AJCC stage M 0 818
1 10
Gender Male 1387
Female 818
Smoking history Exclude those never smoked 970
Only those never smoked 247
Surgery success Only surgical margins negative 730
Chemotherapy No 317
Yes 178
Radiotherapy No 276
Yes 73

Entire Lung Database (2015 version): 2437 Patients

Table 4: Collected Patient Characteristics of the datasets included in the analysis for the lung cancer
(Gyorffy et al., 2013)

The collected clinical characteristics are the following:

e Stage of cancer (Describes if the cancer has spread to other tissues than the
lung)
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Stage T (Describes the size of the primary tumor and if there is a nearby tissue
metastasis)

Stage N (Describes whether nearby lymph nodes are involved)

Stage M (Describes if there is metastasis in distant tissues)

Histology (Lung cancer can be grouped into histological categories, like
adenocarcinoma or squamous cell carcinoma) (Maggiore et al., 2004)

Grade (In the collected clinical characteristics, cancer is categorized as poor,
moderate or well. In “well” grade, metastasis is a common phenomenon, while in
“poor”, cells are less likely to spread)

Gender (The patient is possible to be a male or a female)

Smoking History (For each lung cancer patient, there is information about
smoking history)

Surgery success (After the surgery, it is examined if lung is clear or if there are
any cancer cells. In case no cancer cells are seen at the outer edge of the lung,
the surgical margin is characterized as negative. In the positive case, more
surgery is needed to remove the remaining cancer cells)

Chemotherapy (The patient could have used chemotherapy treatment or not)
Radiotherapy (The patient could have used radiotherapy treatment or not)

The collected clinical characteristics for the development of (Lung Cancer) KM-Plotter
are summarized in table 4.

Gastric cancer KM-Plotter

The database for the Gastric cancer (Szasz et al., 2016) retrieved microarray data from
4 different sources (3 of them are research centers which have also published their
results in GEO):

1.

w

Max Delbruck Center for Molecular Medicine center in Berlin (Forster et al.,
2011)

National Cancer Institute in Bethesda (Kim et al., 2012)

Peter MacCallum Cancer Center in Melbourne (Busuttil et al., 2014)

GEO (Gene Expression Omnibus) (Clough et al., 2016)

In total, data were collected from 1065 gastric cancer patients.
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For the Gastric Cancer we follow the same procedure as we did for the Lung Cancer.
Again, the gene “FXR1” with the Affy id symbol “230201_at” is used as an example
(Figure 19).

This time, for the FXR1 gene the analysis runs on 631 patients. Similarly with the lung
cancer case, the green box color means that there are more than 500 samples (the
analysis is highly reliable). For each gene in the compiled list, this box was always
green, meaning more than 500 samples and a robustness of the sample number.

Figure 19: The Gastric KM-plotter environment with all chosen settings. A random gene called FXR1 is
used as an example. The Affy id symbol represented in KM-Plotter for this gene is 230201_at.
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For the rest of the settings, the default values are used. However, for gastric cancer the
selected settings (same with the collected clinical characteristics) are different. For
example in lung cancer there were collected characteristics like “Smoking History”

which is important for patient outcome in lung cancer but less trivial in gastric cancer.

Collected Characteristics

Different Values

Number of Patients

1 652
Stage 2 320
3 70
4 4
1 14
Stage T 2 253
3 208
4 39
0 76
Stage N 1 232
2 129
3 76
Stage M 0 459
1 58
Intestinal 336
Lauren classification Diffused 248
Mixed 33
Poorly differentiated 166
Differentiation Moderated differentiated 67
Well differentiated 32
Gender Male 1387
Female 818
Perforation Yes 4
No 169
Surgery alone 393
Treatment 5 FU based adjuvant 158
Other adjuvant 80
HER2 status Positive 425
Negative 641

Entire Gastric Database: 1065 Patients

Table 5: Collected Patient Characteristics of the datasets included in the analysis for the gastric cancer

(Marcell Szasz et al., 2016)
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The collected clinical characteristics are summarized in table 5 and are the following:

e Stage of cancer (Describes if a cancer is affecting other parts of the body)

e Stage T (Describes the size of the primary tumor and if there is a nearby tissue
metastasis)

e Stage N (Describes whether nearby lymph nodes are involved)

e Stage M (Describes if there is metastasis in distant tissues)

e Lauren classification (Divides adenocarcinoma of the stomach into 2 main types;
intestinal type and diffused type)

e Differentiation (Adenocarcinoma presents three degrees of differentiation; poor,
moderate, well)

e Gender (A patient can be male or female)

e Perforation (A hole in part of the wall of stomach or small intestine) (Roviello et
al., 2006)

e Treatment (In the treatment can take part only surgery or an adjuvant too)

e HER2 status (HERZ2 is a gene that is often overexpressed in breast cancer)
(Kroese et al., 2007)

Ovarian cancer KM-Plotter

For the ovarian cancer database (Gyorffy et al., 2012), two repositories contributed their
data:

e GEO (Gene Expression Omnibus) (Clough et al., 2016)
e TCGA (The Cancer Genome Atlas) (Tomczak et al., 2015)

In total, microarray data and survival information from 1816 ovarian cancer patients
are used. As an example, for the gene used in Lung and Gastric KM-Plotter (FXR1
gene) the analysis runs on 655 patients (Figure 20). For all RBPs there were more than
500 samples (this number is a threshold, indicating highly reliable analysis). In addition,
the database release for ovarian KM-Plotter was the earliest one (2017 version with all
data available, collected from 1816 patients)

The collected characteristics (which are also part of the settings in case a user wants to
restrict the analysis to subtypes) for the ovarian cancer patients are the following
(summarized in table 6):

e Stage of cancer (Describes if a cancer has spread to other tissues than the
ovaries)
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e Histology (Ovarian cancer can be grouped into histological categories, like
endometrioid or serous) (Hauptmann et al., 2014)

e Grade (Cancer can be categorized as grade 1, 2, 3 or 4. or as “high” or “low”
grade. In grade 4 metastasis is a common phenomenon, while in grade 1 cells
are less likely to spread)

e TP53 mutation (Mutations in TP53 are associated with a variety of cancers)
(Olivier et al., 2010)

e Debulk (The reduction of as much of the volume of a tumor as possible is
achieved by surgical removal. The tumor removal can be optimal or suboptimal in
our case)

e Chemotherapy (For patients undergone to chemotherapy, there is information
about the patient’s number who used specific drugs)

Figure 20: The Ovarian KM-plotter environment with all chosen settings. FXR1 gene is used as an
example. The Affy id symbol represented in KM-Plotter for this gene is 230201 _at.
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Collected Characteristics Different Values Number of Patients

1 107
Stage 2 72
3 1079
4 189
Histology Endometrioid 62
Serous 1232
1 56
Grade 2 325
3 1024
4 21
TP53 mutation Mutated 516
Wild type 102
Debulk Optimal 802
Suboptimal 536
Contains platin 1438
Contains Taxol 821
Contains platin + Taxol 804
Chemotherapy Contains Avastin 50
Contains Docetaxel 108
Contains Gemcitabine 135
Contains Paclitaxel 248
Contains Topotecan 119

Entire Ovarian Database: 1816 Patients

Table 6: Collected Patient Characteristics of the datasets included in the analysis for the ovarian
cancer (Gyorffy et al., 2012)

Breast cancer KM-Plotter

For the development of Kaplan-Meier Plotter in breast cancer (Gyorffy et al., 2010), are
used in total data from 5143 breast cancer patients. Survival information and gene
expression microarray data were downloaded from GEO (Gene Expression Omnibus)
(Clough et al., 2016).

Specifically for the example-gene FXR1, the analysis runs on 1764 patients (Figure 21).
A bigger number of the used breast cancer data, indicates a higher reliability in the
analysis compared to the previous 3 cancer types.

Our analysis uses the earliest version of the database (2017 version) with data from
5143 breast cancer patients.
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all v (@

Use earlier release of the database:
v

Use following dataset for the analysis: |all
Please note: the generated p value does not include correction for multiple hypothesis testing by default. =

| Draw Kaplan-Meier plot |

Figure 21: The Breast KM-plotter environment with all chosen settings. A random gene called FXR1 is

used as an example. The Affy id symbol represented in KM-Plotter for this gene is 230201 _at.
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Collected Characteristics Different Values Number of Patients
ER status ER positive 2565
ER negative 1214
PR status PR positive 954
PR negative 1028
HER?2 status HER?2 positive 416
HER2 negative 1456
Lymph node status Lymph node positive 1459
Lymph node negative 2259
1 378
Grade 2 1077
3 1090
Basal 879
Intrinsic subtype Luminal a 2504
Luminal b 1425
HER2+ 335
TP53 status Mutated 232
Wild type 363
Basal-like 1 239
Basal-like 2 97
Pietenpol subtype Immunomodulatory 290
Mesenchymal 229
Mesenchymal stem-like 115
Luminal androgen receptor 276
Include 1381
Endocrine Therapy Exclude 1718
Tamoxifen only 1043
Chemotherapy Adjuvant 678
Neoadjuvant 884
Entire Breast Database: 5143 Patients

Table 7: Collected Patient Characteristics of the datasets included in the analysis for the breast cancer

(Gyorffy et al., 2010)

The collected characteristics for the breast cancer patients are:

e ER status (Cancer development is fueled when the hormone estrogen is present.
Based on whether cancers have this hormone or not, are characterized
respectively as positive or negative)

e PR status (Cancer development is fueled when the hormone progesterone is
present. Based on whether cancers have this hormone or not, are characterized
as positive or negative)

e HER2 status (HER2 is a gene that is often overexpressed in breast cancer)
(Kroese et al., 2007)
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Lymph node status (Breast cancer is possible to metastasize to different parts of
the body through the lymph systems. If the lymph nodes are clear of cancer, they
are characterized as negative, otherwise as positive)

Grade (In this case, cancer is categorized as grade 1, 2, 3. In grade 3 metastasis
is @ more common phenomenon than in grade 1 in which cells are less likely to
Spread)

Intrinsic subtype (Is referred to several distinct breast cancer subtypes. Luminal
A and B are the most common. Other types are the HER2+ and the Basal-like
tumors) (Dai et al., 2015)

TP53 status (Mutations in TP53 are associated with a variety of cancers. The
status of the gene can be “mutated” or “wild type”. By “wild type” is meant the
typical form of the gene, without being mutated) (Olivier et al., 2015)

Endocrin therapy (Some breast cancer patients underwent endocrine therapy.
Information is also collected about the number of them who have used only
tamoxifen, a medication to prevent breast cancer)

Chemotherapy (Adjuvant therapy is an administration given after the initial
therapy for better results while Neoadjuvant therapy is administrated before the
main therapy to reduce the size of the tumor)

The collected patient’s characteristics are summarized in table 7.

Data Collection

In the previous sections, the settings used in KM-Plotter were described in detail. In
Figure 22 are presented the KM-Plotter's results for three different genes (LUCTL,
LARP4 and CPEB2, respectively). A gene in KM-Plotter has multiple available probes,
with each probe corresponding to a different plot.

The following three cases are possible:

1. High gene expression has a negative effect on cancer patient outcome

(Figure 22a)

2. High gene expression has a zero effect on cancer patient outcome

(Figure 22b)

3. High gene expression has a positive effect on cancer patient outcome

(Figure 22c)
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a) LUC7L

c) CPEB2

b) LARP4

Figure 22: The results of KM-Plotter for three different genes. a. High expression of LUC7L gene has a
negative effect on cancer patients’ outcome. b. High expression of LARP4 gene has a zero effect on
cancer patients’ outcome. c. High expression of CPEB2 has a positive effect on cancer patients’ outcome.
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For each probe of the genes in the compiled list, data are collected in a different row of
an excel file. Each row of the excel file contains the following data:

Tissue
The KM-Plotter results derive from microarray data of four different types of
cancer (lung, gastric, ovarian or breast)

Number of probes

The selected gene is represented by one or more probes. Thus, there could be
more than one plots (and more than one lines in the excel file) for a gene.
Although they correspond to the same gene the collected data of different probes
have different values.

Effect on cancer patients outcome

A highly expressed gene in cancer could have a negative (Figure 22a), a zero
(Figure 22b) or a positive effect (Figure 22c) on cancer patients’ survival. This
effect is explained by the red and black lines in each plot. The black line depicts
the survival rates for patients with low expression of the specific gene
(respectively, the red one for patients with high gene expression). The effect type
was assigned arbitrarily by eye, observing the results of KM-Plotter. In case there
are intersections between the red and black line after five months from the
beginning of the study, the effect is characterized as zero (Figure 22b). In case
the red line is above the black one (after the five month’s period) patients with
high gene expression in this cancer type have better survival rates and the effect
is positive (Figure 22c). Otherwise, if the red line is below (Figure 22a) the effect
iS negative, meaning worse survival rates for cancer patients with a high
expression of this specific gene.

Logrank P-value

In Figures 22a, 22b and 22c, inside the box of the plots there is a “logrank P-
value”. The KM-Plotter developers used the “survival” package and the “survplot”
function in R (statistical language) to plot the Kaplan-Meier curve and calculate
the logrank P-value. This value assesses if red and black curves differ
significantly. A low P-value means rejection of the null hypothesis that there is no
survival difference amongst these two groups of cancer patients with high or low
gene expression.

Expression in normal tissue
In Figure 22, beyond the survival plots, there is information about the expression
in normal and cancerous tissues (for this specific probe set). In the column
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“‘Ex.Norm” of the excel file is collected the median number of transcripts derived
from the microarray data (in normal tissues).

Expression in cancerous tissue
Similarly with expression in normal tissue, the median expression (median
number of transcripts) for all patients with tumourous tissues is collected in the
column “Ex. Tum” of the excel file.

Expression P-value

In the column “Ex. P-value” (Figure 23) is collected a value which assesses if the
expressions in normal and the expression in cancerous tissues differ
significantly. A low P-value means rejection of the null hypothesis that there is no
difference between them.

A B C D E F G H

1 RBP Tissue  #probes Risk KM p-value Ex. Norm Ex. Tum Ex. P-value

2 |AICF gastric 2 neg 6.30E-04 333 451 4.77E-02
3 |AILCF gastric 2 neg 5.40E-02 81 83 8.86E-01
4 |AICF lung 2 neg 1.00E-04 109 73 6.86E-01
5 |AILCF lung 2 neg 6.05E-02 16 13 3.63E-01
6 |ALCF ovarian 1 pos 1.40E-03 87 89 5.51E-01
7 |ALCF breast 1 zero 1.10E-01 14 16 2.12E-01
8 AATF gastric 1 neg 1.47E-02 673 1199 7.50E-08
9 AATF lung 1 neg 1.00E-03 729 905 1.68E-11
10 | AATF ovarian 1 zero 6.86E-01 701 777 4.44E-01
11 | ABCF1 lung 1 neg 4.10E-03 1417 1388 3.85E-01
12 | ABCF1 ovarian 1 zero 1.54E-01 798 1418 8.89E-03
13 |ABT1 lung 1 neg 1.00E-04 231 482 1.88E-31
14 | ABT1 gastric 1 pos 1.00E-03 257 401 9.72E-11
15 |ABT1 ovarian 1 pos 1.80E-03 517 417 3.67E-01
16 |ABT1 breast 1 zero 7.50E-02 280 412 2.06E-11
17 | ACAA2 gastric 2 neg 6.60E-04 113 75 1.19E-04
18 ACAA2 lung 2 neg 5.10E-06 40 58 6.82E-04
19 ACAA2 ovarian 2 neg 4.30E-04 517 714 1.13E-01
20 |ACAA2 gastric 2 pos 8.00E-10 892 1204 2.23E-06
21 |ACAA2 lung 2 pos 1.10E-07 961 675 8.69E-11
22 ACAAZ ovarian 2 zero 2.74E-02 100 44 3.44E-02

Figure 23: The format of the excel file with all collected data.
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Data are collected in an excel file that has the format of Figure 23. In total there are the
following eight columns:

A. The name of the “gene-RNA binding protein”

B. The name of the specific KM-Plotter used to collect the data of this line. The
different KM-Plotters are for lung, gastric, ovarian and breast cancer patients

The number of probes (there are genes with multiple probes available)

The risk (high gene expression could have a negative, a positive or a zero effect
on cancer patients outcome)

The corresponding (risk) p-value.

The medium expression level in normal tissue

. The medium expression level in cancerous tissue

The corresponding (expression) p-value

)

I Omm

Python Scripts

In this thesis the terms “gene” and “RNA-Binding Proteins” (or “RBPs”) are used
equivalently, to describe an RBP from the compiled list. In the following paragraphs, are
presented some basic scripts written in Python (programming language) which are vital
for the analysis and retrieving of basic information about the collected data.

Unique genes in a list of genes

In many parts of the analysis is required to detect from a list of genes how many of
those are unique. In KM-Plotter online tool, there are genes corresponding to multiple
probes. Each probe is represented by a Kaplan-Meier plot, with the available data
collected in a different line of an excel file. Script 1, detects the genes in a given list and
returns a set in which each gene exists just one time.
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Script 1: Detection of the unique genes in a list of genes. The script reads one by one the lines of a txt
file which contains a set of genes. When a gene is detected for the first time, this gene name will be
added to a new list. At the end of the program, this list is written in a new txt file (with the name:
Different RBPs.txt).

| All Instances - Notepad

File Edit Format View Help
MKI&Y
BYSL
MKI&Y
RPL27A
RPL27A
RPL27A
PUS1
TPI1
RPL27A
ANKRD17
MDH2
MDH2
MKI&Y
MKI&Y

Figure 24: The txt file with the genes which is given as an input to Script 1. In total there are 14 genes
in this list. The output of the script for this gene list is depicted in Figure 25.

61



;I Different RBPs - Notepad

File Edit Format View Help
MKI&T

BYSL

RPL27A

PUS1

TPI1

AMNKRD17

MDH2

MKI&T

Figure 25: The txt file with the unique genes derived from a set of genes. There are 8 unique genes in
total derived from the list of genes in Figure 21. These genes are the output of Script 1.

Script 1 takes as an input a txt file with the name “All Instances.txt” (Figure 24). The
file consists of a list with genes and is saved in the following computer’s path:
“C:/Users/~/". In fact, this path is extended but for sake of brevity is used the symbol
“~” to shorten the path’s length. The outcome of the program is a restricted list in which
each gene exists only once. The list is saved under the name “Different RBPs.txt”, in
the same path with the input file (Figure 25). The input list of genes contains in total 14
genes, but as the output list indicates, the different (unique) genes are only 8.

Mutual genes in two lists

The Python Script of this paragraph detects for 2 lists of genes, the gene names that
exist in both lists. For instance, given that two lists of genes have a special role in lung
and gastric cancer respectively, an obvious question is to detect the mutual genes in
both cancer types.
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Script 2: Detection of common genes between two gene lists. The script reads one by one the lines of
two txt files and when it finds a gene that exists in both files, it writes it in a new list (if it is not already
written to that list). The genes of the new list are written in a txt file (“common_genes.txt”).

Script 2 takes as an input two lists of genes, saved in the files “listl.txt” and “list2.txt”.
In the example files in Figure 26, the two input lists consist of 26 and 14 genes
respectively. The output of Script 2 is the list of four mutual genes shown in Figure 27,
with the file name “common_genes.txt”, saved in the same path with the input files.
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FUs
NUSAP1
MRPS12
ANP32A
MSI2
RPS7
MKI67
HSPD1
MAZ
PAHB
PDAP1
MRPL4
PTBP1
NONO
ALYREF
HNRNPC
RPS26
LSM5
MRPL37
ALDOA
DDX18
GAPDH
KPNA2
ZNF287
PRKDC
EIFAG1

J list1 - Notepad

File Edit Format View Help

J list2 - Notepad

File Edit Format View Help
ACTNA
CMss1
DAZAP1
DDX55
FUs
HNRNPC
HNRNPUL2
MSI2
PSPC1
PTBP1
RAN
RBM17
RBMBA
ZCRB1

Figure 26: Two txt files with the compared lists. The first txt file is called “listl.txt” and contains 26
genes in total. The second one is the file “list2.txt” and contains 14 genes in total. The mutual genes are

given in the file “common_genes.txt” in Figure 27.

J common_genes - Notepad

File Edit Format View Help

There are 26 genes in the List 1
There are 14 genes in the List 2

The common genes are:
FUSs

MSI2

PTBP1

HNRNPC

Figure 27: Information about the mutual genes between two gene lists. Information is about the total

number of genes in each list, as well as the names of the mutual (common) genes among the two lists.
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Compare genes between 2 lists according to their effect in each cancer type

This script is similar to the previous one. However, apart from the detection of mutual
genes between two cancer types this script is based on the comparison among their
role in both cancer types.

In Figure 28 is shown part of a list with genes having a special role in lung cancer (the
file is called “lung.txt”). This role is indicated in the second column and refers to the
positive (pos) or negative (neg) cancer patients’ outcome when the gene is
overexpressed. Similarly, the file “gastric.txt” contains another list for the respective
genes in gastric cancer.

Script’s 3 inputs are the lung and gastric lists and the outcome are the calculations in
Figure 29. The possible outcomes for the effect on lung and gastric cancer patients are
the following:

Negative effect in lung — Negative effect in gastric
Negative effect in lung — Positive effect in gastric
Positive effect in lung — Negative effect in gastric
Positive effectin lung — Positive effect in gastric

pwnhE

ACTN4, MAZ, PPIA, PTBP1 and RPL35A have a negative effect on cancer patients’
outcome in both cancer types, while BCLAF1, G3BP2, MATR3 and PPIG have a
positive effect. HNRNPC has a negative effect on lung cancer patients and a positive
effect on gastric cancer patients. ADD1, CSRP1, CTNNA1, DDX17, MAP4 and RBMS3
have a positive effect on lung and a negative on gastric cancer patients’ outcome
(Figure 29).
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Script 3: Comparison of two gene lists according to the effect on lung and gastric cancer patients’
outcome. The high gene expression could have a positive or negative effect. The script takes as an input
two txt files which contain the gene names and the effect type. The results are depicted in Figure 29.
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| lung - Notepad

File Edit Format View Help

ACTNA
ADARB1
ADD1
AGO1
ALDHBAL
ALDOA
ALKBHS
ANKRD17
ANXA2
ANXAT
APIS
BCLAF1
C150rf52
C17orf85
CABPA
CARHSP1
CAST
CCDC124
CcCDC137
CCDC59
CDK13
CDKN2A
CGGBP1

neg
pos
pos
pos
pos
neg
neg
pos
neg
pos
pos
pos
pos
pos
pos
neg
pos
neg
neg
neg
pos
neg
pos

Figure 28: Part of the list with the lung genes. The file is composed of 2 columns. In the first column are
the names of the genes and in the second one, the effect of high gene’s expression on cancer patients’

outcome (negative or positive). Similar is the list with the gastric genes.

Figure 29: The mutual genes between lung and gastric lists. The results are in accordance to the effect
on cancer patients’ outcome (for each cancer type). There are genes with a negative or a positive effect

when overexpressed.
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Different trends of the same gene

According to the results of KM-Plotter online tool, there is a concordance of multiple
available probes for most genes. Thus, many genes in the collected data correspond to
more than one instance. The high or low gene expression is connected with a positive,
a negative or a zero effect in cancer patients’ survival. This effect is indicated by each
instance separately. While some genes present the same trend for all their instances,
others present extremely different trends. Script 4 detects the gene instances which
show similar or different trends.
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Script 4: Characterization of the different trends for multiple instances of the same gene. There are
gene instances showing the same trends and others with extremely different trends.

B C D E E G H

1 RBP Tissue # probes Risk KM p-value Ex. Norm Ex. Tum Ex. P-value

2 NUSAP1 lung 2 neg 1.00E-16 57 350 2.66E-21
3 NUSAP1 lung 2 neg 1.00E-16 405 1058 1.58E-09
4 FUS lung 3 neg 1.10E-16 45 460 4 15F-13
5 FUS lung 3 neg 6.40E-03 158 88 3.88E-13
6 FUS lung 3 pos 1.60E-07 2401 1898 1.76E-05
7 MRPS12 lung 4 neg 4,00E-15 38 108 2.27E-16
8 MRP512 lung 4 neg 7.20E-14 209 1201 2.49E-24
9 MRP512 lung 4 neg 5.90E-13 437 81 1.48E-14
10 MRPS12 lung 4 neg 5.20E-06 79 61 1.50E-01
11 ANP32A lung 2 neg 8.40F-13 76 391 490F-13
12 ANP32A lung 2 zero 9.60E-02 17 12 1.04E-02
13 MSI2 lung 8 neg 8.70E-15 101 377 7.26E-25
14 MSI2 lung 8 neg 7.50E-09 121 210 1.51E-15
15 MSI2 lung 8 neg 8.70E-09 40 88 1.35E-15
16 MSI2 lung 8 neg 3.50E-06 66 130 5.83E-26
17 MSI2 lung 8 neg 8.20E-06 29 36 4 81E-02
18 MSI2 lung 8 neg 1.30E-03 115 121 2.14F-01
19 MSI2 lung 8 neg 4.30E-03 576 1034 1.53E-14
20 MsI2 lung 8 pos 9.50E-04 477 862 5.26E-16

69



Figure 30: Part of the excel file with the collected data. This file contains 26 different genes and 71
instances in total and is given as an input to Script 4.

Figure 30 shows part of the excel file with the collected data. The file contains 71 gene
instances from 26 different genes (only 19 instances are shown in the figure), which are
given as an input to Script 4. The output is a file with the genes separated into the
following three categories:

1. Negative Genes: all the gene instances have a negative effect

2. Positive Genes: all the gene instances have a positive effect

3. ‘Bad Genes”: some of the gene instances have a negative effect, while others
have a positive effect on cancer patients’ outcome.

Instances with a zero effect are ignored. The results after the execution of Script 4 for
the input data (shown in Figure 30) are given in Figure 31.:

Negative Genes Neg PoOS Total Positive Genes Neg Pos Total
NUSAP1 2 2} 2

MRPS12 4 2} 4

ANP32A 1 2} 1

RPS7 2 2} 2

MKI67 4 5} 1

HSPD1 1 2} 1

MAZ 2 2} 2

P4HB 1 %) 1 "Bad Genes™ Neg Pos Total
PDAP1 2 2} 2
MRPLA 3 2} 3 FUS 2 1 3
PTEBP1 4 %] 4 MSI2 7 1 8
ALYREF 2 2} 2 NONO 2 1 3
e A S awec 42
ALDOA 2 2} 2 LSM5 1 2 3
GAPDH 3 e 3 DDX18 2 2 a4
KPNA2 2 ) 2 PRKDC 1 1 2
ZNF207 1 2} 1 EIF4G1 1 1 2

Figure 31: Classification of the genes according to the trends followed by their gene instances. Genes
are classified into 3 different categories, depending on the effect of their instances on cancer patients’
outcome.

There are 18 genes in total that fall into the first category (all instances express the
same trend). The number of negative instances for the same gene range between 1 and
4 (shown at the left part of Figure 31). The right part of the figure shows that there are
no “Positive Genes”, while there are 8 genes that have both positive and negative

70



instances. Even though only one instance is different and all the others follow the same
trend, the gene will be classified into the last category. For example, gene MSI2 has 7
negative instances and only 1 positive, therefore is characterized as “bad gene”.

One aspect for the development of this script that could be important is the statistical
significance (indicated in column E of the excel file in Figure 30) with a higher p-value
for an instance meaning a lower statistical significance. Independently of a high or low
p-value for an instance, in the current script the contribution to the final result is the
same.

Collected data statistics

Calculation of statistics about the data is vital in many parts of the analysis. A Python
Script takes as an input a txt file (similar to the file depicted in Figure 30) and generates
information about the data. The output is printed on the screen as well as in a different
txt file which contains all important information.

For an input file with all the collected data, the results after the script execution are
given in Figure 32. For sake of brevity, information about the breast cancer data are not
displayed in the figure, but their form is similar to the other cancer types. In the left part,
is displayed the number of collected data (all instances) in total and separately for each
cancer type and the number of positive, negative and zero instances. The total number
of instances is 7036, with 1996 lung instances, 1963 gastric instances and 1998 ovarian
instances. There are 2510, 2633 and 1893 gene instances respectively, expressing a
negative, positive and zero effect on cancer patients’ outcome.

The 7036 gene instances correspond to 993 different genes, due to the multiple probes
for many genes in KM-plotter online tool. The Python script detects the number of
different genes in each cancer type as well as the number of common (mutual) genes
between different cancer types. For sake of brevity only part of the list with the different
genes in lung and gastric is displayed. In the right part of Figure 32 is shown the list of
genes in ovarian cancer and the lists with the common genes between different cancer
types (lung-gastric, lung-ovarian and gastric-ovarian). Information about breast cancer
is not displayed and common genes between lung-breast, gastric-breast and ovarian-
breast are not given in Figure 32. The Python script is given by the code in the
Appendix.
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| Information - Notepad
File Edit Format View Help

All instances:7@36
Lung:1996
Gastric:1963
Ovarian:1998

Neg:2510
Pos:2633
Zero:1893

Ovarian genes:
RNPC3

EIF3CL

DDX49

CHCHD1
PHF5A
AATF

Different genes:993
Lung:977
Gastric:974
Ovarian:987

There are 969 common genes between lung and gastric
There are 974 common genes between lung and ovarian

There are 968 common genes between gastric and ovarian

Lung genes:
MRPL11
NUSAP1
DDX55

DUSP11
MRPL32
c7orfse

Gastric genes:
HNRNPH1

CNOT1

PCBP2

GPX4
FBLL1
MKRN1

Common genes between lung and gastric:
MRPL11

HUSAP1

DDX55

DUSP11
MRPL32
C7orfse

Common genes between lung and ovarian:
MRPL11

NUSAP1

DDX55

DUSP11
MRPL32
Cc7orfse

common genes between gastric and ovarian:
HNRNPH1

CNOT1

PCBP2

GPX4
FBLL1
MKRN1

Figure 32: Collected data statistics. The Python Script takes as an input a txt file with the collected data
and generates information and statistics about them.
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Chapter 4: Results

A list of human RNA Binding Proteins (RBPs) was compiled by the Lewis laboratory
based on available datasets of RNA binding proteins encoded by the human genome
and contains 1334 different candidates in total. The purpose of this thesis is to reduce
the total number of candidates that will be taken forward to drug screening for novel
anti-tumour compounds. The reduction will be based on the results of a computational
analysis.

KM-Plotter for data collection

KM-Plotter is an online tool which assesses the effect of high gene expression on
cancer patients’ survival (Gyorffy et al., 2013). Using KM-Plotter all available information
about the RBPs was collected from patients suffering from lung, gastric, ovarian or
breast cancer. Four KM-Plotter environments correspond to each cancer type
respectively. The datasets which constitute KM-Plotter derive from caBIG (Cancer
Biomedical Informatics; Cimino et al., 2007), TCGA (The Cancer Genome Atlas;
Tomczak et al., 2015) and GEO (Gene Expression Omnibus; Clough et al., 2016). A
gene name from the compiled list, is given as an input in KM-Plotter's environment of
each cancer type, with the same procedure repeated for all genes of the compiled list
(gene names and RBP names from the compiled list are used equivalently). The output
is different Kaplan-Meier plots with available data on the expression levels of the
corresponding genes and cancer survival data.

Datasets retrieved by GEO include only Affymetrix microarray datasets (Gyorffy et al.,
2010, 2012, 2013; Szasz et al., 2016). In Affymetrix microarrays, multiple probes are
available for a gene, leading to multiple plots for each gene in KM-Plotter results. For
each probe of the genes in the compiled list, a plethora of data are collected in a
different row of an excel file. The collected data are the tissue name, the number of
probes available for each gene, the effect of high gene expression on cancer patients’
survival and the expression levels of each RBP in normal and cancerous tissues (with
the corresponding statistical significances).
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Figure 33: KM-Plotter results for LIN28B gene in lung cancer environment. Among LIN28B results was
only one plot because there is only one probe for this gene in KM-Plotter. The red and black lines depict
patient’s survival when the gene is over and under-expressed respectively. The red line is below the
black one, showing a negative effect on lung cancer patients’ survival when LIN28B is over-expressed.

The tissue name could be lung, gastric, ovarian or breast, as the same procedure is
repeated for each one of the four KM-Plotter environments. A specific probe’s data
(saved in a line of the excel file) may derive from one of the four cancer types. The
number of probes describes the number of different plots for a specific gene in KM-
Plotter, as a gene could be represented by multiple probes.

Among the output data are the effect of high gene expression (Risk) and the
statistical significance (KM p-value or Risk p-value) of high versus low-level
expression of each RBP in cancer patients’ overall survival. A High gene expression
could have a negative, a positive or a zero effect on cancer patients’ survival. During the
collection of the data, the effect type was assigned arbitrarily by eye, observing the
results of KM-Plotter. In case there are intersections between high and low gene
expression curves in Kaplan-Meier plots after five months from the beginning of the
study, the effect is characterized as zero. Intersections after 50 months are ignored,
with a possible positive or negative effect despite the intersections. In case high gene
expression’s plot is above low gene expression’s plot (after the five month’s period) the
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effect is characterized as positive while in the last case of being below, there is a
negative effect on cancer patients’ outcome. A low P-value means rejection of the null
hypothesis that there is no survival difference amongst these two groups of cancer
patients with high or low gene expression.

Collected information on the expression levels of each RBP in normal (Ex. Norm)
and cancerous (Ex. Tum) tissues contain the median number of transcripts derived
from the microarray data in normal and cancerous tissues respectively. A p-value (Ex.
p-value) on this difference in the same four cancer datasets assesses if the expression
in normal and the expression in cancerous tissues differ significantly. A low P-value
means rejection of the null hypothesis that there is no difference among them.

A B C D E F G H

1 |RBP Tissue  #probes Risk KM p-value Ex. Norm Ex. Tum Ex. P-value

2 LARP1B breast 5 neg 1.60E-01 74 104 1.74E-04
3 |LARP1B breast 5 pos 5.70E-04 103 169 1.16E-12
4 LARP1B breast 5 pos 2.40E-03 112 169 2.23E-05
5 LARP1B breast 5 zero 1.30E-02 61 86 2.13E-03
6 LARP1B breast 5 zero 9.90E-02 270 261 2.87E-01
7 LARP1B gastric 5 neg 8.50E-05 140 72 6.11E-07
8 LARP1B gastric 5 pos 5.40E-08 340 436 4.16E-05
9 LARP1B gastric 5 pos 2.40E-05 308 169 2.55E-07
10 |LARP1B gastric 5 pos 9.20E-04 101 87 3.25E-02
11 LARP1B gastric 5 pos 9.50E-04 279 182 3.53E-07
12 |LARP1B lung 5 pos 1.10E-16 269 110 9.18E-08
13 LARP1B lung 5 pos 1.10E-10 163 135 7.07E-03
14 |LARP1B lung 5 pos 8.40E-06 430 307 3.89E-06
15 |LARP1B lung 5 pos 6.80E-03 111 68 2.30E-05
16 |LARP1B lung 5 pos 8.30E-02 178 65 3.96E-12
17 LARP1B ovarian 5 neg 2.00E-02 165 87 7.96E-02
18 |LARP1B ovarian 5 pos 1.10E-03 210 158 1.49E-01
19 |LARP1B ovarian 5 pos 8.10E-02 204 230 5.98E-01
20 LARP1B ovarian 5 zero 3.00E-01 138 160 9.58E-01
21 LARP1B ovarian 5 zero 4.10E-01 77 68 6.50E-01
22 LIN28B breast 1 zero 2.30E-02 12 17 4 55E-02
23 LIN28B gastric 1 neg 2.90E-03 37 20 4.76E-03
24 LIN28B lung 1 neg 1.10E-05 35 20 5.27E-02
25 LIN2EB ovarian 1 neg 2.40E-07 31 27 9.86E-01

Figure 34: Part of the excel file with all collected data. LARP1B had 5 probes in KM-Plotter results for
each one of the four cancer environments (lung, gastric, ovarian, breast). The total number of collected
instances for this gene was 20. For LIN28B, 4 collected instances correspond to one instance for each
cancer environment.
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The distribution of the collected gene instances in each cancer
and effect type

KM-Plotter's data derive from Affymetrix microarrays, with a concordance of multiple
probes available for the same gene or a probe set ID mapping to several genes. From
the total number of 1334 RBPs, 993 were detected in KM-Plotter online tool (with one or
more probes corresponding to each gene), contributing gene expression and survival
information to the collected data. The rest 341 were either undetected by the tool or
corresponded to probe sets which mapped to several genes. Due to the multiple probes
available for each gene, the total number of collected instances was 7036.

Figure 35: The distribution of the collected instances in each cancer type and each effect type. A) In
total there are 7036 collected gene instances distributed among lung, gastric, ovarian and breast cancer.
The lung, gastric and ovarian instances are the majority compared to the number of breast cancer
instances which are less. B) All these gene instances are distributed among negative, positive and zero.
Most of them show a negative or a positive trend, with the number of instances which have a zero effect
being more restricted.
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Figure 36: The distribution of the lung, gastric, ovarian and breast instances, among the three effect
types. In total there are 1996 lung instances, 1963 gastric instances, 1998 ovarian instances and 1079
breast instances which are distributed among the classes of negative, positive and zero.

Figure 35, shows the distribution of the collected gene instances among each cancer
(lung, gastric, ovarian, breast) and effect type (negative, positive, zero). In KM-Plotter
online tool, there were genes that returned a different number of probes for the different
cancer types. This explains the small number of breast instances, compared to the lung,
gastric and ovarian instances which are the majority. Specifically they were collected
1996 lung instances, 1963 gastric instances, 1998 ovarian instances and 1079 breast
instances.

For the lung and gastric cancers, most instances show a positive or negative trend,
while for the ovarian cancer the majority has a zero effect on ovarian cancer patients’
outcome. For breast cancer data, most instances show a positive trend (Figure 36). In
the next paragraphs, are followed the steps of a computational analysis to reduce the
number of data, until only a small number of candidate RBPs remains for drug
screening. The distribution of the data in each effect and cancer type, explains why after
each step of the computational analysis remain these specific data.
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Filtering according to the effect on cancer patients’ outcome

Among the collected data is a p-value (called “Risk p-value”) which assesses in the
Kaplan-Meir plots whether the curves for the two patient groups (with high or low gene
expression) differ significantly. A low P-value means rejection of the null hypothesis that
there is no survival difference amongst these two groups and expresses the statistical
significance of each instance on cancer patients’ outcome effect.

The number of total collected gene instances is 7036. In this step of the computational
analysis, a filtering according to the effect of high gene expression on cancer patients’
outcome (negative, positive or zero effect) reduces the number of instances. Figure 37,
shows the distribution of the exponents of the p-values for the data of each cancer type.
The most statistically significant data are observed for the lung and gastric data. For the
ovarian and breast cancer, the majority of data have p-values greater than 1E-08.

Lung P-values Distribution Gastric P-values Distribution
300 350
250 300
200 250
200
150
150
a0 50
0 IIIIIII 0 l-llIIIII
A7-16-151414312-1109 8 7 6 543210 17-16-15-141431211109 8 7 654321010
Ovarian P-values Distribution Breast P-values Distribution
300 500
800 AR
700 400
600 3?”
. 0o
:Jl:u:l 250
4 I:' I:I 200
3|:||:| I 150 |
200 100
100 &
|:| _— PE———— . I :Ill:-ll _— —_ pE— | . I
17-16-15-1413-12-11-10-9 8 7 € 5 4 3 2 1 0 -17-16-15-14-13-12-11-10-9 -8 -7 6 -5 4 -3 -2 -1 0

Figure 37: The distribution of the exponents of the p-values for each cancer’s type data. The x-axis
shows the exponents and the y-axis shows the absolute number of data.

The data that will be excluded are all of those with p-values greater than 1E-10. This
filtering leaves 591 instances which represent 8% of the total data. Among them, there
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was also a breast instance that (being only one) was unable to contribute information
and was excluded too. The most statistically significant data are for lung and gastric
cancer data and after this step of the analysis all ovarian and breast cancer instances
have been excluded. The total number of remaining instances is 590.

From the 590 instances, 320 (54%) had a negative and 270 (46%) had a positive effect
on cancer patients’ outcome (Figure 38). Zero effect instances have been excluded as a
high statistical significance means that the curves for the two patient groups (high or low
gene expression) in KM-Plots differ significantly.

W Neg mPos mZero

Figure 38: The distribution of the 590 instances between the classes of negative, positive and zero.
There are 320 (54%) negative instances and 270 (46%) positive instances. Positive instances will be
excluded from the next steps of the analysis, as genes with instances showing a negative effect on
cancer patients’ survival, are estimated as more possible drug targets.

Instances which have a negative effect are more possible drug candidates, thus the
positive instances are excluded from the next parts of the analysis. A Python script
described in Chapter 3, calculates the distribution of the remaining instances among the
classes of negative, positive and zero, as well as the different number of genes that
these instances correspond to. From the 320 negative instances, 212 are lung
instances and 108 are gastric instances. The number of different genes is 241, from
which 171 are lung genes and 88 are gastric genes (18 genes are mutual between lung
and gastric) (Figure 39). This is a high number of genes, meaning that more
computational analysis steps should be applied to restrict even more the list of the
corresponding RBPs which will be taken to drug screening.
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Figure 39: The distribution of the genes among lung and gastric. The lung genes are 171 (153+18) and
the gastric genes are 88 (70+18). 18 genes are overlapping between lung and gastric.

Filtering according to the different expression in normal and
cancerous tissues

Additional collected characteristics are the mean gene expression in cancerous and
normal tissues and a respective p-value (called “Ex. P-value”). “Ex. P-value” assesses if
the expressions in normal and cancerous tissues differ significantly. A low “Ex. P-value”
means rejection of the null hypothesis that there is no difference between them.

At the end of the previous step of the analysis, there were 320 remaining gene
instances. The next idea is to reduce even more the number of instances (restricting the
list with the RBPs that will be taken forward into drug screening), based on the
difference in expression between normal and cancerous tissues.

The excel file which contains the collected data is extended by one more column
(Figure 40). Each line of the column has the respective exponent from the “Ex. P-value”
field. However, according to the difference in expression between normal and
cancerous tissues is used a positive or negative sign. In case of overexpression in
cancerous tissues is used the positive sign, while in case of overexpression in normal
tissues is used the negative sign. For example, in the first line of this excel file (Figure
40), the “Ex. P-value” is 4.13E-09. The exponent is 9 and because the expression in
normal tissues is greater than the expression in tumourous tissues (598 > 403) the sign
will be “minus”. Thus, in the last column of the excel file is added the value -9. As
another example, in the second line is added the value 2 (positive value), meaning that
the expression in cancer is greater (1623 > 1019).
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B C D E F €] H |
1 RBP Tissue  #probes Risk KM p-value Ex. Norm Ex. Tum Ex. P-value  Ex. P-value { plus or minus)
2 ACIN1 gastric 1 neg 1.20E-13 598 403 4.13E-09 -9
3 ACTN1 gastric 3 neg 8.80E-12 1019 1623 1.08e-02” 2
4 ACTNG gastric 1 neg 1.00E-16 2881 2349 3.19E-02 -2
5 ACTN4 lung 1 neg 1.40E-13 1843 1923 1.39E-01 1
6 ADARB1 gastric 1 neg 1.20E-12 223 224 1.75E+00 1
7 ADD1 gastric 3 neg 1.10E-16 717 425 2.23E-05 -5
8 ADD1 gastric 3 neg 3.40E-13 1180 1108 4.01E-02 -2
9 AKAPBL gastric 3 neg 1.40E-12 293 307 2.87E-01 1
10 ALDOA lung 2 neg 6.70E-16 6167 12076 3.71E-12 12
11 |/ALDOA lung 2 neg 7.80E-16 5905 12721 1.27E-13 13
12 | ALKBHS lung 3 neg 5.60E-16 443 542 4.59E-01 1
13 ALYREF lung 2 neg 2.80E-13 408 1009 2.17E-14 14
14 ANP32A lung 2 neg 8.40E-13 76 391 4.90E-13 13
15 ANXAZ lung 2 neg 1.60E-15 16693 15402 1.40E-04 -4
16 ANXAZ lung 2 neg 1.90E-15 16432 15910 4.10E-03 -3
17 ARF1 lung 3 neg 5.00E-11 44 52 5.01E-01 1
18 ATP5C1 gastric 2 neg 2.70E-14 303 341 6.16E-01 1
19 ATXN2 gastric 1 neg 3.00E-15 629 434 1.41E-11 -11
20 |ATXNZL gastric 2 neg 1.90E-13 136 97 1.26E-03 -3

Figure 40: The excel file with the collected data is extended by one more column. This column contains
the respective exponent from the “Ex. P-value” field, using a “plus” sign in case of overexpression in
cancerous tissues or a “minus” sign in case of overexpression in normal tissues.
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Figure 41: The distribution for the exponents of the “expression p-values”. There are 218 gene
instances for which the expression p-value exponents are marked with the “plus” sign, meaning that for
these instances the expression in tumourous tissues is higher than the expression in normal tissues.
Respectively, the 102 exponents marked with the “minus” sign, mean that these gene instances are
overexpressed in normal tissues.
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The distribution for the values of the last column is shown in Figure 41. One reason that
was used the strategy with the “plus-minus trick” is that the graph gives information
about the total number of instances that have a higher expression in normal or
cancerous tissues respectively. The majority of instances have been distributed to
exponents greater than zero, meaning that there are more instances which are
overexpressed in cancerous tissues.

The aim of this chapter is to reduce the number of the RBPs and keep only a small
number of them which will be taken forward into drug screening. At this step of the
analysis, the least statistically significant data (according to the expression p-value) will
be excluded. Trying many different thresholds, it was decided that only data with p-
value exponents greater than 5 or less than -4 will continue. The data that will be
excluded are the following:

e Data with higher expression in tumourous tissues and p-values greater than 1E-
05

e Data with higher expression in normal tissues and p-values greater than 1E-04

The number of the remaining instances is 146 (about 2% of the 7036 instances that
were available at the beginning). Even this small number of instances (compared to the
7036 initial instances) will be huge for the corresponding RBPs that continue for drug
screening. Therefore, even more gene instances have to be excluded.

The next filtering step is to keep only instances which are overexpressed in tumourous
tissues. After checking different thresholds, it was decided that a good ratio would be to
continue only with instances which have at least double expression in tumourous
compared to normal tissues. The decision about thresholds comes after observing the
figures. Although the point is to reduce the number of instances, an adequate number of
data has to be available for the next steps. The number of the remaining instances at
the end of this step is 30.

The final goal is a list of RBPs that could be potential drug targets in cancer. At this
point, the 30 remaining instances which show an over-expression in tumourous tissues
correspond to less than 30 different genes. Specifically, they correspond to 27 different
genes (2% of the total number of the original genes) from which 26 are lung genes and
1 is gastric gene. The 26 lung genes, that when over-expressed have a negative effect
on cancer patients’ outcome and are over-expressed in cancerous tissues (compared to
normal ones) are the following:
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1. FUS 14. NONO
2. NUSAP1 15. ALYREF
3. MRPS12 16. HNRNPC
4. ANP32A 17. RPS26
5. MsI2 18. LSM5

6. RPS7 18. MRPL37
7. MKIeT 20. ALDOA
8. HSPD1 21. DDX18
9. MAZ 22. GAPDH
10. P4HB 23. KPNA2
11. PDAP1 24. ZNF207
12. MRPL4 25. PRKDC
13. PTBP1 26. EIF4G

Exclusion of genes with instances that follow extremely
different trends

At the beginning of the current chapter, there were 1334 RBPs-genes. The point is to
restrict the final list with candidate RBPs that will proceed to drug screening. After the
previous steps of the analysis, the list has been restricted and contains 26 genes. At
this point the multiple instances of the same genes will be checked whether they follow
similar trends. The trends that will be checked are the following:

1. The effect of high gene expression on cancer patients’ outcome (a high gene
expression could have a negative, a positive or a zero effect)

2. The comparison between the expression in normal and cancerous tissues (some
gene instances have the same expression in normal and cancerous tissues while
others are over-expressed in normal or tumourous tissues respectively)

In the final list, most of the 26 genes show the same trend for all instances. However,
genes for which their multiple instances follow an extremely different trend are
unreliable and will be excluded, restricting even more the final list.

For 18 genes, all instances show a negative effect on patient’s outcome and are over-
expressed in lung cancer. However, there are 8 genes with at least one instance
showing a positive effect or not being over-expressed in lung cancer. In Figures 42-49
the trends of these 8 genes are explained in detail. In each couple of figures, the first
figure describes all the instances for a specific gene that present a positive or negative
effect on patient’s outcome. The vertical axis gives information about the p-values of
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each instance. For example, the first gene (Figure 42a) has 3 instances. Two negatives
with p-values 1.1E-16 and 6.4E-03, and one positive with p-value 1.6E-07. On the
vertical axis the values 16, 3 and 7, correspond to the (unsigned) exponents of the
respective p-values. The instances with a negative effect on cancer patients’ outcome
are depicted with green color and the instances with a positive effect are depicted with
red color.

The second figure in each couple of figures, describes the difference in expression
between normal and cancerous tissues. The Y-axis has the ratio between expression in
cancerous and normal tissues. A ratio less than one means that cancerous tissues have
a higher gene expression than normal ones and as this value approaches zero the
difference in expression is even higher. For the 3 instances of the FUS gene (Figure
42b), these values are 0.1, 1.8 and 1.2 respectively, meaning that the first instance
shows over-expression in lung cancer (green color), while the other two instances show
under-expression (red color). The X-axis has the expression p-value for each instance.

As explained in Figures 42-49, four more genes will be excluded from the list due to
extreme differences in trends between the multiple instances of the same gene. The
excluded genes are FUS, HNRNPC, DDX18 and EIF4G1. Finally, in the new restricted
list will be 22 genes.

16 2 1.8
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Figure 42: The different trends for FUS gene. This gene has 3 instances. a) Two of them have a negative
effect, while the third one has a positive effect. b) The first instance shows a trend of over-expression in
tumourous tissues. The other two instances show a different trend, with the second one being
expressed almost twice in normal tissues. The corresponding p-values are quit low, meaning that the
difference in trends is significant. FUS will be excluded from the final list.
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Figure 43: The different trends for MSI2 gene. There are 8 instances in total. a) Seven of them have a
negative effect on cancer patients’ outcome, while the last one has a positive effect. However, the p-
value of the positive one is quite high (9.5E-04). That could be a result of inaccuracy and mistakes in
microarray data. b) All instances show the same trend in the difference in expression between
cancerous and normal tissues.
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Figure 44: The different trends for HNRNPC gene. It has 6 instances in total. a) Four of them are
negatives and two are positives. Without the first instance, the positive ones are the most statistically
significant. B) Half instances are over-expressed and half are under-expressed in cancer, with the under-
expressed presenting low p-values. HNRNPC will be excluded from the final list.
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Figure 45: The different trends for LSM5 gene. There are 3 instances for this gene. a) The first instance
is negative with a low p-value (1.5E-11). The other two, even positives, are less statistically significant
with p-values 2.1E-03 and 1.2E-02 respectively. b) The first instance is over-expressed in cancer, while
the second and third have almost the same expression in normal and tumourous tissues. However, with
p-values 2E-01 and 9E-01 respectively, the difference in this trend can be ignored.
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Figure 46: The different trends for DDX18 gene. This gene has 4 instances in total. a) Half instances
present a negative effect and half a positive effect. b) The first two instances are over-expressed in
cancer. The third one is under-expressed (with a relatively low p-value meaning statistical significance),
while the last one presents almost the same expression between normal and cancer. Due to these
differences, DDX18 will be excluded from the list of the RBPs that will be taken forward into drug
screening.
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Figure 47: The different trends for PRKDC gene. There are 2 instances in total. a) The second instance is
positive, but with a p-value equal to 5.8E-03 the difference in this trend can be ignored. b) Both
instances present an over-expression in lung tumors.
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Figure 48: The different trends for EIF4G1 gene. a) EIF4G1 has two instances showing a different trend.
b) The second instance shows under-expression in normal tissues and even though the corresponding p-
value is high, EIF4G1 will be excluded from the final list.
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Figure 49: The different trends for MRPS12 gene. In total there are 4 instances. a) All instances show
the same trend. b) The first three instances are over-expressed in cancer. Although the last one has a
higher expression in cancerous tumors it is clear that its p-value (2E-01) is too high compared to the
other p-values (2E-16, 2E-24 and 1E-14, respectively). This could be a result of pure microarray data
quality. MRPS12 remains in the list with the rest candidates, proceeding to drug screening.

Ranking of the final 22 RBPs

The previous steps of the analysis led to a list of 22 RBPs that will proceed to drug
screening. A ranking of the final list gives priority to candidate RBPs that should be
screened first. The ranking follows the results of STRING database for the 171 genes
which have a negative effect on lung cancer patients’ outcome (Figure 39).

String database (Mering et al., 2003) contains information about interactions between
proteins. By protein-protein interactions (PPIs) are meant the physical contacts between
two or more proteins. Proteins rarely act alone and it is a common phenomenon to be
regulated by other proteins. The rationale behind the ranking is to find the protein-
protein interactions between all the statistically significant RBPs (genes) that have a
negative effect on lung cancer patients’ survival. The hub proteins of the PPI network
could be important for the disease (a hub is a small number of highly connected
proteins in PPIs) (Szklarczyk et al., 2015). Thus, priority is given to these highly
connected proteins and the ranking for the proteins that will be taken forward into drug
screening will be done according to their number of interactions in the protein
interactions network.

In Figure 51 is depicted the protein-protein interactions network according to the String
database, for the 171 genes which when overexpressed have a negative effect on lung
cancer patients’ outcome. The network statistics indicate that this network has
significantly more interactions than expected. This means that a random set of proteins
of similar size is expected to have fewer interactions than the proteins of our network
(the proteins are at least partially biologically connected).
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In the database settings, it is possible to include or exclude specific types of interactions
(Szklarczyk et al., 2017). The different sources of interactions are the following:

Experiments
They include only experimentally verified interactions, as imported from primary

sources. Examples of this type of interactions are co-purification, co-
crystallization, Yeast2Hybrid and Genetic interactions.

Databases
They include interactions from curated databases. Examples are signal
transduction pathways, protein complexes and known metabolic pathways.

Text-mining
It includes proteins that are frequently mentioned together in scientific
publications.

Neighborhood
This type of interactions includes groups of genes that are frequently detected in
each other’s genomic neighborhoods.

Gene Fusion
It is referred to interactions between genes that are sometimes fused into single
open reading frames.

Co-occurrence
It includes gene families which show similarities in their occurrence patterns
across genomes.

Co-expression
In this type of interactions are contained proteins whose genes seem to be
correlated in expression, across a large number of experiments.

The selected sources of interactions are only the experimental interactions and the
interactions derived from curated databases (Figure 50). The rest of the interaction
sources are excluded, because they depend only on hypotheses, without clear evidence
that there are physical contacts between the proteins.
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Figure 50: String database interaction sources. Only the experimental and database interactions are
selected. For the other interaction types there is no clear evidence for physical contacts between the

proteins (image from https://string-db.org/).

Figure 51: Protein-protein interactions according to the String database. In this protein network, there
are proteins which have no connections (or have only a small number of connections) and proteins
which are highly connected (hub proteins). Hub proteins could be important for the disease of interest
(lung cancer) (image from https://string-db.org/).
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In the results given by String Database, is included a csv file (Figure 52) with the
interactions between the proteins of the network ranked by a combined score. The
combined score is in the last column of the file. The first two columns show the names
of the interacting proteins. The rest columns provide information about the individual
scores, derived from the other sources of interactions. In Figure 52 only two columns
have non-zero values, representing the scores from experimental and curated
databases (8" and 9™ column) respectively. When the individual score is zero, there are
no interactions for the couple of proteins according to this source. For sake of brevity,
Figure 52 shows only part of the interactions.

Having collected the data about the combined scores, the next step is to detect the
highly connected proteins and give a score to each protein separately. In the csv file,
each protein exists more than once. The idea is to create a new file with the ranked list
of proteins (every protein existing only once). The ranking will be based on a total score.

Figure 52: Part of the csv file returned by the String Database with the interactions and scores
between all couples of proteins. In the first two columns are the names of the proteins and in the last
one a combined score for their interaction. The other columns have the individual scores derived from
the different sources of interactions (Experiments, Databases, Text-mining, Neighborhood, Gene Fusion,
Co-occurrence and Co-expression). Especially the two non-zero columns contain the individual scores
from the experimental and database interactions. A zero value means that there are no interactions
according to this specific source.

The ranking is explained in a simple example in which the interactions between proteins
A, B, C and D (according to STRING Database) are the following:
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#nodel node?2 combined score

A B 0.8
A D 0.7
A C 0.5
C D 0.2

Protein A, participates in 3 interactions, protein B in 1 interaction, and proteins C and D
in 2 interactions. The score will be the summary of the “combined score” for each
protein interaction.

A Python script (given in the Appendix) returns a txt file with the ranking. The ranking
follows the descending order of the Score and not the number of interactions for each
protein. For instance, even though protein B has fewer interactions than protein C,
protein B is given a better score and is ranked before C.

Genes Interactions Score
A 3 2.0
D 2 0.9
B 1 0.8
C 2 0.7

After this simple example, the same is applied to the list of 171 genes which have a
negative effect on lung cancer patients’ outcome. The script returns 171 genes (RBPS),
with the number of interactions and the score respectively. Keeping only the results for
the 22 lung genes from the last step of the analysis, the final list with the candidate
RBPs is the following:
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Genes - RBPs Interactions Score

1) RPS7 45 41.08
2) RPS26 39 36.40
3) MRPS12 24 19.87
4) MRPL4 25 19.82
5) PTBP1 22 19.01
6) ALYREF 17 15.13
7) LSM5 16 14.30
8) MRPL37 11 10.55
9) ALDOA 7 4.70
10) GAPDH 5 3.38
11) P4HB 5 3.25
12) HSPD1 5 3.14
13) NONO 4 2.41
14) KPNA2 2 1.92
15) PRKDC 3 1.62
16) MSI2 2 1.47
17) ANP32A 2 1.42
18) NUSAP1 1 0.61
19) PDAP1 1 0.42
20) MKI67 0 0

21) MAZ 0 0

22) ZNF207 0 0

According to the computational analysis results, the higher the interaction’s score, the
most possible for the RBP to be a successful drug candidate. The first RBP to be
screened is RPS7, which participates in 45 interactions and is the highest ranked
amongst the RBP candidates. The rest proteins from the list will be screened in respect
to their given score. For three RBPs in the list (MKI67, MAZ, and ZNF207) there are no
observed interactions. Thus the given score for them is zero and they will be screened
last. After the analysis and the ranking procedure, the final 22 RNA-Binding Proteins are
the most promising candidates to proceed into drug screening.
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Chapter 5: Discussion

General

The identification of new therapeutic targets is a high priority task in cancer research.
RNA binding proteins (RBPs) have poorly exploited so far and could constitute possible
targets, as they are central regulators of gene expression and are highly associated with
increased cancer aggressiveness (Pereira et al., 2016). According to different studies,
RBPs expression is altered in cancer cells compared to normal cells, for several cancer
types (Hopkins et al., 2016; Qian et al, 2015; King et al., 2011; Pereira et al., 2016).

The present thesis, based on a computational analysis, intended on reducing the total
number of RBPs that will be taken forward into drug screening for novel anti-tumour
compounds. Starting with a list of 1334 candidate RBPs (compiled by the Lewis
laboratory) and using available data on the expression levels of the corresponding
genes and cancer survival data, the list was restricted to the most promising candidates
(22 final RBPS).

An online tool called KM-Plotter (Gyorffy et al., 2013) contributed already collected data
from four background databases. The datasets which constitute them, derive from
caBIG (Cancer Biomedical Informatics; Cimino et al.,, 2007), TCGA (The Cancer
Genome Atlas; Tomczak et al., 2015) and GEO (Gene Expression Omnibus; Clough et
al., 2016). All available information derived from lung, gastric, ovarian and breast cancer
patients, with only Affymetrix microarrays data being included (Gyorffy et al., 2010,
2012, 2013; Szasz et al., 2016).

A protein rarely acts alone and it is a common phenomenon to be regulated by other
proteins. In a protein-protein interactions network (PPl network), a small number of
highly connected proteins (called hub proteins) may reveal a major role for the disease
of interest (Szklarczyk et al., 2015). In the present thesis the STRING database results
were used for known and predicted protein-protein interactions. In the STRING network
participated only RBPs which have a negative effect on cancer patients’ outcome when
overexpressed. The RBPs constituting a hub in the network are estimated as more
likely to be successful drug targets.

In summary, 993 RBPs from the compiled list were detected in KM-Plotter and the
collected data corresponded to the effect of each candidate RBP on cancer patients’
survival and their expression levels in normal and cancerous tissues. Applying filters,
the list of candidate RBPs progressively was narrowed down based on negative or
positive effect of expression levels on patient survival, the difference in expression
levels of RBPs in tumourous versus normal tissues, the corresponding p-values (“Risk
p-values” and “Expression p-values” respectively), and the concordance of multiple
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probes available for each gene. Performing network analysis on candidate RBPs, a
concise list of the most promising 22 candidate molecules was ranked to be taken

forward into drug screening.

1334 REPs

A

7036 Instances

s 4

590 Instances

320 [Neg) Instances

™~

146 Instances

k4

30 Instances (27 different genes)

26 lung genes

22 lung genes

h 4

22 ranked RBPs will be taken
forward into drug screening

1. Collect available data about these RBPs from KM-Plotter

2. Keep only the most statistically significant (according to the
Risk p-value)

3. Split instances into negatives and positives and keep only
the negatives

4, Keep only the most statistically significant (according to the
expression p-value)

5. Keep only the gene’s instances which are overexpressed in
cancerous tissues

6. Correspond instances to different genes (and their tissues)
and keep only the lung genes

7. Exclude genes for which their multiple instances follow
extremely different trends (in effect type andfor expression)

8. Rank the final RBPs list, according to the results from String
Database
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Figure 53: Outline of computational analysis steps and results. 1: From the total number of 1334 RBPs,
993 were detected in KM-Plotter online tool. Due to the concordance of multiple probes available for
each gene, among KM-Plotter’s results were multiple plots (7036 total collected instances). 2-5: Applied
filters progressively narrow down the number of instances to 30. 6: These instances correspond to 27
different genes which have a negative effect on cancer patients’ outcome when overexpressed and are
overexpressed in cancerous tissues. Among the 27 genes, there is a gene deriving from gastric cancer
patients and is excluded. 7: The rest 26 genes (which correspond to lung cancer patients) are narrowed
down by 4 more genes. For these genes, the multiple probes show extremely different trends in effect
type or expression. 8: The list with the final 22 RBPs is ranked according to the results of STRING
database. All RBPs participating in the STRING network, when overexpressed have a negative effect on
lung cancer patients and are overexpressed in cancerous tissues compared to the normal ones. From the
22 final RBPs, all of those which constitute a hub in the network are estimated as more possible to be
successful drug targets.

Evaluation of the results and emerging problems

In this thesis, starting with a compiled list of 1334 RBPs, we searched them one-by-one
in KM-Plotter online tool (Gyorffy et al., 2013). KM-Plotter's data derive from Affymetrix
microarrays, with a concordance of multiple probes available for the same gene or a
probe set ID mapping to several genes. From the total number of 1334 RBPs, 993 were
detected in KM-Plotter online tool having one or more probes corresponding to each
gene. The rest 341 RBPs were unable to contribute information to the gathered data,
due to their correspondence to probe sets which mapped to several genes or due to
them being undetected during the KM-Plotter’s search.

The results in KM-Plotter derive from a background database which contains
information from different Affymetrix microarray platforms (Gyorffy et al., 2010, 2012,
2013; Szasz et al., 2016). An emerging problem is the many issues in DNA microarray
measurements (Draghici, 2006). Even though a highly used method of gene expression
profiling, microarrays suffer in measurement precision and in Affymetrix microarrays
many probes do not correspond to the appropriate transcripts (Mecham 2004). A gene
may have many variants and the accuracy of the results could be ensured only if the
identities of the genes and variants are well known (Lee et Roy, 2004; Boue et al.,
2003). Finally, due to mistakes many spotted probes to the microarray chip, are not the
intended ones (Knight, 2001; Forman-Kay, 1999).

In gene expression profiling with Affymetrix microarrays, each transcript is represented
by multiple probes (Rogojina et al., 2010). Thus, for many genes the collected data
correspond to more than one probe. An intense problem emerges when the multiple
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probes of the same gene follow contradictory trends. In the steps of the analysis
followed in the present thesis, the list of RBPs was narrowed down. At the point the list
had only 26 RBPs, the different probe results of the corresponding genes were
compared. Out of the 26 RBPs, 18 RBPs (70%) showed the same trend (negative effect
on lung cancer patients’ survival and higher gene expression in cancerous compared to
normal tissues). The rest 30% of the RBPs (8 RBPs) corresponded at least to one
probe which either had a positive effect on lung cancer patients’ outcome or were
under-expressed in lung cancer (four RBPs showed extremely different trends and were
omitted during the final filtering step).

To evaluate the magnitude of the problem with the multiple probes for the same gene
and the extremely different trends, from the initial list of RBPs the results of Script 4 in
Chapter 3 were exploited. From the total number of 7036 collected instances, 1996
were retrieved from KM-Plotter's lung cancer environment, 1368 of those being the
most statistically significant in terms of the “Risk p-value” (Risk p-value<lE-04). The
1368 instances corresponded to 768 different genes. While 45% of this set of genes
showed a negative, 36% showed a positive effect on lung cancer patients’ survival. For
the remaining 19%, the results were ambiguously distributed among the negative and
positive effect on the survival of lung cancer patients.

In this study, after the computational analysis and the narrowing down of the compiled
list of RBPs, the remaining 22 RBPs will be taken forward into drug screening for novel
anti-tumour compounds in lung cancer. Overexpression of these final RBPs, indicate
poor survival in lung cancer patients and their expression in lung cancer cells is higher
compared to that of lung cells from healthy patients. An interesting part of this project
could be to evaluate the behavior of these 22 RBPs in gastric, ovarian and breast
cancer. An RBP which follows a specific trend in one cancer type could either follow the
same or an extremely different trend in the other three cancer types. This discovery
could have a great scientific significance for a better understanding of the cancer
mechanisms. To support the final results, literature on these RBPs suggests
involvement of their overexpression in poor survival of patients suffering from various
cancer types (Na et al., 2017; Liang et al., 2015; Li et al., 2013; Zheng et al., 2010; Gluz
et al., 2008; Gousias et al., 2012; Mu et al, 2013; Zong et al, 2016; Chen et al., 2015).
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Further research

The alteration in RBPs expression is highly associated with tumorigenesis (Pereira et
al., 2016). In the current thesis a list of human RBPs was compiled by the Lewis
laboratory and contained 1334 RBPs in total. However this number is a portion of the
total experimentally validated RBPs. By August 2017, the total number of validated
human RBPs was 1542 (Gertsberger et al., 2014; Pereira 2016). These numbers are
really promising and it is possible that the next years even more human RBPs will be
validated experimentally. In a possible future study, the same analysis could be followed
for a renewed compiled list with more candidates.

Searching in KM-Plotter’'s online tool, only a fraction of the original RPB’s list was
detected, due to many RBPs failing to contribute data. KM-Plotter exploits a background
database with data deriving from caBIG (Cimino et al., 2007), TCGA (Tomczak et al.,
2015) and GEO (Clough et al., 2016). Instead of using KM-Plotter and its embedded
data collection method (specific keywords search only), in a future study, gene
expression and survival data about these RBPs could be gathered directly from the
three aforementioned repositories. Subsequently, a similar procedure to the one
followed by KM-Plotter developers could calculate the Kaplan-Meier plots and the p-
values respectively, without any need to alter the computational analysis process
(Gyorffy et al., 2010, 2012, 2013; Szasz et al., 2016).

An alternative approach in gathering data procedure would be to avoid the collection of
multiple probes for the same gene, but obtaining the best probe only. A developed
scoring method called Jetset, evaluates the probe sets in terms of specificity, coverage
and robustness (Li et al.,, 2011). From the multiple Affymetrix microarray probes
corresponding to each gene, only one probe set (assessed as the best by the scoring
method) will be used, solving the problem of multiple sets and providing a one-to-one
correspondence among genes and probe sets. Contrary to using “all probe sets per
gene” setting in KM-Plotter’s environment, it would be scientifically interesting to use the
“only Jetset best probe per gene” setting.

Data types, such as sequence or copy number variations, could be used to contribute
additional information, providing a higher accuracy in the followed computational
analysis. In this study, a computational analysis was conducted based on each gene’s
behavior separately. The cancer patients’ outcome was cross-checked according to
each gene’s expression. However, the survival of a patient could be influenced not only
by upward expression trends of individual genes, but from under-expression of other
genes simultaneously (Chen et al., 2015; Liang et al., 2015;).
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Appendix

Script producing data statistics
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Script 5: Script producing data statistics
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Script for RBP final ranking according to the results of String
Database
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Script 6: Script for RBP final ranking according to the results of string database
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