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ABSTRACT
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Gastric adenocarcinoma is a molecularly and histologically heterogeneous neoplasm with a
predictively disastrous outcome if undiagnosed at early stages. Amidst global declines of gastric
cancer rates, it remains the 5th most common malignancy with the 4th worst outcome of all
cancers. Predictive and prognostic clinical biomarkers are scarce in gastric cancer due to its
immense heterogeneity. Identifying novel biomarkers for gastric cancer is an emerging field.
Previously in our lab, a 20 gene mRNA signature was developed which successfully stratified
gastric cancer patients into poor and good prognosis. In this thesis, we attempted to shorten this
list to a five gene signature which will successfully stratify patients into similar clusters as the 20
genes. The 5 genes being, HEYL, CALD1, ACTA2, TAGLN and TPM2. Moreover, we validated
the efficacy of our 5-gene signature to stratify patients based on their prognoses in silico.

The second half of the thesis focuses on identifying a set of gastric tissue specific reference genes
by analyzing high-throughput gene expression data. Most commonly used reference genes are
known to have varying expression in cancer tissue which often leads to an issue with
reproducibility in cancer research. We aimed to design an algorithm which identifies a list of stable
transcripts within a particular tissue type. We identified 3 genes EWSR1, SF1 and HNRNPK which
showed stable expression throughout gastric tissue, both in normal and cancer in silico. Ex vivo
validation experiments using gastric tumor and adjacent normal RNA show promise for the
efficacy of our genes compared to GAPDH and B2M.
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OZET

GASTRIK KANSERDE PROGNOSTIK mRNA iMZALARININ IN SILICO OLARAK
DOGRULANMASI VE KANTITATIF PCR iCiN GASTRIK DOKU SPESIFiK, O0ZGUN
REFERANS GENLERIN TANIMLANMASI VE DOGRULANMASI

Tez Danismani: Prof. Dr. Ali Osmay Giire

Gastrik adenokarsinom erken evrelerinde teshis edilmediginde feci sonucglara neden olabilen,
molekiiler ve histolojik olarak heterojen bir neoplazmdir. Gastrik kanser oranlarindaki kiiresel
diistis igerisinde, gastrik adenokarsinom tiim kanser tiirleri arasinda en yaygin 5.en kot sonucu
olan 4. malignite olmaya devam etmektedir. Muazzam heterojenligi nedeniyle gastrik kanserde
Ongoriicii ve prognostik biyobelirtecler oldukca limitli sayidadir. Gastrik kanser igin 6zgiin
biyobelirteclerin tanimlanmasi gelismekte olan bir alandir. Daha 6nce laboratuvarimizda, gastrik
kanser hastalarin1 kotii ve iyi prognozlar olarak basariyla siniflandiran 20 gen mRNA imzas1
gelistirilmistir. Bu tez calismasinda, 20 genden olusan bu listeyi, hastalar1 benzer kiimelere basarili
bir sekilde siniflandiracak bes gen imzasina indirgemeye calisttk. Bu 5 gen HEYL, CALD1,
ACTA2, TAGLN ve TPM2 olarak bulgulandi.

Tez calismasinin ikinci yarisi, gastrik dokuya 6zgii bir dizi referans genin yiiksek verimli gen
ifadelenmesi veri analizi ile tanimlanmasina odaklanmaktadir. En yaygin kullanilan referans
genler, kanser dokularinda degisken ifadeye sahiptir ve bu kanser arastirmalarinda siklikla
tekrarlanabilirlik ile ilgili soruna yol agmaktadir. Belirli bir doku tipindeki stabil transkriptlerin
listesini tanimlayan bir algoritma dizayn etmeyi amagladik. Hem normal hem de kanserli gastrik
dokuda stabil ifadelenme gosteren 3 geni, EWSR1, SF1 ve HNRNPK olarak, in silico ¢aligmalarla
belirledik. Gastrik tiimdre ve bitisik normal dokuya ait RNA kullanilarak gerceklestirilen ex vivo
dogrulama deneyleri, GAPDH ve B2M ile karsilastirildiginda bu 3 genin etkinlikleri agisindan
umut vaad ettigini gostermektedir.

Anahtar Kelimeler: Gastrik kanser, prognoz, biyobelirteg, hasta siniflandirmasi, referans gen
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Chapter 1
Introduction

The human stomach is among the most well-studied and heavily debated organs throughout
history. Records of speculating and studying this particular organ in the viscera go back to ancient
Greece and Egypt. The process of digestion has eluded ancient scholars for many years. Doctors
in ancient Greece believed that food was heated or concocted in the body to form chyle, a mixture
which was later converted into the four humours, which were blood, phlegm, yellow and black
bile. This belief was later incorporated into European medicine; it remained within the academic

literature and clinical practice late until the 16th century.

Paracelsus, a Swiss alchemist, was the first to postulate that stomachs of some animals contain
acid which aids in digestion. Later on, Jean-Baptiste Van Helmont, known to be the last alchemist
and first biochemist, postulated that digestion is aided by stomach acid and a ferment which was

later known to be digestive enzymes [18-19].

The human digestive system comprises various glands, which secret digestive juices, and the
gastrointestinal tract. The stomach is an indispensable organ in this system and it primarily serves
two purposes, aiding digestion and sterilizing the ingested food via stomach acid. The stomach

can be divided into five main parts, cardia, body, fundus, pylorus, and antrum [17].

The first three parts make up the proximal stomach. Cardia is at the junction between the esophagus
and the stomach; fundus is the upper part of the stomach next to the cardia; body, also known as
the corpus, is the main and biggest part between the fundus and antrum. The lower part of the
stomach is divided into two parts and is called the distal stomach. The two parts are the antrum,
the lower part of the stomach, and the pylorus, which is the junction between the lower end of the

stomach and the duodenum.

The stomach wall has five main layers, mucosa, submucosa, Muscularis propria, suberosa and

erosa. The mucosa is the innermost layer’ this is the layer where the secretory cells are present.

The submucosa is a supporting layer followed by muscularis propria, a thick wall of muscle cells
that aid in the churning motions. The outermost layers, suberosa, and Erosa line the inner three
layers and wrap the stomach [17]. These layers in the stomach walls are indicative of the cancer
stage, the deeper into the layers cancer spreads, the worse the prognostic outcome. Patients with

cancers in the deeper layers also require more prolonged and extensive treatment options.



The most common type of cancer in the stomach is gastric adenocarcinoma. Approximately 90-
95% of stomach cancer cases globally are stomach adenocarcinomas. Adenocarcinomas originate
from the secretory cells from the innermost lining, the mucosa [19].

A much less common variant of stomach cancer is a gastrointestinal stromal tumor (GIST), which
also originates from the mucosa. A gain-of-function mutation in c-KIT (a tyrosine receptor kinase)
is linked with developing GISTs [21]. GISTS are comparatively rare and less common among

gastric cancer patients, with an average of 3% of all gastric cancer incidence globally [20].

Stomach adenocarcinomas are largely variable in response to therapy and prognosis and have
variations in their histology and etiology [20]. Identifying an mRNA-based prognostic biomarker
list that is effective across all histological subtypes is paramount to prognosticate gastric patients

in clinics.

In this work, we have attempted to identify and curate a list of genes to use as a prognosis signature
in gastric adenocarcinoma patients. In addition, we attempted to identify a list of stable transcripts

in gastric tissue which can be used as reference genes for quantitative PCR.
1.1 Global trends in gastric cancer incidence rates and its statistics

Gastric cancer is the top fifth malignancy globally with the 4th highest mortality [1]. Among
cancer-related deaths, gastric cancer remains high despite a global effort to reduce incidents by
higher rates of regular screening and eradicating H. pylori infections. According to the World
Health Organization, the rate of gastric cancer has decreased significantly over the past decade due
to increased screening and primary care. In the span of the last 70 years, the decrease in gastric
cancer rates has been quite dramatic. Nevertheless, it remains a frequently occurring cancer with

potentially disastrous consequences for the patient [2].

Gastric tumors occur in two primary locations, proximal (cardia) and distal (non-cardia), although
the rates of proximal gastric cancers have gone down in the past decades, the rate of distal gastric

cancers has been rising steadily [6, 7].

The most well-known histological classification for gastric adenocarcinoma is the Lauren
classification which divides the tumors into two groups, intestinal and diffuse. The intestinal-type
tumors are known to be well-differentiated whereas the diffuse-type tumors are less differentiated
or undifferentiated [8].

Diffuse-type tumors are not known to be specific to any particular demography, however, intestinal

tumors are more prevalent in East Asia, South America, and Eastern Europe [9, 10].



The main reason why gastric cancer incidence has gone down over the past years is that intestinal
tumors are becoming less common, however, the cases of diffuse-type tumors are on the rise
globally [10]. The intestinal type appears to be more common in men than women, with a ratio of
2:1. Diffuse-type tumors however do not show any distinct trend in either sex. However, it does
have an earlier onset in patients than the intestinal type [13]. A time-trend analysis performed in
Japan 1975-1989 has shown that an older population is more prone to an H. pylori-associated
intestinal-type gastric carcinoma than younger populations. The study also found that females are

more likely to develop diffuse-type carcinoma than males [14].

The aetiological differences between histological subtypes likely explain the age-sex-specific

differences in gastric cancer occurrences.

The survival outcome of gastric patients is on average five years [2]; and since the malignancy
does not exhibit any symptom early on, in countries where regular screening is rare, many cases
are diagnosed in later stages of the disease. Moreover, it is an increasingly complex and largely
heterogeneous disease that has posed a challenge in terms of molecular characterization. Stomach
cancers are multifactorial which means their pathogenesis depends on environmental and genetic

factors.
1.2 Histological subtypes of stomach cancers

Histologically, gastric tumors have significant heterogeneity in their cellular architecture and
cytology, making the classification of tumors in the clinical setting very tenuous for clinicians [3].
As of now, there are two main histological classification systems for gastric cancer, Lauren
classification and the more recent system developed by the World Health Organization (WHO).

The Lauren classification was developed by Pekka Lauren and was published in 1965.

In this classification, gastric adenocarcinoma is categorized into two main groups, intestinal type,
and diffuse type. Besides these two groups, Lauren classified a third group, the indeterminate type
which is comparatively rare in occurrence. The intestinal-type tumors are known to be well-
differentiated whereas the diffuse-type tumors are less differentiated or undifferentiated [8].
Approximately 54%, 32%, and 15% of gastric tumors fall into the groups intestinal, diffuse, and

indeterminate respectively [15].

The World Health Organization in 2010 passed a newer more elaborate histological classification
system for gastric carcinoma which has four major groups, tubular, mucinous, papillary, and
poorly cohesive. Poorly cohesive tumors include signet ring cell carcinoma. Besides the four major

groups, the WHO categorized gastric tumors into several other groups which are less common
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histological variants [16, 22]. Among the four major groups, tubular carcinoma and papillary
adenocarcinoma are frequently occurring in early gastric carcinoma. Moreover, the papillary type
is more common among the aging population. Approximately 10% of gastric adenocarcinoma
cases are known to be Mucinous carcinoma, these tumors have characteristically large mucinous

pools which can take up to 50% of the tumor volume [22].

Due to histological and molecular diversity in gastric adenocarcinoma, it’s very difficult to assess

the prognosis of individual patients in a clinical setting by their histological grouping.

Efforts have been taken in molecularly classifying gastric tumors based on mutation profiles and
gene expression. Two main studies which undertook these efforts were the ones by The Cancer

Genome Atlas and the Asian Cancer research institute [23, 24].

1.3 Molecular subtypes of gastric cancer

In 2014, The Cancer Genome Atlas research group published a paper in which they successfully
categorized gastric adenocarcinoma into 4 molecular subgroups. In group molecularly profiled 295

primary cancers with six molecular platforms [23].

The team has categorized the neoplasms into four groups: Epstein-Barr virus-positive,
microsatellite unstable tumors, genomically stable tumors, and tumors with chromosomal
instability. In order to perform molecular characterization, six molecular platforms were used to
analyze a total of 295 tumor samples. The platforms are as follows, array-based DNA methylation
profiling, array-based somatic copy number analysis, whole-exome sequencing, microRNA
sequencing, messenger RNA sequencing, and reverse-phase protein array. Approximately 77% of
the samples were analyzed by all six platforms. Unsupervised clustering analysis was done with

the results from these six platforms to categorize the samples into the four aforementioned groups.

Around 9% of gastric cancer cases are EBV positive with its presence in malignant epithelial cells.
As previously identified, EBV-positive tumors are more prevalent in males [25]. In the TCGA
study, unlike EBV, the presence of H. pylori in the tumors was relatively sporadic, thus the
molecular signatures of the tumor could not be classified based on the bacterial infection. The
authors concluded that this is possibly a result of increased screening and eradication of H. pylori
in recent years. Moreover, they postulated that the bacteria may have been lost from luminal

samples during specimen processing.



Unsupervised clustering of CpG methylations by the authors identified that the EBV positive
tumors clustered in one group, moreover, they exhibited extreme CpG island methylator
phenotype. The authors reported CDKN2A promoter to be heavily methylated in EBV-positive
tumors. Prior studies indicated a link between PIK3CA mutation and EBV-positive gastric cancers,
TCGA study found non-silent PIK3CA mutations in 80% of the EBV-positive subgroup (P=9x10-
12). Hence, the use of PI (3)-kinase inhibitors in EBV-positive gastric cancer patients should be

further evaluated.

The microsatellite instability group was shown to have a high mutational burden and
hypermethylation, particularly in the ML1H1 region. The two other groups, genomically stable
and chromosomal instability were selected based on the presence or absence of somatic copy
number alterations. The genomically stable group heavily coincided with the diffuse histological
type whereas the chromosomal instability subgroups heavily aligned with the intestinal histology
[23].

An independent study estimated the prognostic benefits of these four molecular subgroups in two
separate datasets. The authors successfully demonstrated that the EBV-positive subgroup has the
best prognostic outcome and the genomically stable group has the worst. The remaining two

groups have a comparatively better prognosis than GS, but worse than EBV-positive [26].

The ACRG study, primarily categorized GC into two groups, microsatellite stable and
microsatellite unstable. MSS is further categorized into MSS/EMT, MSS/TP53- and MSS/TP53+.
When these subgroups were correlated with clinical cofactors a pattern emerged. The MSS/EMT
subtype occurred more frequently in younger patients, moreover, the tumors in this group were
predominantly diffuse-type. This group also had the worst prognostic outcome of the four. Like
the MSS/EMT subtype, the MSI subtype also was more prevalent in younger patients, however,
over 60% of tumors from this subtype were intestinal-type and originated from the antrum. This
subtype unsurprisingly had the best prognosis. EBV was more prevalent in the MSS/TP53+
subtype [24].

The ACRG and TCGA subtypes have several features in common, for example, the tumors that
are MSI were common in both datasets. The GS, EBV+, and CIN subtypes were enriched in the
MSS/EMT, MSS/TP53+, and MSS/TP53- groups respectively. Even then, there are some marked
differences between the cohorts. The TCGA cohort had a higher number of CDH1 mutations
compared to the ACRG, moreover, the TCGA cohort had a less heterogeneous pool of diffuse-

type tumors whereas the diffuse-type in ACRG were significantly more diverse. There have been



other studies published that attempted to molecularly classify gastric cancer, [27-41] however, the

ACRG and TCGA studies have been the most comprehensive thus far.
1.4 Gastric cancer risk factors

The key contributors to stomach cancer development are, excess salt intake, smoking, excess
alcohol consumption, diet, family history and, Helicobacter pylori and Epstein-Barr virus

infections [4].

The pathogenesis after EBV-infection which leads to gastric cancer carcinogenesis is vaguely
understood [43]. EBV has been shown to be present in malignant epithelial cells. In a recent study,
gastric mucosa collected from healthy individuals has been shown to be free of EBV whereas
individuals with gastritis had EBV-RNA in their gastric mucosa. This indicates that EBV infection
may be associated with persistent inflammation in the gastric mucosa which consequently results

in carcinogenesis [44].

Among all frequently occurring cancers, gastric cancer has the highest occurrence due to infectious
agents [45]. The gradual fall in gastric cancer incidences, especially in East Asia is mainly due to
an attempt taken to screen individuals for H.pylori infections. Over the years, an improvement in
food preservation, hygiene and diet, has led to a decrease in gastric cancer. Despite all efforts, 50%
of the global population is affected by H.pylori infections [46]. There is a complex interaction
between the host, H. pylori, and the environment at play in the stomach which results in gastric
carcinogenesis. This interaction is not fully understood. In some parts of the world like China,
higher H.pylori infections have been correlated to higher gastric cancer-related mortality.
However, in Africa and South Asia, gastric cancer incidences are relatively low, yet a large part
of the populations in these regions are positive for H. pylori infections. This phenomenon is called
the African or Asian enigma. This is proof that the host-bacteria-environment interaction is
extremely complex and environmental factors such as diet may play a more significant role than

we anticipated [47].

Gastric cancer is significantly more likely to affect people older than 50. The median age of gastric
cancer diagnosis was 70 in the United States 2005-2009. During this time, only 1% of the
population aged between 25 and 34 were diagnosed with gastric cancer, as opposed to 29% of the
patients who were aged between 75 and 84 [48]. Besides age, sex seems to be a major factor in the
incidence and severity of gastric cancer. Males are affected 2 fold more than females for non-
cardia gastric cancer and 5 fold for cardia gastric cancer [49]. The cause of this disparity is still

under scrutiny and there is insufficient evidence to draw a conclusion. Historically it was suggested



that the disparity may be due to increased tobacco smoking by males and occupational hazards.
However, recent studies which looked at countries where there is no key difference in smoking
patterns between men and women, have found that males are more likely to be diagnosed with

gastric cancer there as well [50].

In 2002 the International Agency for Research on Cancer declared that smoking is a possible risk
factor for cardia and non-cardia gastric cancer [51]. There have been numerous studies that
investigated the effects of smoking cigarettes and other tobacco-based products like hookah on
developing gastric cancer and the results were not always consistent [52-55]. However, there is
enough evidence in the literature to suspect that smoking is in fact a risk factor for gastric

carcinogenesis.

Diet plays a crucial role in gastric cancer pathogenesis. In areas of the world where diets are high
in salt, contain foods preserved in salt, and use certain cooking techniques, gastric cancer
incidences are higher. Foods high in salt have been declared a risk factor for developing stomach
cancer by the World Cancer Research Fund/American Institute for Cancer Research
(WCRF/AICR) [56]. Salt may directly damage the gastric mucosa which results in gastric
dysplasia [57]. Moreover, the formation of polycyclic aromatic hydrocarbons in smoked meat and

fish has been implicated as a risk factor [58].

Cooking techniques such as broiling, roasting, grilling, and baking may cause the formation of N-

nitroso compounds which are also associated with gastric cancer pathogenesis [59].
1.5 Family history and gastric cancer

In families where parents or close relatives had gastric cancer, the likelihood of younger members
of the family being diagnosed with this cancer is very high; the chances of people being diagnosed
with gastric cancer where close relatives fell victim to the disease is 2-3 fold higher than the

average person [70-71].

A significant number of gastric cancer cases, 10%, show familial aggregation (meaning it’s highly
probable to occur in siblings and offspring) [72]. Inherited gastric cancers with a Mendelian
inheritance pattern are very rare, studies show only 3% of total cases are due to Mendelian
inheritance [69]. There are three main autosomal dominant gastric cancers, hereditary diffuse
gastric cancer (HDGC), gastric adenocarcinoma and proximal polyposis of the stomach, and
familial intestinal gastric cancer [72]. These gastric cancer incidences have a strong correlation to

hereditary factors. Hereditary diffuse-type gastric cancer is due to a mutation in the gene CDH1



which is an autosomal dominant mutation. HDGC is a highly invasive, diffuse-type gastric cancer
with a poor prognosis [64]. The loss of CDHL1 causes defective or no E-cadherin to be produced.
E-cadherin is a cell adhesion protein and in its absence, the intracellular adhesion is poor. Around
25% of patients with HDGC have inactivating CDH1 germline mutations [65]. Mutations in alpha
E-catenin (CTNNAZL) were recently shown to be a causative factor in HDGC development [73].

Among the three inherited gastric cancers, only HDGC can be screened in clinics. The genetic
information of patients and their families is sequenced in a clinical setting to identify mutations in
CDH1 and CTNNAL1 to diagnose and assess risk. Currently, screening tests are not available for
gastric adenocarcinoma and proximal polyposis of the stomach, familial intestinal gastric cancer
[72].

Genetic risk factors associated with stomach cancer are highly debated and currently under
extensive scrutiny. Multiple Genome-Wide Association studies performed in recent years have
shed some light on possible genetic factors which might lead to stomach carcinogenesis. Several
single nucleotide polymorphisms (SNP) were associated significantly with gastric cancer
incidence. SNPs in prostate stem cell agent (PSCA) and Mucin 1 (MUC1) came up significantly
in several independent GWAS in East Asia. GWAS results from other parts of the world are yet
to be published, however, there appears to be a significant correlation between PSCA and MUC1
with certain gastric cancers. The biological mechanisms underlying these associations are still
unknown. Nevertheless, once these mechanisms are discovered, they will shed some light on the

complex pathogenesis of gastric cancer [66-68].

Earlier studies have found that gastric cancer incidence does not decrease in immigrant families
after they move to the host country. The incidence rate remained comparable to the home country’s
rates until the second generation. One possible explanation for this pattern is that most H. pylori
infections take place in early childhood; thus children who move to a new country already have
the infection. Moreover, there is a high possibility that the children born after their families

immigrate are also likely to pick up the infection from their families [60-63].

Genetic implications which lead to gastric cancer are poorly understood, and no screening is
available in clinics except for HDGC. However, there have been several genes implicated in gastric
cancer pathogenesis in recent years. These work in concert with environmental factors such as
H.pylori infection to promote carcinogenesis. A series of low-penetrance alleles of tumor necrosis
factor a (TNF ), interleukin 6 (IL-6), IL-8, IL-10, IL-1b, transforming growth factor b (TGFp),



and toll-like receptor 4 (TLR4) have been implicated in gastric cancer to have compounding

effects in developing a metastatic tumor [74-76].

Even though exact genetic causes of stomach adenocarcinoma are hard to define, numerous studies
indicate a strong correlation between certain environmental factors and familial aggregation. For
example, alcohol consumption has been shown to significantly increase the risk of gastric cancer
in family members who have more than one relative with cancer, whereas alcohol consumption

had no significant increase in risk in people with one relative suffering from gastric cancer [77].

Intestinal metaplasia is a condition where the cells in the stomach and esophageal lining take on
the morphology of intestinal cells. It is widely accepted that IM is triggered by external stimuli.
In many cases, IM is considered precancerous growth which eventually gives rise to dysplasia and
later neoplastic growth [78]. However, genetic factors may affect IM as well. A study performed
by Kim et al. showed that risk factors for IM include smoking, H.pylori infection, being older than
61, consumption of spicy food, and the SNP 1L-10-592 C/A [79]. Large-scale genetic studies are
required to explain and define concrete links between gastric cancer and genetic variants. This task
proves very challenging due to the complicated intermingling of environmental and genetic
factors, however, better clinical data collection protocols and high throughput sequencing of

patients can hopefully generate the answers.
1.6 Treatment strategies and Clinical biomarkers of gastric adenocarcinoma

Major strides have been taken in identifying accurate predictive and prognostic biomarkers in
recent years. However, there are still many gaps in the treatment plan of GC patients in most
clinics. Due to the mutational and molecular heterogeneity of gastric adenocarcinoma it is very
hard to predict an accurate treatment plan for individual patients. Moreover, most of these potential

therapeutic options do not improve patient outcomes [109].

Very few GC markers have been clinically approved so far and even few have prognostic potential.
Gastric cancer biomarkers which are in clinical use right now and those which hold potential are

described below.
1.6.1 HER2

Much like many breast cancer cases, there are several human epidermal growth factors receptor 2
(HER?2) positive gastric and gastroesophageal junction cancers; approximately 10-25% of gastric
cancer cases according to the latest census are HER-2 positive [80]. Recently in vitro studies have

shown that HER-2 positive gastric cancer cell lines respond to trastuzumab, an anti-2 HER-2



antibody [80-81]. In 2014, the European Group on Tumor Markers published a guideline urging
the use of trastuzumab with chemotherapeutic drugs as a combination therapy in HER-2 positive
breast cancer. HER-2 status is checked by immunohistochemistry and/or fluorescent in situ
hybridization (FISH) of gastric biopsies in most clinics, and it’s one of the few gastric cancer

markers routinely used in clinics [81-82].
1.6.2 EGFR

Like HERZ2, epidermal growth factor receptor (EGFR) is a member of the HER family. Epidermal
growth factor (EGF) and transforming growth factor a (TGF o) are two of its ligands and upon
binding, induce proliferation and differentiation in healthy cells [97]. EGFR gene amplification
has been shown to occur in certain populations of gastric cancer at varying levels. A study by
Kyose et al. found 4.9% of GC patients out of 365 had EGFR amplification; the method they used
was fluorescent in situ hybridization [98]. Another study, using SNP assay reported EGFR
amplification in 7.7% of the GC cases [99]. With a larger patient group, a study found that using
IHC, overexpression of EGFR can be detected in 27.4% GC tumors, but for the same group, FISH
only identified 2.3% to have overexpression [100]. These studies show significant variation in
findings from IHC and FISH, however, there does appear to be EGFR amplification in GC and an
investigation to assess the prognostic capabilities of EGFR found that EGFR overexpression is
associated with worse prognosis. [102]. Anti-EGFR monoclonal antibodies have been in clinical
trials to treat gastric cancer to no avail, currently there is little evidence using anti-EGFR treatment

as a first-line treatment of advanced gastric cancer is beneficial [103].
1.6.3PD-L1

According to the National Cancer Institute in the United States, few markers are in use in clinics
for gastric cancer. Besides HER-2, there are other markers in use in clinics , programmed death
ligand-1 (PD-L1), dihydropyrimidine dehydrogenase (DPD) gene mutation, and carbohydrate
antigen 19-9 (CA19-9) all routinely used for different purposes [84]. Two key immune checkpoint
regulators, programmed cell death 1 (PD-1) and programmed cell death-2 are up-regulated in
natural killer T-cells, T and B cells, as well as monocytes. When PD-L1 binds to PD-1 in activated
T-cells, there is a drop in cytotoxic T-cell activity which consequently weakens the immune
response to tumors, generating immune tolerance in the tumor [85]. In 15-70% of GC patients,
PD-L1 expression has been detected and PD-L1 expression correlates with poor prognosis [86].
Two monoclonal antibodies, nivolumab and pembrolizumab, target the PD-1 pathway and enable

immune checkpoint blockade thus facilitating the immune system to attack tumor cells. In recent
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years, GC patients with PD-L1 expression have been shown to have an improved overall response
rate (ORR) when treated with pembrolizumab [30].

Tumors which were profiled MSI-High were more responsive to PD-L 1 targeted therapy compared
to MSI-Low tumors, moreover, most PD-L1 positive tumors have been shown to be EBV-positive
as well [30]. PD-L1 status is now checked routinely in clinics as a predictive biomarker for

pembrolizumab response in GC.
1.6.4 E-cadherin

The CDH1 gene codes for the cell adhesion protein E-cadherin in epithelial cells. It is a
transmembrane protein which is a calcium-dependent cell-cell adhesion molecule [87]. The role
of E-cadherin in cancer has been heavily researched and investigated over the years and E-cadherin
remains as a hallmark of epithelial-like cancer cells. Loss of E-cadherin expression in tumor cells
results in the cells becoming less adhesive to the tissue and is more likely to detach from the mass
and enter the bloodstream. This process is of course facilitated by the expression of vimentin,
another transmembrane protein that is a hallmark of mesenchymal cells. This transition of tumor
cells from a more epithelial state to a more mesenchymal state is known as epithelial-to-
mesenchymal transition, better known as EMT [88].

In gastric cancer, E-cadherin plays a major role in carcinogenesis. As discussed beforehand, in
HDGC cases, germline mutations in CDH1 are prominent. Apart from HDGC, E-cadherin
expression is vastly affected in other gastric cancers. Loss of E-cadherin expression causes
epithelial cells to lose their adhesive capacity and it is a prerequisite for a malignant cancer cell.
E-cadherin expression is more commonly lost in diffuse-type tumors compared to intestinal-type;
moreover, Gabbert et al. studied 413 gastric tumors and found that loss of expression of E-cadherin
significantly affects 3- and 5-year survival rates [90]. Studies suggest that this transmembrane
protein may be an ideal candidate as a prognostic factor in GC pathogenesis. The mechanisms by
which CDH1 expression is minimized in GC cells have been studied extensively. DNA
hypermethylation of CDH1 promoters due to H.pylori infection is among the most frequent in GC
cases. [89] Furthermore, genetic inactivation of CDH1 has been detected in patients who do not
have a germline mutation. Overall, E-cadherin has tumor-suppressor functions in gastric cancer,
and its inactivation leads to devastating effects in the stomach tissue. One caveat is, most of the
studies conducted on E-cadherin expression in GC tissues were conducted by performing
immunohistochemistry experiments. Even though IHC is widely used in clinics and research

facilities across the globe, its specificity and replicability have been in question when the tissue
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under study is heterogeneous in nature. In order to accurately predict the prognosis of a GC patient
by CDHL1 expression, other tests such as RT-PCR, blood tests, and gastric juice analysis needs to
be developed. There is evidence that somatic DNA methylation of CDH1 is detected by testing
blood samples [89], if so, these tests can greatly modify the accuracy of CDH1 as a prognostic

biomarker.
1.6.5 CA19-9

Carbohydrate antigen 19-9 is a glycolipid antigen that was primarily identified in colorectal cancer.
It is a ligand for E-selectin which is expressed on the cell-surface membrane of endothelial cells.
[91] Its a tumor serum marker. In gastric cancer, it has been associated with advanced staging as
well as a series of other histopathological features of gastric tumors including a higher level of
lymph node metastasis, higher chances of lymphatic and venous invasion, mixed histology, and
antral location [95]. Elevated CA19-9 levels are more frequent in female patients as opposed to
male patients [94]. Using CA19-9 in combination with CEA, and AFP have proven successful in
diagnosing GC [96].

1.6.6 CEA

Carcinoembryonic antigen (CEA) is an excessively used marker for colorectal cancer. In gastric
cancer, however, it is not recommended to be used as a diagnostic marker because CEA levels are
high in all higher-stage gastric cancers. Be that as it may, it is a very reliable risk factor to predict
liver metastasis relapse [91]. Moreover, analysis of the peritoneal lavage fluid after curative
resection of GC can accurately predict the likelihood of peritoneal recurrence [92]. A study
conducted found that RT-PCR of CEA mRNA from peritoneal cavities can accurately detect
micrometastasis. In another study, between 2008 and 2015 that compared CEA levels in serum in
early gastric cancer patients found that elevation of CEA levels in early gastric cancer patients
leads to a worse prognosis (log-rank p-value= 0.014), making it an independent risk factor in early
GC [93].

1.6.7 VEGFA and VEGFR

Vascular endothelial growth factor A (VEGFA) and its receptors, vascular endothelial growth
factor receptors (VEGFRs) are part of the angiogenesis pathway. In gastric cancers, these key
players are needed to generate new blood vessels and propagate tumorigenesis. In GC, VEGFA
was detected in 40% of patients and VEGFRs were detected in 36% of the GC patient group. [104]
VEGFA expression in GC tissue and serum has been associated with poor prognosis, lymph node

involvement and metastasis [105]. Multiple clinical trials tested the efficacy of inhibiting VEGFA
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and VEGFRs in increasing overall survival. However, few have shown promise, a trial where the
anti-VEGFR2 monoclonal antibody, ramucirumab has shown elongation of the overall survival in
patients [106].

1.6.8 MSI

The mismatch repair machinery is known to be faulty in gastrointestinal cancers which leads to
microsatellite instability, in this condition cells accrue multiple genetic errors. In 18-128% of GC,
MSI is detected; primarily due to hypermethylation of the MLH1 promoter [107].

In most cases MSI-positive tumors occur in older patients and they generally have a good
prognosis [108].

1.6.9 FGFRs and MET

In a recent study using high-resolution SNP arrays, fibroblast growth factors (FGFRs) have been
found to have more copy number gain than EGFR, HER2, or MET. FGFRs had approximately
9.3% copy number gain (CNG) and MET had 4.3%. Moreover, FGFRs were associated with lymph
node metastasis and shorter overall survival [99]. FGFRs are a potential target for GC treatment

in clinics as well as a potential prognostic marker.

MET is a member of the human growth factor receptor family (HGFR) and its amplification and
overexpression have a role in GC carcinogenesis thus implying that MET can be a poor prognosis
indicator [101]. A recent study found that MET-positive tumors had a significantly poorer
prognosis than MET-negative tumors in GC [108].

1.7 Gene expression signatures in gastric cancer diagnosis and prognosis
Since the advent of microarray technology, there has an exponential increase in research on gene

expression signatures. By analyzing thousands of genes all at once in different biological states,
information on pathway activation, and the relationship between the molecular profiles of tissues
to disease state can be studied extensively. There has been several gene expression signatures
identified in cancer, however, most of these signatures have not been validated for use in clinical
setting. A good gene signature is considered one which has three main characteristics, analytical
validity, clinical validity and clinical utility. Analytical validity refers to a signature which is
consistent across an array of data types and accurately presents the same results. Clinical validity
is the ability of the signature to classify the patient pool into two or more clinically relevant sub-

groups. Clinical utility is the signature’s ability to help clinicians make informed decisions based
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on the results. The results must give a significant difference in outcome in order to be utilized in
the clinics. [138]

One less discussed aspect of a gene signature is the cost-to-benefit ratio of using it in clinics
across the globe. Most well-known gene expression signatures (GES) consist of a large list of
genes, such MammaPrint or Oncotype Dx. MammaPrint assesses the activity of 70 genes whilst
Oncotype DX assesse 21 genes [138]. However, in many clinics around the globe there is a
shortage of resources and this limits their capacity to routinely test cancer patients for gene
signatures. As a result, many patients go undiagnosed in earlier stages of cancer. More often than
not, most people in developing nations are cursed with a malignancy due to lack of diagnostic
facilities. Moreover, since many of these less fortunate clinics use more archaic methods of
cancer diagnosis, the treatment options available to the patients are less efficacious. These

treatments are less personalized and is often leads to higher mortality. [139]

Generating gene signatures which are shorter would allow smaller clinics to perform these tests
thus potentially reducing the incidence of mortality among patients in less privileged

communities.

There are several bioinformatics pipelines by which a prognostic gene expression signature can
be generated. The purpose of a prognostic signature is to effectively analyze gene expression

data and assess survival outcome.

A meta-analysis which studied 39 gastric cancer prognostic gene signatures identified 3 main
methods by which these signatures are generated. Method 1 identified differentially expressed
genes to separate good and bad prognostic groups; method 2 relied on identifying genes which
are part of an aberrantly active signaling pathway in gastric cancer; and method 3 relied on
molecularly classifying gastric cancer based on certain gene expression [141].

In method 1, authors implemented an integrated analysis of gene expression data by the Robust
Rank Aggregation method [142]. After selecting a top list of DEGs, the authors performed a
univariate cox regression model to identify genes which were significantly associated with
survival. The list was shortened by performing a multivariate cox regression model to finalize a
gene list. A predictive risk score calculation was generated which allows the authors to rank each

individual patient into poor and good survival groups.

A common practice when generating a prognostic gene signature is to perform a univariate
analysis to select significant genes, followed by a MVA to further shorten gene list and generate

a list with highly significant genes which are independent of stage. Lasso cox regression analysis
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has been used between a univariate cox regression and a multivariate cox regression [143] to
shrink the genelist. LASSO (Least Absolute Shrinkage and Selection Operator) is a variable
selection algorithm which has been used in recent years to select the likeliest genes from Cox
regression model. There has been an increase in use of machine learning algorithms in biological
sciences in the last few years. Combined with the big data high throughput transcriptomic assays
generate, machine learning algorithms have been used to generate gene signatures for prognosis,
molecular classification, prediction of treatment options etc. Machine learning algorithms are
mainly two types, supervised and unsupervised. In supervised learning a known class or a group
of known classes are used to train the algorithm (it’s known as labeled training). The other type
is unsupervised learning and as the name suggests unknown classes are used to train the
algorithm (also known as unlabeled training) [144]. When detecting genomic patterns,
particularly in cancer genomics, unsupervised algorithms are used to classify molecular

subgroups, generate predictive models for drug efficacy, generate prognostic signatures etc.

One extremely powerful machine learning algorithm is SVM (Support Vector Machine). It has
been in use since the early 2000s when microarray technology was first used. It is a highly
versatile method and has been used to classify tumor subgroups in many different cancers [144].
It is a supervised learning method which means it undergoes labeled training to classify a certain
dataset based on class labels.

1.8 A novel mRNA based prognostic 20-gene signature for gastric adenocarcinoma
Previously in our lab, a 20-gene prognostic signature was generated by Dr. Secil Demirkol using

publicly available transcriptomic data from GEO (Gene Expression Omnibus). Two datasets,
GSE15459 and GSE62254 were used for the purpose of this study. These datasets contained
gene expression data (Affymetrix) for 200 and 300 gastric adenocarcinoma patients respectively.
Analyses of these datasets and their respective clinical data was done by the R script mUSAT,
the code uses the survival package to calculate the log rank p-value, cox p value and maximally
selected rank statistics. The original 20 gene prognostic signature was generated using this script.
The key difference between mUSAT and most other prognostic signature selection pipeline us
that it performs MVA as well as UVA. The probe-sets with lowest Cox p values in the datasets
GSE15459 and GSE62254 were selected and ranked. Afterward the ranks of each top gene in the
two datasets were summed up to select the best ranked 20-gene list. [140] Hierarchical clustering

analyses shows distinction between Up (poor prognosis) and Down (good prognosis).
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Figure 1.1: Hierarchical clustering analysis showing the two distinction in Up and Down
groups in GSE62254.
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Figure 1.2: Hierarchical clustering analysis showing the two distinction in Up and Down
groups in GSE15459.
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Figure 1.3: Kaplan-Meier plots of the gastric cancers in GSE15459 (left) and GSE62254
(right).

Currently, there aren’t any gene signatures which can prognosticate gastric cancer patients into
good and bad survival groups. This 20 gene signature can successfully stratify patient groups
into good and bad prognosis groups with a significant difference in survival. Moreover, this
signature is independent of histological subtypes, intestinal and diffuse which indicate its
versatility in stratifying GC patients.

1.9 Gastric tissue specific reference genes

The advent of the quantitative PCR has revolutionized biological research. However, the history
of gPCR use in research is plagued with poor experimental designs and lack of transparency
regarding the experimental set-up and questionable data analysis [110]. In order to circumvent
many of these issues, Minimum Information for Publication of Quantitative Real-time PCR
Experiments (MIQE) guidelines were published in 2009 [111].

The use of reference genes in gPCR is a standard practice that is widely accepted in the scientific
community. However, the use of conventional reference genes have been brought into question in
recent years in cancer research. In cancer biology, there has been an uptick in using mRNA levels
of genes of interest as a marker for a myriad of cellular processes including proliferation, apoptosis,
metabolic activities, etc. The need for stable reference genes are paramount to quantify the levels
of these genes in cancer cells. The use of qPCR is well established in medical research and

diagnostics. In a clinical setting, it is of utmost importance that the control genes are stably
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expressed in both tumor and normal tissues, otherwise it creates a variability in analyzing results

and may give rise to the possibility of improper diagnosis.

The use of housekeeping genes such as Glyceraldehyde 3-phosphate dehydrogenase (GAPDH),
Actin beta (ACTB) and beta 2-microglobulin (B2M) is commonplace in biological research. The
high expression levels of these genes and their steady expression made them appealing reference
genes for many years [112,113]. Recent research however, found expression inconsistencies of
these known reference genes in various cancer tissues [114,115]. Furthermore, selecting which
genes best serve as internal controls for cancer tissues pose a challenge. A study conducted in 2012
found both GAPDH and ACTB have 67 and 64 pseudogenes respectively. These pseudogenes are
intron-less and pose a risk of skewing gPCR data [116].

All things considered, there is a growing body of researchers who agree that it should not be
assumed that known reference genes have stable expression in tissues as dynamic and as diverse

as cancer. Tissue-specific reference genes are required to accurately assess gene expression levels.
1.10 Aims of the study

The primary aim of the study was to validate the 5-gene mMRNA-based prognostic signature in
silico using high-throughput gastric cancer datasets. We’ve utilized publicly available gene
expression and clinical data from Gene Expression Omnibus for this purpose. The patient groups

were stratified based on our gene signature and their survival difference was assessed.

Lastly, we generated an algorithm which takes normalized transcriptomic data and generate a list
of gastric tissue-specific reference genes which has the most stable expression across all genes
expressed in the tissue-type. Post-discovery, we attempted to validate our novel reference genes

via in silico methods and gPCR.
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Chapter 2

Materials and Reagents

2.1 General laboratory reagents

Common laboratory reagents such as ethanol, isopropyl alcohol, and chloroform, EDTA were
purchased from SIGMA ALDRICH (St. Louis, MO, USA). Nuclease-free water, DEPC treated
water were bought from Ambion (Carlsbard, CA, USA). DMSO was purchased from AppliChem
(Darmstadt, Germany). Basic laboratory consumables such as gloves, paper towels, 70% ethanol

were all provided by the Molecular Biology and Genetics department of Bilkent University.
2.2 cDNA synthesis of tumor, normal, and cell line mMRNA

Total RNA was extracted from cultured cell lines using the PureZOL RNA Isolation Reagent
(BIO-RAD, Hercules, CA, USA) following the manufacturer’s protocol. Afterward, DNase I
treatment was performed using the DNA-freeTM Kit (Ambion, Carlsbard, CA, USA) following
manufacturer’s protocol. Total RNA concentration and purity was measured using NanoDROP

One spectrophotometer (Thermo Scientific, Wilmington, DE, USA).

300 ng of cell lines and 500 ng RNA of tumor was used to perform cDNA synthesis using the
Revertaid First Strand cDNA Synthesis Kit (Thermo Fisher Scientific, Boston, MA, USA) with

oligoDT primers according to the manufacturer’s protocol.
2.3 Cell culture materials

A panel of 6 gastric cancer cell line were purchased from the American Type Culture Collection
(ATCC). The delivered cell lines were thawed according to ATCC cell thawing protocol. 1%
Penicillin, streptomycin was added to RPMI growth media along with filtered FBS (fetal bovine

serum).

The cells were cultured in a cell culture incubator accordingly at 37 °C and 5% CO2 according to
the ATCC protocol. The cells were passaged according to ATCC protocol.

RPMI with stable Glutmine was used for cell culture. (Biowest, Nuaille, FR). Trypsin-EDTA
(0.25%) was purchased from SIGMA-ALDRICH (St. Louis, MO, USA). Fetal Bovine serum was
bought from Biowest (Nuaille, FR). 1% Penicillin-streptomycin was used in complete media
(Hyclone, Rockford, USA).
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For freezing media, ATCC protocol was followed and the media consisted of complete growth
media with 5% (v/v) DMSO. Additionally, vials with FBS and 5% (v/v) DMSO was preserved

according to our lab’s protocol.

Cell line Type Culture condition Classification
AGS Adhesion 1% pen-strep, 10% FBS, RPMI  [Epithelial
KATO-III Adhesion + Suspension | 1% pen-strep, 10% FBS, RPMI  |Uncategorized
NCI-N87 Adhesion 1% pen-strep, 10% FBS, RPMI  [Epithelial
SNU-1 Suspension 1% pen-strep, 10% FBS, RPMI  [Mesenchymal
SNU-16 Suspension 1% pen-strep, 10% FBS, RPMI  [Epithelial
SNU-5 Suspension 1% pen-strep, 20% FBS, RPMI  (Intermediate/
Mesenchymal

Table 2-1: Cell line characteristics and growth conditions.
2.4 Quantitative Real-time PCR assay

Real-time quantitative (QPCR) was performed using the Roche LightCycler 480 type Il (Roche
diagnostics, Nederland, BV) and iTagTM Universal SYBR® Green Supermix (BIO-RAD,
Hercules, CA, USA) according to the manufacturer’s specifications. Amplification was performed
under the following conditions: 95 °C for 30 seconds, followed by 40 cycles of 95° for 15s and of
60 °C for 60s. The genes, EWSRL1, SF1 and HNRNPK were selected as candidate reference genes
and GAPDH and PGK1/B2M were selected for comparison.

2.4.1 Primers
SF1

Forward: 5-ACCATGGCCCTCCTCCAAT-3
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Reverse: 5-GGTGGCGGCATCATACCTTT-3

EWSR1

Forward:; 5-GAGAGCGAGGTGGCTTCAAT-3

Reverse: 5-GGATCTACAGGTGGGCCTAGA-3

B2M

Forward: 5-TGGAGCTCCTGGAAGGTAAAG-3

Reverse: 5-AGTTGACTTAGGGGCTGTGC-3

HNRNPK

Forward: 5- CGGGGAAGAGGTGGTTTTGA-3

Reverse: 5-TGAGGTCTCCCCCTCTAGGT-3

GEO accession No. of Platform Survival information

code samples

GSE15459 [117] | 192 Affymetrix HG-U133_Plus_2 [Yes Discovery

GSE62254 [118] | 300 Affymetrix HG-U133_Plus_2 [Yes Discovery

GSE54129 111 Affymetrix HG-U133 Plus_2 |No Hierarchical clustering
GSE51105[119] | 94 Affymetrix HG-U133_Plus_2 |No Hierarchical clustering
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GSE100935 66 Affymetrix HG-U133 Plus 2 |No Hierarchical clustering
[120]

GSE57303 [121] | 70 Affymetrix HG-U133 Plus 2 |No Hierarchical clustering
GSE13861 90 Illumina HumanWG-6 v.3.0 Yes Survival Data Validation
[122,123]

GSE26253 432 Illumina HumanRef-8 WG- Yes Survival Data Validation
[122,124] DASL v.3.0

GSE26899 [122] | 108 Illumina HumanHT-12 V3.0  |Yes Survival data Validation
GSE26901 [122] | 109 IHlumina HumanHT-12 V3.0 |Yes Survival data Validation
GSE28541 [122] | 40 Ilumina HumanWG-6 v2.0 Yes Survival data Validation

Table 2-2: List of datasets used to validate the prognostic gene list.

2.5 Ex vivo validation group
Tumor tissues and adjacent normal tissues were collected from 10 individuals who were diagnosed

with gastric adenocarcinoma. Prior to collecting the samples, the patients signed an informed

consent form. All patients were above the age of 20. The samples underwent routine analysis by

the clinical pathologists after acquisition.
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Chapter 3
Methods

3.1 Statistical analyses

We used R version 3.5.3 and 4.0.3 [125] respectively throughout our work. We used RStudio to
run our scripts. For calculating average gene expression, standard deviation of gene expression
and log fold change we’ve used Microsoft excel. Variation was calculated using =var() function

in Excel.

Pearson correlation and p-value calculations were done in RStudio using the package Hmisc [126];

we’ve implemented a p-value cut-off of <0.01.
Graphpad Prism version 8 for Windows was used to generate expression plots.
3.2 Microarray data Normalization

Raw data for each dataset was downloaded from NCBI GEO. For the Affymetrix data-sets, .CEL
files were used to perform RMA (Robust Multiarray Average) normalization by using BRB array
tool [127] which is an Excel Add-in. The Illumina datasets were quantile normalized by using an

R package PreProcessCore [128] and then they were log2 transformed in R version 3.5.3.
3.3 Hierarchical Clustering Analysis

For hierarchical clustering we used Cluster 3.0 and Java Treeview. These desktop applications

were downloaded from http://bonsai.hgc.jp/~mdehoon/software/cluster/software.htm.

In Cluster 3.0 we clustered our dataset by measuring Euclidean distance and complete linkage for
both genes and arrays. The software generated a .CDT file with the clustered data, each data point
was then standardized using the formula (Value-mean)/ standard deviation. The standardized

dataset was then visualized by Java Treeview.
3.4 Survival Analysis

For Survival analysis we used the Survminer [129] and Survival [130] packages in R. We classified
the patients into good and bad groups based on low and high expression of our 20 genes
respectively. We plotted Kaplan-Meiers for our discovery and validation datasets after classifying

patients into good and bad groups based on the 5 gene prognostic signature.
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We calculated the cox regression and hazards ratio for the 20 gene signature in our 5 survival
validation datasets by using an R script, mMUSAT which was written by one of our previous lab

member; for this script we used the R packages Survival and Maxstat [131].
All survival analysis was performed with overall survival (in months) information.
3.5 Correlation plots

We used the package Corrplot [132] in R to generate correlation plots. We generated correlation
plots for the discovery and validation datasets for the 20 genes to see which genes are highly
correlated with each other. The function was written to eliminate the genes which did not have a
significant correlation; thus the diagrams display genes that are only significantly correlated with
a p-value cutoff of 0.05.

3.6 RNA-seq data and normalization

We downloaded raw count data from TCGA (link: https://portal.gdc.cancer.gov/) for gastric
cancer and performed De-seq2 [133] normalization in Rstudio. The sample size was 413 and post-
normalization we log2 transformed the data. Besides the De-seq2 normalized TCGA data we
downloaded RSEM [134] normalized TCGA data from FireBrowse (link: http://firebrowse.org/)
and log2 transformed the data as well. The RSEM dataset had 450 samples in total and 35 of these
were from normal tissue, and 415 were stomach adenocarcinoma tissue. We performed our gene
stability analysis with the 415 samples. The two samples in the RSEM data which were not present
in the HT-seq count data were eliminated. We downloaded RSEM normalized data from CCLE

and log2 transformed them as well.
3.7 Assessment of gene stability

We develop an in-house algorithm to identify the genes that are the most stably expressed in gastric
cancer tissue. The statistical method we chose was coefficient of variance calculation. The
standard deviation of each gene is calculated and then divided by its average expression to generate
its coefficient of variance. A smaller coefficient of variance (CV) indicated less variation around

the mean among gastric tumors.
CV=s/x

(s = sample standard deviation, x = sample mean)

24



3.8 Random repeated sub-sampling method

The code we wrote takes a normalized, log2 transformed RNA-seq data as an input where the

columns correspond to the samples and the rows correspond to the genes.

In the first step of the algorithm, the samples were shuffled and then divided into two random two
and matrices were generated with their expression data (n=207, n=206). For both matrices, the
code calculates the CV for each gene, ranks the genes based on the coefficient of variances (higher

rank means lower CV). The ranks were stored in two matrices titled “ranks 1” “ranks 2”.

The code then repeats these steps for a thousand iterations. After we generated the two rank tables,
for a thousand iterations, we calculated the average rank for each gene (average of 2000 ranks)
and called that “rank mean”. We used rank mean 200 as a cutoff to generate a table of top
candidate reference genes. We ran the code on the RSEM normalized data as well as the Deseq2
data for TCGA and for RSEM normalized CCLE data.

3.9 Multivariate Unsupervised software analysis tool (MUSAT)

The mUSAT code was written by a former member of our lab, Murat Isbilen using R (version
3.1.2). The code uses the survival package to calculate the log rank p-value, cox p value as well as
perform maximally selected rank statistics. The original 20 gene prognostic signature was
generated using mMUSAT. The probe-sets with lowest Cox p values in the datasets GSE15459 and
GSE62254 were selected and ranked. Afterward the ranks of each top gene in the two datasets

were summed up to select the best ranked 20-gene list.
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Chapter 4

Results

4.1 Selection of a shortened gene-list from the 20-gene mMRNA signature for further analysis

In a clinical setting, analyzing the gene expression of each gastric cancer patient for a 20 gene
signature is tedious. Pathology and diagnostics labs are inundated with tests on a daily basis.
Unless the facility has abundant resources and targeting sequencing facilities, assessing gene
expression of 20 genes via gPCR seemed daunting. Thus we, attempted to shorten our gene-list,
in order to make them more suitable for clinical applications. Furthermore, we postulated a two-
step verification method to classify patients into good or poor prognostic group would increase
the efficacy of our signature. Thus we aimed to find a list of genes which stratify patients into
prognostic groups both at a transcriptomic and at a proteomic level. To generate a smaller gene
signature based on transcriptomic data, we attempted two separate strategies; correlation matrix
to find highly correlated genes and find genes with the biggest difference in log fold change
between the good and bad prognostic groups, classified by our initial 20 gene-signature. Our aim
was to find a group of genes which show up on both lists to work on further. As for the
proteomic approach, we checked for the protein level expression of our genes from the Human
Protein Atlas. A list of genes with high expression in gastric tumor tissues, which also have
readily available commercial antibodies would be selected and compared with the gene-list
generated from transcriptomic data to find a list of genes which are present in both lists. The

flow chart below depicts the steps we took to finalize our gene list.
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Figure 4.1: Flow chart depicting the series of decision making to select the final 5 genes for
our signature.

4.1.1 Generating correlation plots for the 20-gene list to identify a strongly correlated
subgroup

Primarily, we attempted to generate a strongly correlated group of genes which will stratify the
patients in the discovery datasets into good and bad prognosis groups as the 20-gene signature
did. We postulated that a strongly correlated set of genes would allow us to shorten our list to the
point where it would be more manageable in a clinical setting. We generated correlation matrices
with the 20 genes to identify genes with a higher correlation than 0.7 in our discovery cohorts,
GSE62254 and GSE15459.

LOX14 10C339260 NALCN HEYL IGFBP7  TAGIN  ACTA2 CALD1 LAYN NREP  AKAP12 ™m2 MXRA7 TUBB6 RASSF8 TGFB2 LAMC1 RAI14
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Figure 4.2: Correlation matrix of the 20 gene signature in discovery dataset 1 (GSE66254).
All correlations higher than 0.7 is highlighted in red and Genes with a significant correlation is
highlighted yellow.
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A total of 14 genes had a strong positive correlation. The genes were, HEYL, IGFBP7, CALD1,
ACTA2, TAGLN, LAYN, NREP, LAMC1, RAI14, AKAP12, MXRA7, RASSF8, TUBBS6, and
TPM2.

Next we generated a correlation plot with our second discovery dataset, GSE15459.
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LAMCL 0.517826 0.295949 0.282088 0.228668 0.433345 0.567439

RAIL4 0.499399 0.37882 0.277157 0.257211 0.428451 0.5083931 0.678311 0.647036 0.650541] 0.615183 0.610674 0.690314 0.682282 0.697391 0.638591 0.666598

Figure 4.3: Correlation matrix of the 20 gene signature in discovery dataset 2 (GSE15459).
All correlations higher than 0.7 is highlighted in red and Genes with a significant correlation is
highlighted yellow.

A total of 15 genes had a strong positive correlation. The genes were, HEYL, IGFBP7, TAGLN,
ACTA2, CALD1, LAYN, NREP, LAMC1, RAI14, AKAP12, MXRA7, RASSF8, TUBBS,
TGFB2, and TPM2.

4.1.2 Hierarchical clustering of correlation-based shortened gene-lists in the two discovery
datasets

Next, we attempted to see whether the shortened gene-lists stratify patients into good and bad
groups based on prognosis. Gene expression data from the two discovery cohorts were
hierarchically clustered to see whether there is significant overlap between the patient groups

stratified by the 20 gene signature to the shorter gene signature.
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Figure 4.4: Hierarchical clustering of discovery cohorts with the selected prognostic genes.
14 and 15 genes that were highly correlated were hierarchically clustered in the datasets
GSE62254 and GSE1545, respectively. The discernible patient groups were labelled Good and
Bad based on their gene expression. Orange lines separate the Good and Bad groups.

Scale: Green clusters represent lower expression and red represents overexpression.

Dataset Total samples GOOD BAD Mismatch = %overlap
GSE62554 | 300 136 122 42 86
GSE15459 | 192 99 82 11 94

Table 4-1: Overlap of patient groups between the 20 gene signature and the shorter gene
signatures.

From table 1, it is clear that the shorter gene-lists are capable of classifying the patients into

similar groups as the larger signature.
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Since, there was significant patient overlap between the grouping done by the two genelists, we

generated Kaplan-Meier plots to see if our shorter gene-lists had any prognostic advantage.
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Figure 4.5: Kaplan-Meier plots for the two potential prognostic groups. A and B shows the
survival plots for the two discovery cohorts, GSE15459, and GSE62254 respectively. Red graph
represents the good group, labelled Down, and the blue graph represents bad group, labelled
Down. Median survival is depicted below the graphs.
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4.1.3 Log-fold change based gene-list generation

We next attempted to generate a gene-list based on log-fold change values. The hierarchical

clustering in figure 1.1 shows subgrouping based on low and high gene expression. We

postulated that, this might result in significant fold change between the good and bad prognostic

groups. Hence, we calculated the log2 fold change of the 20 genes, based on the stratification by

the 20 gene signature. We ranked the 20 genes based on their log fold change. The gene with the

greatest fold change was ranked lowest. We then took the average of the ranks to generate a

ranksum for each gene.

GSE15459

Gene Sym LogFC

AKAP12
LAYN
LOC33926
CALD1
HEYL
ITGB5
RASSF8
TAGLN
TPM2
TUBB6
ACTA2
LOXL4
MATN3
MXRAT7
IGFBP7
NALCN
LAMC1
NREP
TGFB2
RAI14

-0.39676
-0.26813

-0.0977

-0.24302
-0.13034

-0.031

-0.50384

-0.2188

-0.31684
-0.39496
-0.14785
-0.01912
-0.00157
-0.25219
-0.06513

0.06581

-0.24333

-0.0655

-0.22494
-0.04749

2
5
13
8
12
17
1
10
4
3
11
18
19
6
15
20
7
14
9
16

GSE62254

Gene nam LogFC

AKAP12  -1.06843
LAYN -1.15744
LOC33926 -1.53482
CALD1 -1.16008
HEYL -1.40337
ITGBS -1.85498
RASSF8  -0.91596
TAGLN -1.31754
TPM2 -0.97156
TUBB6 -0.91817
ACTA2 -1.18743
LOXL4 -1.58562
MATN3  -1.76108
MXRA7 -0.95868
IGFBP7 -1.39769
NALCN -1.49381
LAMC1 -0.44048
NREP -1.14983
TGFB2 -0.77724
RAI14 -0.37741

RANK

13
11

10

RANKSUM
15
16
17
18
18
18
18
18
18
19
20
21
21
21
22
25
26
26
27
36

Table 4-2: Log2 fold change values and the ranks for 20 genes in the two discovery
datasets.The genes highlighted in mustard yellow are the ones which were selected for
hierarchical clustering analysis. The genes were selected based on a ranksum cutoff of 20.
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ITGES

LOC339260

B

GSE15459

Figure 4.6: Hierarchical clustering analysis of the candidate genes picked based on log-FC.
Discovery datasets GSE162254 and GSE15459 are A and B respectively. The orange line
represent the separation of the good and bad groups.
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We generated Kaplan-Meier plots for the genes selected by log-FC as well. However, one

important point to note is that the logFC values in the cohort, GSE15459 were not significant

whereas, the logFC values in the dataset, GSE62254 were mostly less than -1, meaning there is a

significant fold change between the good and bad groups. We reasoned that this might be due to

the heterogeneity in gene expression between gastric cancer patients. Moreover, there might be

technical artefacts in the experiment design which gave rise to this inconsistency.
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Figure 4.7: Kaplan-Meier plots for the two potential prognostic groups. A and B shows the
survival plots for the two discovery cohorts, GSE15459, and GSE62254 respectively. Red graph
represents the good group, labelled Down, and the blue graph represents bad group, labelled
Down. Median survival is depicted below the graphs.

As expected, the survival plot for the dataset GSE15459 did not have a significant log-rank p-
value.

4.1.4 Selecting a shorter gene-list based on protein level expression

After thorough research, we selected the genes ACTA2, TPM2, TAGLN, CALD1 and HEYL
from our list of 20 genes. These 5 genes were present in the gene selected from the highly
correlated list as well as the logFC-based list. Moreover, these 5 genes had high protein level
expression in gastric tumour tissue according to the Human Protein Atlas. Four of these genes
were associated with the extracellular matrix and HEYL was a transmembrane protein.

Our aim was to identify a prognostic signature which will be effective both at an mRNA level
and protein level. If we can validate our genes, immunohistochemistry of these 5 genes in gastric
cancer biopsies can be routinely performed in clinics alongside gPCR to have a more accurate
two-fold diagnostic system.

4.2 Validation of the 5 gene signature by hierarchical clustering and survival analysis

In order to validate our gene-list in silico, we utilized two main approaches. Hierarchical
clustering and survival analysis.

The discovery cohorts were used to first validate the efficacy of the 5-genelists by clustering and
survival plots. We had 7 additional microarray datasets, all of which were used for validation via

hierarchical clustering and 3 were used to generate additional survival plots.

4.2.1 Patient stratification based on 5-gene signature

Before moving forward with the 5 genes, we needed to make sure that these genes hold similar
capacity to discernibly categorize patients into comparable groups as the 20-gene mMRNA
signature. In order to do that, we selected 4 affymetrix datasets from Gene Expression Omnibus
(GEO). All four datasets were from the platform, HGU-133 Plus 2. All datasets were RMA

normalized in R and standardized before analyses. For simplicity these datasets, GSE51105,
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GSE54129, GSE100935, and GSE 37303 will be referred to as cohorts-3, 4, 5, and 6 respectively
from here on out.

First wanted to see if our 20 gene signature can stratify patients in independent datasets.
Hierarchical clustering analysis was performed on cohorts-3, 4, 5, and 6.
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Figure 4.7 Results of hierarchical clustering analyses for 4 validation datasets with the 20
genes signature. A-D are cohorts 3-6 respectively. Orange lines separate the good and bad
groups.
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Figure 4.8: Results of hierarchical clustering analyses for 4 validation datasets with the 5-
gene signature. A-D are cohorts 3-6 respectively. Orange lines separate the good and bad
groups.

Dataset Total Good-Good Bad-Bad Mismatch  Total Overlap % Overlap
Sample

Cohort-3 94 57 24 13 81 87

Cohort-4 111 36 67 8 103 93

Cohort-5 66 23 40 3 63 95

Cohort-6 70 20 36 14 56 80

Table 4-3: Overlap between the 20-gene signature and the 5-gene signature in cohorts 3-6.
4.2.2 Validation of 5-gene signature in discovery cohorts

The two discovery cohorts GSE15459 and GSE62254, will henceforth be referred to as cohorts 1

and 2 respectively.
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Cohort-1 Cohort-2
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Figure 4.9: Hierarchical clustering analysis of cohorts 1 and 2 with the 5-gene signature.
A and B represent cohorts 1 and 2 respectively. Orange lines represent where the Good and
Bad groups were separated.

Dataset Total Good-Good Bad- Mismatch Total % Overlap
Sample Bad Overlap

Cohort-1 192 82 89 21 171 89.1

Cohort-2 300 168 52 80 220 73.3

Table 4-4: Overlap between the patent groups stratified by the 20 gene-list and the 5-gene

signature.
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A Cohort-1 B Cohort-2
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UP.DOWN=1 52 40 21.9 15.9 31.3  Cohort-2
UP.DOWN=2 247 112 NA 77.2 NA

Figure 4.10: Survival plots for the 5-gene signature in cohorts 1 and 2.

A and B represent the K-M plots for cohorts 1 and 2 respectively. Red graph represents the good

group, labelled Down, and the blue graph represents bad group, labelled Down. Log-rank p-
value is shown in the graph, the median survival for each group is given below the graph.
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4.2.3 Validation of the 5-gene signature by survival analysis

Three validation datasets were acquired from GEO which contained clinical data. The datasets
were generated using the lllumina beadchip technology and the normalization process used was
guantile normalization. The GEO accession number of the datasets were, GSE26901, GSE13861,
and GSE26899, which from now on will be referred to as cohorts 7-9 respectively. The 5-genes

were used to hierarchically cluster the cohorts into Good and Bad groups.

Cohort-7 Cohort-8 Cohort-9

C

CALDl LAIAD

Figure 4.11: Hierarchical clustering results for the survival datasets.
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Figure 4.12: Survival plots for the 3 validation cohorts. A-C are Cohorts 7-9 respectively.
Red graph represents the good group, labelled Down, and the blue graph represents bad group,
labelled Down. Log-rank p-value is shown in the graph, the median survival for each group is
given below the graph. Log-rank based multiple cutoff curves were plotted for the three datasets
in RStudio.
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Figure 4.13: LRMC:s for cohort 7 with the 5 genes TPM2, TAGLN, HEYL, ACTAZ2, and CALD1.

3.0

25

2.0

1.5

0.5

0.0

TAGLN
3

LRMC Graph

Expression Threshold

ACTA2
4
LRMC Graph
.
H
® -
.
ime
- 1
o/ e
“ \r e
)
- . b
. . * ale
.. - -
__________________ - 3%egrccccapadaad
L]
.o an .o . .
JN L BT L i
.. '. . . -
-« iz -
g .
L . 1
- .

120 125 13.0 135 140 145 150
Expression Threshold

The horizontal dotted line is the threshold for log-rank p-value <0.05; the blue dots correspond to

gene expression values with a good prognosis whereas the red dots correspond to worse
prognosis. The vertical dotted lines represent the 25", 501" and 75" percentile expression value.
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Figure 4.14: LRMC:s for cohort 8 with the 5 genes TPM2, TAGLN, HEYL, ACTA2, and
CALD1. The horizontal dotted line is the threshold for log-rank p-value <0.05; the blue dots
correspond to gene expression values with a good prognosis whereas the red dots correspond to
worse prognosis. The vertical dotted lines represent the 25™, 501" and 75™ percentile expression
value.
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Figure 4.15: LRMC:s for cohort 9 with the 5 genes TPM2, TAGLN, HEYL, ACTA2, and
CALDL1. The horizontal dotted line is the threshold for log-rank p-value <0.05; the blue dots
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4.3 Discovering gastric tissue-specific reference genes using high-throughput
transcriptomic data

We developed an in-house algorithm to identify the genes that are the most stably expressed in
gastric cancer tissue. The statistical method we chose was coefficient of variance calculation.
We would calculate the standard deviation of each gene and then divide by its average
expression to generate its coefficient of variance. Our hypothesis was, lower the coefficient of
variance (CV) the more stably the gene will be expressed in gastric cancer tissue. CV is a good
indicator of the dispersion of expression values in a data set around the mean. The
implementation of this method allows us to compare genes with drastically different average

expression levels across a date set.

As a sample set we chose The Cancer Genome Atlas (TCGA) data for our analysis. TCGA has
RNA-seq data for 413 gastric cancer patients available publicly. For RNA-seq data
normalization we utilized two different normalization methods, DeSeq2 and RSEM.

We acquired the RSEM normalized data-set from FireBrowse, which is curated by Broad
Institute. For the Deseg2 normalization we downloaded the HT-seq files from the Genomic Data
Commons (GDC). The RSEM software package takes in raw sequencing data and quantify both
paired-end and single-end reads; the software has a normalization technique which accounts for
fragment length and thus the final count is not affected by the length of the transcript. RSEM
normalization is a very flexible normalization technique in terms of its applications, thus we

chose to use it for our analysis.

Deseq?2 is an R package which specializes on differential expression analysis. It takes a matrix of
HT-seq counts as an input. The package allows downstream analysis of the gene list to identify
differentially expressed genes. However, for our purpose, we did not perform any downstream

analysis. Both the Deseq2 normalized and the RSEM normalized data were log2 transformed.

The code we wrote takes a normalized, log2 transformed RNA-seq data as an input where the
columns correspond to the samples and the rows correspond to the genes. We named it Random,

repeated sub-sampling method for stable gene identification.

In the first step, the code creates two empty matrices and then randomly assigns samples from
the input into these two matrices. After generating the matrices, the code calculates the CV for
each gene and stores these values into two new tables. Then the code ranks the genes based on

17’ (13

the coefficient of variance calculated and stores the ranks in two matrices titled “ranks ranks
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2”. The genes are ranked by ascending order of coefficient of variance. Meaning the gene with

the lowest coefficient of variance would be ranked 1.

The code then repeats these steps for a thousand iterations. The reason we divided the matrix into
two groups is primarily because TCGA has over 400 gastric cancer samples giving the two
groups over 200 samples each, which is a statistically significant number of samples to make an
observation. By dividing the data into two groups we could have a discovery cohort and a
validation cohort. So if the same genes are ranked top in both groups, we can consider it for

further analysis.

We performed a thousand iterations of the code to randomly shuffle the 400 samples into two
groups and rank the genes according to their CV in every iteration. After a thousand iterations,
the genes that consistently appear in to be best ranked would indicate that they are stably
expressed. Since ranks correspond to CV and lower CV indicate a more stable expression across
all the samples. After we generated the two rank tables, discovery and validation, for a thousand

iterations, we calculated the average rank for each gene.
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Figure 4.16: A visual representation of the code to discover novel reference genes.

4.3.1 The results from TCGA and CCLE

The best ranked candidate reference genes were plotted against the more conventionally known
reference genes to visualize the variation difference between the genes.

The rationale behind using two types of normalization to analyze TCGA data was to observe any
perceived difference between coefficients of variance. The objective was to ensure the code is
applicable to all sorts of high-throughput gene expression data, regardless of the normalization
used. The top ranked genes from the De-Seq2 results and the RSEM results were compared; the
ranks were comparable and the top list of genes were similar. Thus, for the final selection of
reference genes, RSEM data from TCGA and CCLE were considered.
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Figure 4.17: Expression pattern of top ranked reference genes (black) against the more
well-known reference genes (orange) in TCGA data. Data was normalized by the De-seq2
package. Pink represents genes that were discovered to be a good reference gene in literature.
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Figure 4.18: Expression pattern of top ranked reference genes (black) against the more
well-known reference genes (orange) in TCGA data. Data was normalized by RSEM. Pink
represents genes that were discovered to be a good reference gene in literature.

Instead of identifying suitable reference genes in gastric cancer tumors only, we aimed to use the
RNA-seq data from Cancer Cell Line Encyclopedia (CCLE) to identify a list of reference genes
which would act as control genes for both gastric tissue and gastric cancer cells lines. CCLE has
RNA-seq RSEM normalized data for 37 gastric cancer cell lines. We ran our novel reference
gene code with this data to identify a list of top reference gene candidates. 150 of the top genes
from CCLE and TCGA were compared to generate a list of common genes. The resulting list is
displayed in table 5.

In figures 4.17-4.19, the expression patterns of the top 20 reference gene candidates (black) are
presented alongside 12 known reference genes (orange). The one consistent pattern that emerges
is that our method identifies reference genes which less varied expression than the well-known
reference genes, particularly GAPDH, B2M and ACTB.
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Figure 4.19: Expression pattern of top ranked reference genes (black) against the more
well-known reference genes (orange) in CCLE data which was normalized by RSEM. Pink
represents genes that were discovered to be a good reference gene in literature.
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Figure 4.20: Mean_rank vs. expression plots. A) TCGA data with De-Seq2 normalization. B) TCGA data with
RSEM normalization. Green- prognostic gene signature, Orange- known reference genes, Pink- not novel, Black-
Candidate Reference genes

The purpose of identifying gastric tissue specific reference genes was to perform gPCR with our
5-gene prognostic signature to accurately assess the mRNA levels of our genes in our gastric
cancer cohort. Thus, we aimed to see if the expression levels of our reference genes were

comparable to our prognostic genes; the objective was to select 3 reference genes whose
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expression covered the range of expression for our 5 prognostic genes. However, as can be seen
in figure 4.20, this proved difficult as the expression range of our candidate reference genes were
less variable than that of the prognostic genes. Thus, we selected the reference genes to test with

gPCR based on their ranks.

Genes Mean_RANK_RSEM Mean_Rank_CCLE Rank_Mean
EWSR1 10.0 8.0 9.0
HNRNPK 6.5 145 10.5
HNRNPC 18.6 10.2 14.4
ZNF207 15.1 38.2 26.6
HNRNPM 23.7 40.3 320
HNRNPU 16.9 59.9 384
HNRNPA2B1 61.5 175 395
HNRNPL 20.5 77.6 49.0
SF1 3.2 152.9 78.1
TARDBP 9.1 155.0 82.0
XRCC5 13.9 176.0 95.0
ARF1 60.4 139.5 99.9
CNBP 57.0 143.5 100.3
SF3B2 25.7 191.0 108.4
DDX5 34.9 187.9 1114
ACTR2 75.4 154.4 114.9
RBMX 146.5 89.1 117.8
HNRNPR 56.7 195.0 125.8
SERBP1 38.4 213.3 125.9
IMMT 119.6 139.8 129.7

Table 4-5: Top ranked candidate reference genes. The genes highlighted red are the genes
we’ve selected for validation via qPCR.
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The sum of the mean ranks for TCGA_RSEM and CCLE_RSEM was calculated for each gene.
Then, the top two were selected, EWSR1 and HNRNPK. SF1 was selected as it had the highest
rank in tumor tissue.

Figure 4.21 depicts the expression patterns or our candidate reference genes compared to 12
known reference genes for TCGA (right) and CCLE (left).
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Figure 4.21: The gene expression pattern of our 3 candidate reference genes compared to
the 12 known reference genes. Teal- candidate reference genes, lilac- 12 known reference
genes. TCGA (on the left) and CCLE (to the right).

4.3.2 Comparing expression of our candidate reference genes in normal gastric tissue

Upon selecting a list of reference genes for further validation in cancer tissue and cell lines, we
set forth to analyze the expression levels of our candidate reference genes in normal gastric
tissue. Our aim was to observe whether our candidate genes are expressed stably in normal
tissues or not. For this analyses, we ultimately selected two microarray datasets, 2 and 3 from
table 4.6; as well as TCGA, which has tumor adjacent normal tissue expression data for 35

patients; out of which 32 patient barcodes could be matched to their tumor RNA-seq data.
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GEO accession Platform Tumor Normal Description Location of study

ID sample Samples

GSE54129 Dataset 1 HG-U133 Plus_2 111 21 Normal gastric tissue were collected from China
healthy individuals undergoing heath
examination

GSE66229 Dataset 2 HG-U133 Plus_2 | 300 100 Normal tissues were collected from 100 Korea
patient-matched gastric cancer patients.

GSE79973 Dataset 3 HG-U133_Plus_2 10 10 Paired data, tumor tissue and normal gastric China

mucosa were collected from 10 patients

Table 4-6: Datasets selected to analyze expression levels in tumor adjacent normal tissues
for the 3 candidate reference genes.
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Figure 4.22: Comparison of candidate control gene expression between normal and tumor
tissue in TCGA. A) Expression patterns of paired tumor and normal tissue in TCGA. N_gene-
name denotes gene expression in normal tissue and T_gene-name denotes expression in tumor.
B) Table representing p-values from a paired t-test between gene expression in tumor tissue and

normal tissue.

To compare the expression levels of our candidate genes, EWSR1, SF1 and HNRNPK, we chose

to use GAPDH and B2M due to their popularity as control genes. In figures 4.22 (A), 4.23 and

4.24 (A), it appears that the expression levels of the 5 genes are comparable between tumor and

normal gastric tissue. However, in 4.22 (B) p-values for the paired t-test shows significance

difference between tumor and normal for the genes, EWSR1 (p-value= 0.000206) and HNRNPK
(p-value= 0.006563). Moreover, in 4.24 (B), paired t-test returned significant results for GAPDH

(p-value= 0.000599), HNRNPK (p-value= 0.004182) and SF1 (p-value= 0.044789).
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Figure 4.23: 23 Comparison of candidate control gene expression between normal and
tumor tissue in dataset_2.

Expression patterns of 300 tumor and 100 normal tissue in dataset 2. N_gene-name denotes gene
expression in normal tissue and T_gene-name denotes expression in tumor tissue.

Although, HNRNPK is differentially expressed in tumor and normal gastric tissues two datasets,
the other genes only are significant in either dataset with paired data. Besides t-test, we aimed to
verify whether there is potential differential expression of the 5 genes by calculating their log
fold change (logFC) using average expression value.

In figure 4.25, the logFC in each dataset is displayed. Here we see that there is no discernible or
significant difference in gene expression between normal and tumor tissues. Due to the
inconsistency between the t-test results in the two paired datasets and he logFC values, we

decided to move forward with the logFC values as reference.
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Figure 4.25: A scatter plot showing the lack of variation in the log fold change value of the
reference genes between tumor and normal tissue.

4.3.3 Assessing the efficacy of our novel reference genes compared to known reference
genes

In order to estimate whether our candidate reference genes have an added advantage to be used
as control genes for gastric tissue, both normal and tumor, as well as in stomach cancer cell lines
we developed a simple mathematical concept. We postulated, if the ratios of mean gene
expression between each of the candidate reference genes have a lower variation than GAPDH
and B2M, then we can claim that they are better suited as control genes in gastric cancer tissues
and cell lines.

To verify our claim, we calculated the log2-difference between all 5 reference genes with one
another to generate a simple matrix which holds the ratios between each of the genes. For this
analysis, we utilized datasets 2 and 3 from table 4.6 as well as TCGA gastric data.

A EWSR1  SF1 HNRNPK GAPDH  B2M
8.90957 8.93775 11.9141 12.2176 13.6922
EWSR1 8.90957 0.0 0.0 3.0 3.3 4.8
SF1 8.93775 0.0 0.0 3.0 3.3 4.8
HNRNPK 11.9141 -3.0 -3.0 0.0 0.3 1.8
GAPDH 12.2176 -3.3 -3.3 -0.3 0.0 1.5
B2M 13.6922 -4.8 -4.8 -1.8 -1.5 0.0
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B EWSR1  SF1 HNRNPK GAPDH  B2M
8.60508 8.41859 11.6752 11.3773 13.7037
EWSR1 8.60508 0.0 0.2

SF1 8.41859 0.2 0.0

HNRNPK  11.6752 0.0 0.3 2.0

GAPDH 11.3773 0.3 0.0 2.3

B2M 13.7037 -2.0 -2.3 0.0
EWSR1  SF1 HNRNPK GAPDH B2M

C 11.6749 12.2017 12.5645 15.6892 15.9915

EWSR1 11.6749 0.0 0.5 0.9
SF1 12.2017 -0.5 0.0 0.4
HNRNPK 12.5645 -0.9
GAPDH 15.6892
B2M 15.9915

Figure 4.26: Expression ratios between each gene in the 3 datasets for normal tissues.
Ratios between average expressions in A) dataset 2, B) dataset_3, C) TCGA.

In figure 4.26, the ratios between the genes is consistent throughout all three datasets which
suggests that the datasets are reliable. Moreover, the consistency suggests that our method will
most likely generate reliable results.

We generated similar ratio tables with tumor expression from the same three datasets.

A B2M EWSR1 GAPDH HNRNPK SF1
13.75 9.22 12.74 12.07 9.06
B2M 13.75 : -1.0 -1.7
EWSR1 9.22
GAPDH 12.74
HNRNPK 12.07
SF1 9.06
B B2M EWSR1 GAPDH HNRNPK SF1
13.64 8.78 11.79 11.78 8.67

B2M 13.64 0.0 -19 -19
EWSR1 8.78
GAPDH 11.79
HNRNPK 11.78
SF1 8.67




C B2M EWSR1 GAPDH  HNRNPK SF1

15.88 11.96 15.80 12.77 12.26

B2M 15.88
EWSR1 11.96
GAPDH 15.80
HNRNPK 12.77
SF1 12.26

Figure 4.27: Expression ratios between each gene in the 3 datasets for tumor tissues. Ratios
between average expressions in A) dataset_2, B) dataset_3, C) TCGA.

The ratios in both tumors and normal are consistent albeit different from each other. A slight
difference is expected as cancer tissues often have uncontrolled growth due to aberrant

expression of a multitude of genes.

These ratios were then used to calculate a variation between the genes, for this purpose datasets 2
and 3 were used, TCGA data was abandoned since it is RNA-seq data whereas the other 2
datasets were microarray, as can be seen from figures 4.26-4.27, even though the ratios have
comparable patterns, there is significant numerical difference which is expected as the

technologies used to generate these data are different. And a cross-platform analyses will skew

the results inaccurately.

Hence we used the datasets 2 and 3, both of which are affymetrix HG-U133-Plus-2 to calculate

the variation between the ratios.

A HNRNPK EWSR1 GAPDH B2M SF1
HNRNPK

ewskl  [[E0.002

GAPDH 0.181 0.144

B2M 0.031 o.050 [NOE6S

SF1 0.039 0.023 0.052 0.141
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HNRNPK EWSR1 GAPDH B2M SF1
HNRNPK
EWSR1 0.013
GAPDH 0.224
B2M U361
SF1 0.005 0.002

Figure 4.28: Variation between each gene for datasets 2 and 3. A) Variation in normal
tissues, B) variation in tumor tissue. Values in black represent variation between candidate
control genes, and values in blue represent the remaining.

Figure 4.28 demonstrates an interesting point, our candidate reference genes have less variation
in both tumor and normal tissue. The combination of GAPDH and B2M shows most variation,
which supports our hypothesis that conventional reference genes are not as reliable in

guantifying mRNA levels in tumor and normal tissues.

4.3.4 Quantitative PCR of gastric cancer cell lines and gastric tumor tissue with the three

candidate reference genes

In order to assess the efficacy of the three candidate RGs in vitro, we performed a qPCR with 6
gastric cancer cell lines and gastric tumor and normal tissues. The two known RGs we selected

to test our genes against were B2M and GAPDH.

We generated ratios of the log2 transformed Ct values between samples as we generated ratios
between log2 expression values of transcriptomic data beforehand. One thing to note is that our
sample size was significantly smaller than the in silico datasets we’ve used. We had 10 tumor
and adjacent normal tissue pairs and 6 gastric cancer cell lines. Due to this our results were
inconclusive and further work needs to be done before reaching any conclusion. The method by
which we generated the ratios were similar between our in silico and ex vivo validation data. We
first separated the tumors into two groups of 5, log2 transformed the Ct values and took an
average of the log2 transformed Ct value for each group. Then we calculated the ratio between
the groups as we did with the affymetrix data in figure 4.27. After generating the ratios, we
calculated the variation between these ratios in these two groups. This left us with a small matrix
like the ones in figure 4.28 which indicates the level of variation in these datasets. Since the
variation is a direct cause of the ratios of gene expression changing between datasets, we’ve
postulated that gene pairs with lowest variation is the most stable. Thus these pairs would be the

best candidates to be gPCR control genes.
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For cell lines we’ve also implemented a similar approach, however, we treated each cell line as
one group, giving us 6 groups in total. The rationale was, gastric cancer cell lines vary in gene
expression and molecular subtype and since our cell lines are a mix of epithelial and
mesenchymal subtypes, taking an average of expression for all cell lines would be eliminate the
differences in gene expression these cell lines have. Thus, we made 6 groups, one for each cell
line and calculated the average Ct values for each gene in these groups. Then the mean Ct values
were all log2 transformed and ratio tables were generated for each group. Figure 4.29 depicts the
variation tables for normal, tumor and cell line gPCR data.

We can see a much lower variation in the known control gene pairs B2M and GAPDH in figure
4.29. Contrary to what we observe in the computational data, the experimental results are least to
say conflicting. However, these differences are likely due to the technical artefacts as well as a
low sample size. A larger group of samples need to be analyzed in order to draw a conclusion.
One important aspect to note is that there are multiple factors that can affect gPCR results, which
are discussed in detail in the discussion chapter. As for a conclusion based on our results, the
data analysis we’ve performed shows promise, we’ve successfully identified a list of candidate
reference genes which have very low coefficient of variance and are likely better reference genes

than the known reference genes. However, more experiments need to be done to verify this

claim.

Tumor GAPDH B2M EWSR1 SF1 HNRNPK
GAPDH

B2M 0.00116

EWSR1 0.00882 0.00358

SF1 0.00014 0.00213 0.01122

HNRNPK 0.00122 0.00476 0.01659 0.00052
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Normal EWSR1 GAPDH HNRNPK B2M SF1
EWSR1

GAPDH 0.00052

HNRNPK 0.00034 2.0126E-05

B2M 0.00055  2.602E-07 2.4963E-05

SF1 0.00031 0.00163952 0.00129634 0.00168
Cell_line GAPDH B2M EWSR1 SF1 HNRNPK
GAPDH

B2M 0.0046

EWSR1 0.0184 0.0075

SF1 0.0277 0.0143 0.0029

HNRNPK 0.0087 0.0035 0.0024 0.0064

Figure 4.29: Variation between each gene for tumor, normal and cell line gPCR data.
A) Variation in tumor tissues, B) variation in normal tissue, C) variation in cell lines. Values in black
represent variation between candidate control genes, and values in red represent the remaining.

4.3.5 A novel quality control approach for high-throughput transcriptomic data

The work involving analysis of normal and tumor data to identify stable control genes has helped
us develop a novel method to identify data quality of high-throughput transcriptomic data.
Sometime in the last ten years, the field of biological research was inundated with microarray
data. However, these datasets, which are mostly accessible through GEO do not always face
scrutiny with regard to the quality of the data. As RNA-seq becomes gradually more accessible,
we need to be more vigilant over the quality of sequencing data as well.

In order to evaluate the quality of a dataset, we’ve developed a simple pipeline which involves
using a list of stable control genes, in our case we used EWSR1, SF1, HNRNPK, GAPDH and
B2M. First, we generated expression plots for all available probe-sets in datasets 1, 2 and 3 (table
6).
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Figure 4.30: Expression plot of Dataset_1 with all probe-sets from both tumor and normal

tissue. Identical probe-sets tumor and normal and tumor are arranged side-by-side for

comparison. Tissue of origin, gene symbol and probe-set ID was merged to make a unique

identifier (UID).
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Figure 4.31: Expression plots of Datasets 2 and 3 with all probe-sets from both tumor and
normal tissue. A) dataset 2, B) dataset 3. Identical probe-sets tumor and normal and tumor are

arranged side-by-side for comparison. Tissue of origin, gene symbol and probe-set ID was

merged to make a unique identifier (UID).
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When figures 4.30 is compared to the plots in figure 4.31, one key observation is in the
difference in expression range between tumor and normal in dataset 1 compared to datasets 2 and
3. Moreover, there is greater deviation around the mean in dataset 1 which implies that the
dataset is most likely going to skew the results of an analysis due to what appears to be technical
error. The expression patterns in datasets 2 and 3 are consistent. These plots also helps to weed
out probe-sets which have inconsistent expression patterns or has very low expression.

One interesting observation is that the tumor probe-sets in figure 4.30 act completely unlike the
tumor probe-sets in figure 4.31 A and B. Where the expression range of the normal probe-sets
are comparable to the plots in fig.4.31, which lead us to believe that the normal group can be
used to generate ratio tables as in figure 4.26. It is quite possible that there is significant batch
effect between the tumor group and patient group in dataset 1 hence the variation. However,
when we calculated the variation of the reference genes by considering all three datasets for the
normal samples, we got very mixed results prompting us to discard dataset 1 from our analyses.
For the sake of identifying datasets with poor quality, we argue that generating a scatter plot with
the expression levels of all available probe-sets of a list of reference genes (tissue-specific) along
with calculating the gene expression ratios between said genes will help biologists immensely.
Gene expression ratio tables can be generated for normal tissue and tumor separately to assess

the quality of each data compared to verified datasets which show consistent expression pattern.
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Chapter 5
Discussion

5.1 5-gene prognostic signature

As seen in figure 7.1 (Appendix), our 20-gene signature appears to be a highly correlated list of
genes in gastric cancer transcriptomic datasets of multiple platforms. Moreover, this gene-list
clusters gastric cancer patients into two groups consistently. As mentioned thoroughly in the
introduction, gastric adenocarcinomas are extremely heterogeneous, with extreme variability in
mutations which make it extremely difficult to classify into subgroups. Yet our signature is
consistent in stratifying patients into good and bad prognostic groups. While selecting a
prognostic gene list by mUSAT, an MVA is performed for each gene while running the script
which allowed us to select genes which are already independent of stage. Consequently, the 20
gene signature allows us to stratify patients within GC histological subtypes [140].

We intended to shorten our gene list for two primary reasons, one was to reduce burden of
analyzing a large gene signature but more importantly, we wanted to generate a gene signature
which can be assessed on a transcriptomic and a proteomic level. By selecting a group of genes
which have high mRNA and protein level expression in gastric tumor tissue, we could make a
two tier prognostic system. We ultimately selected a list of genes which have strong correlation
with other genes, a significant logFC value between good and bad prognostic groups and has
commercially available antibodies. RT-qPCR and IHC are commonly used methods in clinics
and thus our signature can be easily adapted into most clinics if proven effective in ex vivo

studies.

When discovering the 20-gene signature, an unsupervised hierarchical clustering analysis was
used to cluster the GC patients in cohort 1 and 2 into good and bad prognostic groups [140].

In this, the same unsupervised method has been independently used to validate the efficacy of
our shortened gene list in several datasets. Validation was performed in two steps, in first step
the datasets were clustered by the 20 gene and the 5 gene signature to see if the subgroups
generated by these two signatures were similar. Secondly, datasets with survival data was used to
perform survival analysis to see if the subgroups generated by the 5-gene signature is capable of

predicting prognostic outcome.

The five genes in the prognostic signature have been implicated in various cancer in recent
literature. ACTAZ (alpha actin) is also known as smooth muscle actin, and it is a suspected EMT

marker. HEYL is a member of the division-related family of transcription factors. It not only
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regulates the differentiation, self-renewal and proliferation of cancer cells, but also promotes

tumor angiogenesis, so it plays an important role in tumor progression.

Transgelin (TAGLN) and Caldesmon (CALDL) are cytoskeleton associated genes, as well as
ACTAZ and beta-Tropomysin, (TPMZ2) which explains their co-expression in gastric cancer
tissue.

Recently, HEYL has been found to be a prognostic factor in gastric cancer by Zhou et al [143].
The authors presented HEYL as a member of their prognostic gene signature which was a hub
gene in their analysis. Their study have also concluded that HEYL is associated with poor
prognosis.

In a recent study published by Zhao et al. ACTA2, CALD1 and TPM2 were found to be major
hub proteins in a PPI network in colorectal cancer, with ACTAZ2 showing the highest degree of
connectivity [145]. TAGLN along with four other genes have successfully performed risk
stratification in CRC with high risk group facing worse prognosis [146]. CALD1 has also been
shown to be a potential biomarker in bladder cancer, with high expression leading to poor
survival. Overall, the 5 genes in our prognostic signature appear to be highly associated with
multiple cancer types suggesting that our signature may have a biological role in gastric cancer
and their overexpression may result in aberrant activation of metastatic pathways in gastric

cancers.

In this thesis, the biological role of these 5 genes were not studied, however, in order to move
forward with this genelist, a functional enrichment analysis with the good and bad prognosis

groups need to be completed. This will allow us to biologically define the two groups.

By generating differentially expressed genes in gastric cancer datasets, we could generate
Protein-protein interaction networks to see if our genes come up as hub proteins, which would

help elucidate their biological role in GC progression.

Our in silico methods show a remarkable capacity of our genelist to subtype gastric tumor
patients into good and bad groups in multiple cohorts across Illumina and affymetrix datasets.
The patient overlap between good groups with the 5 gene signature and the 20 gene signature is
significantly high in the Affymetrix datasets (tables 4-3 & 4-4). This indicate that our
subgrouping is successful. In figure 4.12, the survival plots show significant log-rank p-values
for 2 of the 3 cohorts indicating our signature has prognostic potential. The largest validation
dataset however, was not successfully clustered by either the 20 gene or the 5 gene signature

(figure 7.2, appendix). Since hierarchical clustering failed, we could not perform a survival
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analysis with this dataset. One explanation is that our unsupervised method failed to recognize a
pattern. A supervised method may have had better outcome in this particular dataset.

A similar study where two GC subgroups were identified by hierarchical clustering, later
performed SVM and BCCP (Bayesian Compound Covariate Predictor) with their two defined
subgroups to stratify patients in the validation datasets to either of those groups [122].

We can implement a supervised learning algorithm of our own, using SVM to first classify the
good and bad prognostic groups based on the 5 gene signature. This could be an additional

method to validate our signature gene list.

The discovery datasets cohorts 1 and 2 are both demographically East Asian. Whereas, two of
the validation cohorts with survival data, cohorts 7&8 are from the MD Anderson Medical
center. The authors of these two datasets disclosed that the patients are from White and Hispanic
backgrounds [122]. As explained in detail in the introduction for this thesis, gastric cancer
occurrence, mortality and molecular and histological class is greatly dependent on the
demography of the patients, thus we can definitively say our signature will be effective across
several demography.

The 5 genes in our signature are heavily correlated with each other, which can be considered a
limitation of our study. The strong correlation between the genes makes it difficult to assess the
effects of these individual genes on the patient groups; moreover, the strong correlation limits us
in trying to understand a direct biological role these genes have on GC tumorigenesis. Moreover,
the correlations are stronger in between genes in the Affymetrix datasets whereas the correlations
are weaker in the lllumina datasets (figure 7.1). This indicate that this strong correlation is likely
an artefact of the platform type. In figure 7.2, the lack of strong correlations may be why the
gene signatures failed to cluster the patients into ant discernable groups. Moreover, we’ve run
mUSAT on the validation datasets (Appendix). The Cox p values were significantly more
variable in these datasets compared to the discovery datasets [140]. Overall, there is a likelihood
and that stronger correlation between the genes in the Affymetrix datasets is the reason why our
signatures are more successful. However, our signature is still very efficient at stratifying tumor
groups irrespective of platform type, which suggests it works in most scenarios. Further work
need to be done to validate the efficacy of the signature. The TCGA gastric cohort can be used to
see if our signature stratify the patients into prognostic groups. Or other RNA-seq gastric cancer

data from GEO could be analyzed to assess the cross-platform efficacy or our gene-list.
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5.2 Discovery of novel reference genes in gastric tissue

There has been many conflicting literature regarding the use of GAPDH or other well know
internal control genes in cancer research in recent years. Which was the main reason we wanted
to identify a gastric tissue specific reference gene list. Due to technical limitations, we could
fully validate our in silico findings by ex vivo means. However, our results suggest that further
experiment is required to draw a conclusion.

One aspect we plan to look into is the expression level of our candidate genes. In our analysis,
we planned to identify stables genes with lowest CV (Appendix) but we did not take into
consideration an expression threshold. However, an expression threshold should be written into
the code to prevent genes with low expression levels from being ranked. Internal control genes
need to be stable however, the main reason GAPDH and ACTB are so widely used is because

they have high expression levels, which is a requirement to be a gPCR reference gene.

A key issue as to why our experimental results and our computational results are not matching is
the primer design. In later experiments we plan to take into consideration the specific probesets
in the microarray data which have stable expression and design primers specific to said

probesets.

Another issue with our primers was that we tried to design primers which target all
transcriptional variants of each gene as our primary data was from bulk RNA-seq and we did not
look into which specific transcripts were identified in our analysis. In order to get reliable results
we plan to first identify which specific stable transcript of genes are expressed in gastric tissue,
whether these transcripts are the same in tumor, normal and cell line is something we also need
to look into.

Our algorithm successfully generated a list of genes with very low variation, compared to the
more well-known reference genes. Our data supports our hypothesis that the candidate genes are
more promising than known reference genes as internal controls in gPCR experiments. Gene
stability analysis such as GENORM and Bestkeeper has been used for a long time to estimate the
stability of control genes. However, in recent years there has been a trend in using high-
throughput transcriptomic data to estimate gene stability in tissue-specific and pan-cancer

analyses.

Our candidate reference genes have shown promise in silico to be better reference genes than the
well-known genes. In the gPCR results, HNRNPK and SF1 showed promise a good reference

gene pair. However, the expression levels of these genes are comparatively lower than B2M-
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GAPDH. In gPCR, higher Ct values indicate lower levels of amplicon and our genes consistently
had higher Ct values compared to GAPDH-B2M. In conclusion, in order to validate the efficacy
of our code to identify stable variants, we need to add an expression threshold and we need to
select specific transcripts and design transcript specific primers in the future.

In conclusion, our code successfully identified the most stable variants in TCGA RNA-seq data
(Appendix). The coefficient of variance is much lower for our genes than the better known
reference genes (Appendix). If we implement the changes discussed in this thesis, we will likely

be successful at finding tissue specific reference genes for gPCR.
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Chapter 6
Future Perspectives

Whilst the 5-gene signature shows promise in stratifying patients into good and bad prognostic
groups (figures 4.9-4.12) in this thesis, I did not look into whether the 5-gene signature stratify
GC histological subtypes, intestinal and diffuse, into good and bad prognosis. In order to show
that the signature is independent of histological subtype, survival analysis needs to be performed

for both intestinal and diffuse type tumors separately.

In order to validate our prognostic gene signature, RT-gPCR has to be performed with gastric
tumor RNA for our 5 genes. Looking at our gPCR data from the reference genes identification
part in this thesis, I would ensure our primers are specific to the probesets we’ve identified by in
silico analysis. Different probesets don’t always target the same transcripts and it is imperative
we design probeset specific primers for reliable results.

Moreover, in a clinical setting, our prognostic gene list we would have to identify prognosis on a
patient to patient basis. For which reason it is imperative we design a prognostic scoring system
which incorporates the expression levels of each gene and generates a prognostic risk score.
Furthermore, immunohistochemistry validations of the 5 proteins in gastric tumor need to be

performed.

The reference gene discovery project has many questions unanswered which is beyond the scope
of this thesis. Our next step would be to design transcript specific primers for the 3 candidate
reference genes, EWSR1, HNRNPK, and SF1. And perform qPCR with them to assess stability
compared to known reference genes B2M and GAPDH. One more area we need to look into is to
increase our sample size in order to make statistically significant inferences about the efficacy of
our control genes. We can perform a gene stability analysis with GeNorm and BestKeeper to see
if our genes are more stably expressed than GAPDH and B2M in gastric tumor and normal
tissue. Lastly, one criticism of the genes was, their expression is significantly lower than B2M
and GAPDH in TCGA data (figures 4.17-4.18). One potential solution is to add an expression
threshold into the code, which will then select genes based on coefficient of variance as well as

average expression levels before ranking them in a descending order.
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Chapter 7
Appendix
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Figure 7.1: Correlation matrices for the 20 genes signature in all discovery and
validation datasets.
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Figure 7.2: Results for hierarchical clustering analysis with the 20 gene (A) and 5
gene (B) prognosis signature in the dataset GSE26253. A) 2 genes were not available
in this platform thus the analysis was done with 18 genes.
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Table 7-1: mUSAT results for the dataset GSE26253

Table 7-2: mUSAT results table for GSE13861
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Table 7-3: mUSAT results table for GSE26899.

Table 7-4: mUSAT results table for GSE26901.
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Table 7-5: mUSAT results table for GSE28541.

1.64 8.98E-05 1.37 0.04 1.14 0.6 1.32 0.001 1.72 0.04
1.59 0.011 1.31 0.1 145 0.009 147 0.0005 1.72 0.007
2.14 0.001 1.66 0.01 1.09 0.4 1.51 0.007 149 0.16
1.95 7.86E-05 1.44 0.02 1.58 0.2 1.38 0.004 1.25 0.3
1.98 0.001 1.64 0.008 0.93 0.2 1.45 0.007 0.81 0.91
AKAPLZ 1.54 0.0003 115 0.4 0.94 0.4 1.55 0.001 0.28 0.51
IGFBP7 1.68 0.01 141 0.05 145 0.004 140 0.002 2.27 0.003
ITGBS 3.62 8.14E-05 1.25 0.5 1.10 0.1 2.54 0.0001 13.45 0.1
LAMC1 1.54 0.007 1.17 0.4 0.97 0.74 1.69 0.0002 1.93 0.02
LAYN 1.86 0.002 1.21 0.3 0.97 0.69 1.69 0.0001 277 0.006
LOXLA 1.85 0.02 1.18 0.3 1.06 0.69 1.86 0.001 1.40 0.6
MATN3 2.35 0.071 140 0.2 1.37 0.001 3.91 0.001 0.62 0.6
MXRAT 2,12 0.00002 2.00 0.4 1.10 0.02 2.11 0.1 1.64 0.5
MNALCM 4.06 0.2 1.26 0.002 1.25 0.7
RAIL4 174 0.013 1.04 0.8 1.06 0.31 1.93 0.0001 1.87 0.006
RASSF8 2.85 0.35 0.56 0.5 0.95 0.7 0.39 0.28 0.32 0.33
TGFB2 1.38 0.6 1.86 0.4 1.01 0.95 348 0.001 6.00 0.08
TUBBG 2.17 0.003 1.22 0.2 1.15 0.02 1.27 0.06 1.58 0.02

Table 7-6: mMUSAT results summary of HR and Cox p value for the five validation
datasets.
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Genes

SF1

HNRNPK

TARDBP

EWSR1

XRCC5

ZNF207

HNRNPU

HNRNPC

HNRNPL

HNRNPM

SF3B2

DDX5

SERBP1

HNRNPR

CNBP

ARF1

HNRNPA2B1

ACTR2

IMMT

RBMX

Functions

Splicing factor 1

Binds to pre-mRNAs, likely plays a role in metabolising hnRNAs

RNA binding protein that has various processes steps in RNA biogenesis and processing
Various cellular processes, including cell signalling, RNA processing, and transport
Single-stranded DNA dependent, ATP dependent helicase

Binds to pre-mRNAs, likely plays a role in metabolising hnRNAs

Many cellular functions, binds to DNA and RNA.

Binds pre-mRNA and nucleates the assembly of 40S hnRNP particles

Splicing factor, involved with intronic/exonic inclusion

Pre-mRNA binding protein, possibly involved in splicing

Splicing factor

Involved in alternative regulation of pre-mRNA splicing, has RNA helicase activity
May play a role in mRNA stability, binds to mMRNA

Component of ribo-nucleosomes, plays a role in pre-mRNA processing

ssDNA binding protein, with specificity to the SRE, involved in sterol-mediated repression
GTP-binding protein involved in protein transport between different components
Packages nascent pre-mRNAs into hnRN particles

ATP-binding component of the Arp2/3 complex. It is involved in Actin polymerization
Inner membrane mitochondrial protein

RNA-binding protein with multiple pre- and post-translational functions

Table 7-7: Biological roles of the top candidate reference genes.
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CCLE TCGA_DeSeq2 TCGA_RSEM
Genes Mean_RA  Mean_CV  Mean_RANK Mean_C Mean_RANK Mean_C
NK \Y \Y

EWSR1 8 3.58 8 1.93 10 2.59
HNRNPC 10 5.37 37 2.34 19 2.46
HNRNPK 15 3.31 1 2.38 6 2.66
HNRNPA2 17 4.27 70 2.46 62 2.74
B1

ZNF207 38 4.59 18 2.55 15 2.77
HNRNPM 40 5.52 45 2.57 24 2.84
HNRNPU 60 5.52 26 2.59 17 2.72
HNRNPL 78 4.77 27 2.6 20 2.81
RBMX 89 4.88 35 2.6 146 3.37
ARF1 139 5.71 74 2.63 60 2.95
IMMT 140 3.45 92 2.63 120 2.78
CNBP 144 4.12 95 2.68 57 2.84
SF1 153 5.17 7 2.7 3 3.07
ACTR2 154 5.44 45 2.74 75 3.14
TARDBP 155 5.64 147 2.78 9 3.06
XRCC5 176 5.59 20 2.82 14 2.93
DDX5 188 3.73 73 2.83 35 3.08
SF3B2 191 5.26 32 2.88 26 3.06
HNRNPR 195 5.26 60 2.93 57 3.29
SERBP1 213 5.43 38 2.94 38 2.64

Table 7-8 Coefficient variants as calculated by our code for the candidate reference genes
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CCLE TCGA_DeSeq2 TCGA_RSEM

Genes  Mean_RA Mean_C Mean_RANK Mean_C Mean_RANK Mean_C
NK Vv \Y \Y

RBMX 89 4.88 35 2.6 146 3.37
RER1 2155 10.62 1303 3.92 483 3.86
TUBA1 612 7.22 3000 4.72 533 391
B

GAPDH 296 6.12 1968 4.34 1133 4.38
PGAM 1472 9.26 5134 5.65 1246 4.45
1

ALDOA 268 6.01 2103 4.24 1419 4.55
PGK1 675 7.41 2712 4.47 1674 4.7
B2M 1723 9.79 3454 491 2357 5.07
RPL29 340 6.25 3469 4.61 3414 5.62
HPRT1 2413 11.13 5921 6.19 5348 6.74
PCBP1 27 3.94 265 3.23 2 2.39
ACTB 265 5.97 212 3.12 111 3.26

Table 7-9: Coefficient of variance values of known reference genes according to our code
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Random repeated subsampling code

library(tidyr)

library(dplyr)
library(tidyverse)
library(stats)

library(plyr)

datax <- read.csv("trial.csv",header = TRUE, row.names=1)

datax<-data.matrix(datax)

repeats <- 1000 #number of times coefficient of variance will be calculated for each gene
outputl <- matrix(ncol = repeats, nrow = nrow(datax))

output2 <- matrix(ncol = repeats, nrow = nrow(datax))

rownums<- nrow(datax)

#the loop divides datax into two parts, then shuffles the columns in datax and assigns them to two datasets
randomly

for (j in 1:repeats) {
if (j%%(repeats/10)==0) print(paste(j*100/repeats,"% completed"))

testss= round(ncol(datax)/2)
trainindex = sample(1:ncol(datax), testss, replace=FALSE)
testindex = c(1:ncol(datax))[-trainindex]

datal <- datax[,trainindex]
data2 <- datax[,testindex]

cvl_vec<-c()

cv2_vec<-c()

for(i in 1:rownum) #the loop calculates the coefficient of variance for each iteration of datal and data2

{ cvl=(sd(datal[i,], na.rm=TRUE)/

mean(datal[i,], na.rm=TRUE))

cv2=(sd(data2[i,], na.rm=TRUE)/
mean(data2[i,], na.rm=TRUE))

cvl_vec<-c(cvl_vec,c(cvl))

cv2_vec<-c(cv2_vec,c(cv2))

}

outputl[,j]<-cvl_vec

output2[,j]<-cv2_vec

## Setting row names of output matrices once out of the for loop for 1000 iterations is enough. So | put
them out of the loop. This also works fine, but it will slow down the running process of the script for
bigger datasets.

##rownames(output2)<-rownames(datax)
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##rownames(outputl)<-rownames(datax)

}

rownames(output2)<-rownames(datax)
rownames(outputl)<-rownames(datax)

write.csv(outputl, file = "trial RESULTS1.csv", row.names = TRUE)
write.csv(output2, file = "trial_ RESULTS2.csv", row.names = TRUE)

rankedl <- matrix(nrow=nrow(outputl),ncol = repeats)
ranked2 <- matrix(nrow=nrow(output2),ncol = repeats)

v<-ncol(outputl)

for(i in 1:v){ #creates two matrices with the ranks of CV for each gene
ranked_outputl<-rank(outputl[,i])
ranked_output2<-rank(output2][,i])
ranked1[,i]<-ranked_outputl
ranked?2[,i]<-ranked_output2

}

## For the ranked outputs, alternatively, you can run the following code instead of a for loop, for a better
performance in terms of processing time. Your code above also works fine. Do not forget to remove
comment signs "#" to run the codes below.

## ranked11 = apply(outputl,2,rank)
## ranked22 = apply(output2,2,rank)

rownames(rankedl)<-rownames(datax)
rownames(ranked2)<-rownames(datax)
write.csv(rankedl, file = "trial_RANKS1.csv", row.names = TRUE)
write.csv(ranked2, file = "trial_RANKS2.csv", row.names = TRUE)
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