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Abstract

In South Africa, colorectal cancer (CRC) is the second most common cancer
in men and the third most common cancer in women, located at the lower
end of the digestive system, in the colon and rectum, and is most accurately
diagnosed through colonoscopy procedures. The prevalence of CRC is on the
rise globally as well as locally, yet participation rates for screening tools remain
low. In the present study, bioinformatics which is a multidisciplinary field that
is focused on interpreting biology through the analysis of gene sequences and
protein expression, was employed to explore the molecular biology of patient
CRC data as well as to identify dysregulated genes as potential biomarkers
to be used as an alternative screening tool. This was performed by creating
an RNA-Seq analysis workflow, that identified differentially expressed genes
that were further used in functional analysis to identify biological processes
and pathways relating to CRC onset and progression in patients. The genes
were tested as biomarkers in silico using statistical tests and blood expression
data and the genes identified included COL11A1, INHBA, CLDN1, ETV4
and FOXQ1 as potential tissue biomarkers, and MMP1, CTHRC1, KRT17
and IGFBP1 as potential blood biomarkers. The identified biomarkers require
future wet lab validation and illustrates the potential for a novel CRC screening
test to reduce the dependency on traditional tools that are ineffective due to
poor patient participation and associated cost.
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Chapter 1

Introduction

1.1 Epidemiology and Research

Cancer continues to place a significant burden on modern society. In 2019,
the American Cancer Society reported that there were more than 1,7 million
new cases of cancer with a mortality rate of above 606,000 in the US alone
(Siegel et al., 2019). Globally, there were 1.8 million new colorectal cancer
(CRC) cases with 881,000 deaths in 2018 (Bray et al., 2018). In the US, CRC
is the second most common cause of cancer death amongst men and women
(Siegel et al., 2020a). In South Africa (SA) it is the fourth most common
cancer overall, and the sixth in cancer-related mortality, making up 6.5% of
all diagnosed cancers in 2018 (Brand et al., 2018). However, according to
recent data from the Cancer Association of South Africa (CANSA), CRC is
currently the second most common cancer in SA men, and the third most
common cancer in SA women (https://www.cansa.org.za). CRC is thought
to be less common in developing countries, as it is usually associated with
older people on Western-diets, however there has been a marked increase in
the incidence of the disease in SA over the past decade (Motsuku et al., 2020).
Furthermore, while normally less common in black populations, evidence has
shown there are disproportionately large numbers of younger black patients
presenting with the disease over time (Motsuku et al., 2020).

With this in mind, CRC research in SA could provide many benefits in
terms of diagnosis and treatment of CRC given the increasing incidence rate.
The present MSc project aims to develop an in-house ribonucleic acid sequenc-
ing (RNA-Seq) data analysis workflow that will be used in a future study to
analyse SA CRC patients’ tumour derived RNA-Seq data with the aim to
identify potential CRC biomarkers.

1

https://www.cansa.org.za
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1.2 The Biology of CRC

CRC is cancer of the colon or rectum, located at the lower end of the digestive
system (Siegel et al., 2017). CRC development has been categorised into four
stages by the American Joint Committee on Cancer (www.cancerstaging.
org): stage I CRC, where colon cells proliferate to form benign polyps, which
transition into stage II through somatic mutations contributing to malignancy.
In stage III, the tumour cells gradually increase in number, accumulating fur-
ther mutations with the invasion of the surrounding muscle wall of the colon.
Stage IV represents the metastasis of the cells into the surrounding blood ves-
sels and lymphatic system (Haggar and Boushey, 2009; Siveen et al., 2019).

Early diagnosis of CRC, like any cancer, is an important contributor in the
overall treatment of the disease. Symptomatic diagnosis is often difficult, as the
symptoms presented such as changes in bowel habit and diarrhoea, are usually
non-specific with poor sensitivity for diagnosis of CRC (Vega et al., 2015).
Additionally, patients often delay seeking a specialist consultation, assuming
the symptoms are caused by another illness. Proper diagnosis of CRC therefore
only begins after a specialist has performed a colonoscopy, the gold standard
diagnostic tool for CRC, and confirmed the presence of a tumour. Following
diagnosis, treatment of CRC is dependent on the stage of progression with early
stages resulting in colectomy (surgical removal of colon tissue), and stages II
and above being treated with chemotherapy and radiation therapy (Mundade
et al., 2014).

The initial development of the early stage polyps can be attributed to two
main pathways; the classical pathway and the alternative (serrated) pathway.

1.2.1 Pathways of CRC Development

The classical pathway of CRC development is associated with chromosomal in-
stability (CIN) and mutations of multiple tumour suppressor genes and onco-
genes, such as the adenomatous polyposis coli gene APC (van de Wetering
et al., 2015). The APC mutation contributes to a mutation in KRAS, which
codes for the K-Ras protein, part of the RAS/MAPK (mitogen activated pro-
tein kinase) pathway regulating cell proliferation and differentiation. Part of
the classical pathway is the adenoma-carcinoma sequence, which states that
mutations in these genes contribute to the development of a pre-existing ade-
nomatous polyp, or adenoma, which in turn acts as a precursor to CRC devel-
opment (Jass et al., 2002; Fearon, 2011). In the US, the prevalence of adenoma

www.cancerstaging.org
www.cancerstaging.org
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polyps increases with age, with 25% at age 50 to 50% at age 70 (Marley and
Nan, 2016; Fearon, 2011).

Studies have found that APC plays a central role in CRC development,
and is effective in predicting overall survival, acting as the gatekeeper for the
majority of CRCs (Schell et al., 2016). The APC protein acts as an antagonist
of the wingless-related integration site (Wnt) signalling pathway by regulating
the β-catenin protein and exerting tumour-suppressing effects (Fearon, 2011).
The inactivation of APC through mutation and subsequent activation of the
Wnt/β-catenin signalling pathway is integral in adenoma initiation and CRC
development (Mundade et al., 2014). It is also believed that APC has func-
tions in cellular processes such as cell migration, apoptosis and DNA repair,
and that mutations initiate the adenoma-carcinoma sequence (Jaiswal and
Narayan, 2008; Brocardo and Henderson, 2008; Fearon, 2011). The KRAS mu-
tation in the classical pathway is also associated with dysregulation of the RAS
signalling via the Raf–mitogen-activated protein kinase (MEK)–extracellular
signal-regulated kinase (ERK) pathway, which is involved in the control of cell
cycle progression (Mundade et al., 2014). Mutations in APC and KRAS are
associated with the poorest survival outcomes in CRC patients (Schell et al.,
2016).

The alternative pathway of CRC development hypothesises that tumours
originate as a result of microsatellite instability (MSI), which are short tandem
repeats found within the human genome, with instability and hypermutability
arising from impaired DNA mismatch repair (Boland and Goel, 2010). MSI is
present in 15% of all CRC diagnoses and the initial inactivation of mismatch
repair genes can be attributed to aberrant methylation of the CpG promoter
in repair gene MutL homolog 1 (MLH1 ), thought to occur through epigenetic
silencing (Boland and Goel, 2010). This has led to CRC cases being classified
as MSI, or microsatellite stable (MSS).

Furthermore, this alternative pathway of CRC development can be asso-
ciated with the histological presence of serrated lesions or serrated polyps,
and is associated with mutations in BRAF (protein kinase B-raf) leading to
constitutive stimulation of the MAPK and ERK pathway, resulting in dys-
regulation and epigenetic silencing of genes associated with cell proliferation,
differentiation, DNA repair and cell cycle control, giving rise to serrated le-
sions (Tuppurainen et al., 2005; Mundade et al., 2014; Nakanishi et al., 2019).
The overactive MAPK/ERK signalling reaches the nucleus DNA and induces
enhanced cell proliferation, metastasis, immune system evasion, resistance to
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apoptosis, and activation of hypoxia-inducible factor 1 α (HIF-1α) contributing
to angiogenesis (Ascierto et al., 2012).

The mutation of the lesions is associated with the aforementioned hyper-
methylation of the CpG island promoter regions (CpG island methylation phe-
notype; CIMP-H), resulting in epigenetic silencing of tumour suppressor genes
such as MLH1. The combination of CIMP-H and MSI leads to CRC devel-
opment, with the exact mechanism behind the initial BRAF mutation and
the two events being unclear (Nakanishi et al., 2019). The alternative path-
way is also associated with KRAS mutation, similar to the classical pathway
(Stefanius et al., 2011). The described pathways of CRC development are
summarised in Figure 1.1.

Figure 1.1: A diagram summarising the three pathways of CRC development. A:
Represents the classical pathway. B: Represents the MSI alternative pathway. C:
Represents the serrated alternative pathway. Pathways B and C can present together.
Taken from Mundade et al. (2014).

1.2.2 Drug Resistance and Dietary Influence

Drug resistance is a major hurdle in cancer treatment, with almost half of
metastatic CRC patients exhibiting some form of resistance (der Jeught et al.,
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2018). Chemotherapeutic drugs used in treating CRC include 5-fluorouracil
(5-FU), a topoisomerase I inhibitor irinotecan (CPT-11), oxaliplatin (often
used in conjunction with 5-FU to reduce DNA repair in tumour cells), and
capecitabine, a cytotoxic drug. Additionally anti-epidermal growth factor re-
ceptor (EGFR) antibodies such as Cetuximab have been used in late stage
CRC and has shown to improve survival of patients with and without adju-
vant chemotherapy (Jonker et al., 2007; Bardelli and Siena, 2010). The EGFR
signalling pathway plays a role in the MAPK/ERK signalling described above.

Retrospective analysis discovered that patients with KRAS mutations and
those with wild type KRAS did not benefit from anti-EGFR therapy (Boke-
meyer et al., 2008; Bardelli and Siena, 2010). Believing there might be other
factors in play, researchers looked at downstream signalling proteins of EGFR,
such as PI3KCA (see Figure 1.2).

Figure 1.2: Figure showing the downstream pathways of EGFR, which represent
possible targets for CRC therapy. PI3K may play a role in anti-EGFR drug resis-
tance. Figure taken from Harbison et al. (2011).

The PI3KCA gene is mutated in about 20% of CRCs, and was also found
to be present in non-responders containing wild-type KRAS, and could be
considered as a predictor of anti-EGFR treatment resistance (Sartore-Bianchi
et al., 2009). The mutations in PI3KCA and loss of function mutations in
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PTEN further contribute to CRC development through hyperactivation of Akt,
leading to increased transcription of genes associated with apoptosis inhibition
and increased cell growth and proliferation (Danielsen et al., 2015). It was
found that both KRAS and PI3KCA mutations have an independent role in
the treatment resistance.

As CRC is also a lifestyle disease, researchers have looked into the role of
diet on CRC development. Epidemiological evidence has linked CRC to dietary
cholesterol intake (Jacobs et al., 2012). It was found that Western diets had the
highest risk for CRC development, having high saturated fat and cholesterol
content. Jacobs et al. (2012) suggested that it is difficult to isolate individual
elements in the diet and study their correlation with CRC when foods higher
in cholesterol have links to other diseases such as cardiovascular disease and
metabolic syndrome. On the other hand, serum cholesterol has been previ-
ously associated with CRC progression (Van Duijnhoven et al., 2011), with
high levels of low density lipoprotein cholesterol (LDL) also shown to be posi-
tively correlated with liver metastases in CRC patients (Wang et al., 2017a).
The LDL levels also elevated reactive oxygen species (ROS), contributing to
an increase in the expression of genes associated with the MAPK pathway
(Wang et al., 2017a). The link between cholesterol and cancer continues to be
researched.

1.3 Transcriptomics and CRC Research

Bioinformatics, a multidisciplinary field of study which deals with understand-
ing and interpreting biology through the analysis of sequences, gene and protein
expression as well as biological and chemical structures, has contributed exten-
sively to cancer biology research. Transcriptomics, a branch of bioinformatics
studying the transcriptome, includes methods such as DNA microarrays and
next generation sequencing (NGS) in RNA-Seq.

Microarray is a widely used transcriptomic technique which makes use of a
microchip with specific DNA probes attached (Kerr et al., 2000). These probes
correspond to cell messenger RNA (mRNA) which is reverse-transcribed to
complementary DNA (cDNA) and fluorescently labelled to represent comple-
mentary sequences on the array. The fluorescence intensity is then measured
which corresponds to the amount of transcripts that hybridise to a probe, il-
lustrating the gene expression profile (Kerr et al., 2000). The microarray is
a relatively inexpensive transcriptomic tool that can be used for the profiling
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of thousands of transcripts at once, however, it uses existing DNA probes,
making them susceptible to bias as well as unable to detect novel transcripts
(Mantione et al., 2014). The analysis of the fluorescence intensity can also lead
to differing results depending on the statistical methods used in quantifying
expression in addition to interference with cross-hybridisation (Okoniewski and
Miller, 2006). These limitations, along with the increased abundance of NGS
technologies have made microarrays less common in research.

NGS has had a significant impact on the field of genetics research, from
sequencing the entire human genome to transcriptome analysis with RNA-Seq
(Van Dijk et al., 2014). Whole transcriptomes can be produced by first iso-
lating RNA from a cell or tissue of interest. As RNA is made up of different
components, it is common for mRNA to be isolated and studied due to its di-
rect role in protein synthesis, but other RNAs such as ribosomal RNA (rRNA)
or micro-RNA (miRNA) can also be studied. Following RNA isolation, cDNA
synthesis is performed using adaptors in order to create a cDNA library which
is then sequenced on a high-throughput platform such as Illumina (Stark et al.,
2019). This generates millions of short sequences known as reads, which are
mapped to a reference genome to produce the transcriptome and allows down-
stream analysis to take place. A typical RNA-Seq workflow is summarised in
Figure 1.3. RNA-Seq provides many benefits over microarray, as it sequences
the direct transcriptome ensuring greater accuracy and sensitivity in analysing
gene expression. For example, microarrays can measure a 2-fold change in
expression, whereas RNA-Seq is able to measure up to a 1.25 fold change re-
liably (Mantione et al., 2014). Additionally, using proteomics, RNA-Seq was
shown to more accurately represent absolute expression levels when compared
to microarray (Fu et al., 2009). This makes RNA-Seq an ideal candidate when
studying gene expression.

1.3.1 Transcriptomics and CRC Subtype Classification

Transcriptomics in CRC has recently provided a more effective method at the
classification of CRC, with subgroups and subtypes being discovered (Guinney
et al., 2015). At least two subgroups of CRC have been identified; (i) an inflam-
matory subgroup with a mutation in BRAF as well as MSI presence, and (ii)
an immunosuppressive subgroup with mesenchymal characteristics (Nakanishi
et al., 2019).

Transcriptomics in CRC has been used previously to propose three CRC
subtypes along with the abovementioned subgroups; colon cancer subtype 1
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Figure 1.3: A typical RNA-Seq workflow to prepare for downstream analysis. Taken
from Mackenzie (2018)

(CSS1) representing CIN, CSS2 representing MSI, and CSS3 representing MSS
with mesenchymal phenotype which has the poorest prognosis as well as high
drug resistance (Felipe De Sousa et al., 2013). CSS3 is also associated with ep-
ithelial mesenchymal transitions (EMT), the process whereby epithelial cancer
cells can transiently develop a mesenchymal phenotype by losing cell junctions,
reorganising their cytoskeleton, downregulating epithelial gene expression and
increasing motility which all ultimately contribute to enhanced migratory ca-
pacity and invasiveness, as well as resistance to apoptosis (Kalluri and Wein-
berg, 2009). EMT in cancer cells is associated with increased invasiveness,
tumour-initiating ability and drug resistance (Figure 1.4) (Shibue and Wein-
berg, 2017).

Further transcriptome studies expanded upon the CSS work of Felipe De
Sousa et al. (2013), and led to the consensus molecular subtypes (CMS) of
CRC, containing two subgroups. The CMS1 is characterised by MSI and
BRAF mutation, and the CMS4 is characterised by EMT genes thus having
the poorest prognosis, summarised in Figure 1.5 (Guinney et al., 2015).

1.3.2 Transcriptomics and CRC Diagnosis

Transcriptomics have been used extensively in the detailed research into the
genetic and molecular classification of CRC, yet the avenue of diagnosis and
detection has been less explored. This has become a topic in need of urgent ad-
dressing, as the increasing age of the global population is expected to translate
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Figure 1.4: The correlation between epithelial mesenchimal transition (EMT) and
drug resistance, taken from Shibue and Weinberg (2017). The reverse process of
EMT is mesenchymal epithelial transition (MET). Drug resistance and invasiveness
have a higher correlation for the EMT process.

Figure 1.5: Figure displaying the broad overview of the characterisation of CRC
subtypes through transcriptomic study. EMT = Epithelial mesenchymal transition.
CIMP = CpG island methylation. MSI = Microsatellite instability. MSS = Mi-
crosatellite stability. CMS = Consensus molecular subtype. Taken from (Nakanishi
et al., 2019).

to an increasing incidence rate of cancer (Bray et al., 2012), and it is well known
that early detection of cancer is associated with better prognosis for patients.
For example, the survival rates for CRC are as follows, 90% for cancer within
the colon and bowel wall (early stage), 70% for cancer that has reached lymph
nodes, and only 10% for cancer that has metastasised (late stage) (Siegel et al.,
2020b; Ganepola et al., 2014). Thus, it is crucial to develop screening tools to
detect cancer in the early stages to improve prognosis for patients.
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1.3.2.1 Current Screening Tests

As mentioned previously, the current gold standard method for detection of
CRC is colonoscopy (Agarwal et al., 2016a), a highly invasive procedure many
patients are averse to. Colonoscopy involves the use of a colonoscope, which
provides a live image from the interior of the colon allowing for the visual
detection of precancerous polyps or early stage cancers, which can be followed
with a biopsy or surgical removal of the lesions. Colonoscopy has resulted in
the prevention of two-thirds of deaths due to CRC (Baxter et al., 2009). A
computerised tomography colonography (CTC) is used for patients too frail to
undergo colonoscopy, and employs a CT scanner to produce images of within
the colon or rectum. Another screening tool is a faecal test, a non-invasive
and easy to perform procedure that measures the presence of blood in the
stool, however with a high false positive rate faecal tests are still required
to be confirmed via a colonoscopy (Ontario and Others, 2009). A procedure
known as a double contrast barium enema is another tool that can detect
abnormalities in the colon wall using x-rays, which also needs to be validated
by colonoscopy (Cittadini, 2012).

Given the importance of colonoscopy, the American College of Gastroen-
terology has recommended the procedure as a critical screening test for at risk
adults, however the participation rates remain between 30% and 55% (Bey-
doun and Beydoun, 2008). In the United Kingdom, colonoscopy and CTC
participation rates were at 20.8% and 28.8% respectively (Zhu et al., 2020).
The colonoscopy procedure itself although highly effective, remains costly and
uncomfortable for the patient. Furthermore, a study has shown that colono-
scopies may miss initial polyps in 6% to 12% of cases, thus the risk of CRC
developing after a colonoscopy still exists (Levin and Corley, 2013; Shaukat
et al., 2013).

1.3.2.2 The Need for Alternative Screening Methods

The goal of a screening test is to detect cancer early in its progression, and
improve patient prognosis, however the colonoscopy participation rates, cost
and invasive nature continue to hamper its effectiveness as a screening tool. An
alternative less invasive screening tool is thus needed, and there is a growing
field within cancer research developing biomarkers as first line screening tools.

A biomarker is defined by the National Cancer Institute as a biological
molecule found in bodily fluids, blood or tissue that acts as a sign of a nor-
mal or abnormal biological process (http://www.cancer.gov/dictionary?

http://www.cancer.gov/dictionary?CdrID=45618
http://www.cancer.gov/dictionary?CdrID=45618
http://www.cancer.gov/dictionary?CdrID=45618
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Use Example Reference

Estimate risk of developing
cancer

BRCA1 germline mutation
(breast and ovarian cancer)

(Easton et al.,
1995)

Screening Prostate specific antigen
(prostate cancer)

(Lin et al., 2008)

Differential diagnosis Immunohistochemistry to
determine tissue of origin

N/A

Determine prognosis of dis-
ease

21 gene recurrence score
(breast cancer)

(Paik et al.,
2004)

Predict response to therapy KRAS mutation and anti-
EGFR antibody (colorectal
cancer)

(Allegra et al.,
2009)

Monitor for disease recur-
rence

CEA (colorectal cancer) (Locker et al.,
2006)

Monitor for response or pro-
gression in metastatic dis-
ease

CA15-3 and CEA (breast
cancer)

(Harris et al.,
2007)

Table 1.1: Table showing the multiple existing biomarker examples and their uses
in cancer. Table reproduced from (Henry and Hayes, 2012)

CdrID=45618). A biomarker can thus differentiate a healthy person from a
person with a disease, and can be proteins or nucleic acids such as RNAs rep-
resenting genetic expression that result from molecular alterations occurring
in the disease state (Henry and Hayes, 2012). Biomarkers can be used as a
screening test for various cases, and examples of biomarker usage in cancer
are demonstrated in Table 1.1, with a KRAS mutation used as a predictive
biomarker in CRC.

Biomarkers can also be used after the diagnosis of cancer in order to deter-
mine the prognosis of a patient (Henry and Hayes, 2012). In terms of CRC,
Table 1.1 shows the use of carcinoembryonic antigen (CEA) used as a marker
for detecting liver metastases in order to monitor disease recurrence (Locker
et al., 2006). The measurement of biomarkers can occur in different ways, such
as measuring expression from the tissue (invasive) or the blood (non-invasive).
A figure illustrating the possible biomarker categories in CRC is displayed in
Figure 1.6.

http://www.cancer.gov/dictionary?CdrID=45618
http://www.cancer.gov/dictionary?CdrID=45618
http://www.cancer.gov/dictionary?CdrID=45618
http://www.cancer.gov/dictionary?CdrID=45618
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Figure 1.6: Figure showing the categories of biomarkers that can be measured from
a primary CRC tumour, including proteins, RNAs and genetic mutations.

1.3.3 Bioinformatics for Biomarker Identification in

CRC

Potential biomarkers can be identified through different approaches, however
an effective emerging approach involves bioinformatics and the use of NGS and
high throughput sequencing (HTS) in an in silico approach (Henry and Hayes,
2012). Using an in silico approach is a cost-effective way to predict possible
biomarkers before testing them clinically or in a wet lab environment where
there is a high cost for lab resources.

Gene expression arrays in the form of microarrays have been used previ-
ously with in silico approaches to identifying biomarkers, however with its
rapid development, RNA-Seq has become more popular in use due to having
greater efficiency and higher resolution (Xu et al., 2013). Cancers are associ-
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ated with differential gene expression and the identification of biomarkers using
RNA-Seq data can be accomplished by performing differential expression (DE)
analysis on genes between normal cells and cancer cells, with genes found to
be commonly DE in the cancer cells investigated as possible biomarkers. RNA
itself is normally highly regulated in a healthy person, with aberrant expres-
sion becoming more common in pathological states such as cancer (Coskun
et al., 2012; Shen et al., 2013), and has been shown to be stable outside of
the tumour cell environment , measurable in blood plasma, serum or extra-
cellular vesicles (EVs) as alternatives to measuring in the cancer tissue (Tsui
et al., 2002; Sourvinou et al., 2013). RNA-Seq has previously been used to
analyse RNA biomarkers in the tissues of breast and prostate cancers (Berger
et al., 2010; Sinicropi et al., 2012; Ganepola et al., 2014), and analysis in CRC
can not only identify potential biomarkers, but also aid in the research into
the molecular basis of CRC initiation and progression through the functional
analysis of DE genes directly from the transcriptome (Wang et al., 2012b).

Many bioinformatics tools have been created for this type of analysis, lead-
ing to the establishment of Bioconductor, an open-source software project for
the creation and distribution of bioinformatics tools (Gentleman et al., 2004;
Huber et al., 2015). These software tools work in the R programming lan-
guage, meaning the researcher will often be required to have basic programming
knowledge. Using tools provided in Bioconductor, a researcher can perform
analyses such as DE analysis, to identify DE genes, and functional annota-
tion of the DE genes through Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG) database analysis, allowing the researcher to
identify the biological processes and pathways that the genes of interest are
involved in. Furthermore, co-expression analysis can be performed to identify
genes that are commonly expressed together which can then be further anal-
ysed to determine which processes and pathways they contribute to, as well as
survival analysis to determine the impact the genes have on patient survival.

Bioinformatics has previously been used to identify potential biomarkers in
silico, such as the discovery of potential diagnostic biomarkers in ovarian cancer
(Kaur et al., 2011). In CRC, microRNAs have been found as biomarkers in
silico, with the aim for molecular validation to further investigating the findings
(Fadaka et al., 2019).
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1.3.4 Introduction to Present Study

When using the in silico approach in identifying biomarkers, it is imperative
that an appropriate dataset be used if an in-house sequence procedure is not
performed. Fortunately, with the exponential increase in NGS data, various
online databases have been set up hosting sequencing files from existing RNA-
Seq studies for research purposes. Using an existing CRC dataset allows for
the creation of an RNA-Seq bioinformatics workflow for identifying potential
biomarkers in CRC. The present study aims to accomplish this through DE
analysis, and further functional and survival analysis on the DE genes, identi-
fying processes and pathways of interest in the development of CRC, and their
impact on patient survival. A selection of notable genes will be evaluated as
biomarkers by testing their prognostic and predictive values in silico. These
genes would be found with the intention of using them in a novel screening tool
for CRC to improve patient participation, early diagnosis and overall survival
rates.

1.4 Aims

This research project aimed to use existing CRC patient RNA-Seq data and to
perform downstream bioinformatics analysis for the identification of DE genes
as well as identifying potential biomarkers through subsequent functional and
in silico analysis. Specifically, the study aimed to:

1. Identify DE genes and altered processes and pathways with regards to
CRC diagnosis and development for the in silico discovery of potential
biomarkers.

2. Develop an in-house RNA-Seq workflow to be used on future patient
sample data for CRC research in order to identify DE genes.

To fulfil the above-mentioned aims, the following objectives were under-
taken.

1.4.1 Objectives

1. Acquire and pre-process a CRC RNA-Seq dataset.

2. Identify DE genes between normal and cancer cells.
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3. Use DE genes to identify gene signatures responsible for CRC and metas-
tasis.

4. Perform functional and pathway analysis on the gene signatures.

5. Perform survival analysis on the gene signatures.

6. Validate gene signatures in existing databases.

7. Identify and evaluate potential CRC biomarkers from the gene signatures
using an in silico approach.



Chapter 2

Materials and Methods

The NGS workflow used in this study is summarised in Figure 2.1.
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Figure 2.1: A flowchart of the workflow followed in this NGS analysis of the existing
CRC RNA-Seq data in GSE50760. Alignment was performed using two traditional
alignment tools and a pseudo-alignment tool. Downstream analysis was performed
in R and using web tools.

2.1 Acquisition of RNA-Seq Data

The Gene Expression Omnibus (GEO) was established in 2002 and is a large
international public repository for NGS and microarray data developed by
the National Centre for Biotechnology Information (NCBI) (Barrett et al.,

16
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2012). The NCBI GEO web interface is accessible at http://www.ncbi.

nlm.nih.gov/geo/. This interface allows for the submission as well as re-
trieval of NGS data that can either be raw or pre-processed. Studies con-
taining NGS data are listed as series, or GSE, which contain all the sam-
ples of the experiment. The GSE holds all relevant information for a user,
such as the title and citation of the study, the organism, the technology
used for sequencing, as well as study design and contact information. In-
dividual files within a GSE series can be downloaded through the Sequence
Read Archive (SRA), which is the primary repository for NGS data. Files
on SRA can be accessed through NCBI or through the European Bioinformat-
ics Institute (EBI) at http://www.ncbi.nlm.nih.gov/Traces/sra and http:

//www.ebi.ac.uk/ena respectively (Leinonen et al., 2010). Files are loaded
on the NCBI SRA in the ‘.sra’ format, which requires the NCBI SRA Toolkit
for conversion into FASTQ files. One advantage of downloading through EBI
is that the raw FASTQ files can be downloaded without needing conversion
tools.

In this project, the series GSE50760 was downloaded from the NCBI GEO
database (https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE50760)
and was created in a study by Kim et al. (2014b). This series consisted of 54
CRC RNA-Seq data samples, of which 18 were primary tumour samples, 18
were normal colon samples and 18 were liver metastases samples. As per the
authors, the RNA was isolated using the RNeasy Mini Kit (Qiagen, CA, USA)
from the colon tissue. Agarose gel electrophoresis, ethidium bromide stain-
ing and ultraviolet light examination was used in the quality and integrity
control of the isolated RNA. Following this, a sequencing library was created
using TruSeq RNA Sample Preparation kit v2 (Illumina, CA, USA) by purify-
ing mRNA from total RNA using poly-T oligo-attached magnetic beads. The
mRNA was then converted into cDNA, and then polymerase chain reaction
(PCR) was performed. Sequencing on the library was performed in paired-end
reads of 100bp, using Illumina Hiseq-2000 (GPL11154) (Kim et al., 2014b).
The accession list for the individual files is listed in Table 2.1. Each of the 54
SRA files were downloaded from the NCBI SRA accession links. Each SRA
file contained two FASTQ files, as they were paired end sequences.

http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/Traces/sra
http://www.ebi.ac.uk/ena
http://www.ebi.ac.uk/ena
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE50760
https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GPL11154
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Sample Accession Number SRA Accession

Primary CRC GSM1228184 - 201 SRR975551 - 568
Normal Colon GSM1228202 - 219 SRR975569 - 586
Liver Metastases GSM1228220 - 237 SRR975587 - 604

Table 2.1: Table showing the dataset accession numbers that were used to acquire
the SRA files from NCBI GEO. There were 54 runs in total and each sample group
had 18 runs.

2.2 Pre-Processing of Data

Pre-processing allows for the data to be assessed for quality as well as for the
removal of artefacts that could affect downstream results. RNA-Seq protocols
have intrinsic biases and limitations, some of which include nucleotide compo-
sition bias and GC bias (Wang et al., 2012a). Proper quality control (QC) of
RNA-Seq data is able to pick up these biases, and make them known to the
researcher. Pre-processing after QC would then involve the removal of poor-
quality reads or adapters that were used in the RNA-Seq process, however
many raw sequence files that are uploaded to online databases such as GEO
have already been pre-processed by the submitting authors.

The table of programmes used for pre-processing are listed in Table 2.2.

Package Name Version Purpose Platform

NCBI SRA-Toolkit 2.10.4 Pre-Processing Command Line
FastQC 0.11.9 Quality Control Command Line
MultiQC 1.8 Quality Control Python
HISAT2 2.2.0 Alignment Command Line
HTSeq 0.11.4 Transcript Quantification Command Line
feautureCounts 3.11 Transcript Quantification R
Salmon 1.2.1 Psuedo-alignment w/ Quant Command Line

Table 2.2: Table showing the programmes that were used in the RNA-Seq analysis
workflow for quality control, alignment and quantification.

The SRA files downloaded from NCBI SRA were first converted to FASTQ
files using the NCBI SRA Toolkit. FastQC, developed by Barbraham Bioin-
formatics, is perhaps the most commonly used QC program for HTS data, is
able to analyse files in BAM, SAM or FASTQ formats (Andrews et al., 2012).
The program is simple to use, and is available as a command line tool for re-
searchers with coding knowledge, as well as having a graphical user interface
(GUI) for easier use.
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For the present study, MultiQC (Ewels et al., 2016) was used in conjunction
with FastQC. MultiQC allows for the individual FastQC reports to be sum-
marised in a single report. This was performed in the Z Shell environment, an
extension of the Bash shell environment commonly found on Linux machines,
on macOS 10.15. Once quality was confirmed, the FASTQ files were processed
further.

2.2.1 Alignment and Quantification

Alignment was performed using HISAT2 (Kim et al., 2015) against the human
genome. The complete human reference genome assembly, GRCh38, and the
corresponding annotation file in gene transfer format (GTF) was downloaded
using the file transfer protocol (FTP) from Ensembl and represents a robust
and high quality reference assembly (Schneider et al., 2017). The reference
assembly was indexed for alignment using the ‘hisat2-build’ command which
produced eight genome ‘.ht2’ files for alignment.

Alignment of the FASTQ files to the ‘.ht2’ files was performed using the
‘hisat2’ command to produce sequence alignment map (SAM) files. Unaligned
reads were excluded from further processing.

Quantification of the SAM files was done using HTSeq, with the ‘htseq-
count’ command (Anders et al., 2014). This was done against the GRCh38
GTF annotation file, where the reads were annotated to genes and counted.
HTSeq gives output as a count matrix for each sample consisting of the genes
and their respective counts, representing their expression within the sample.
An additional quantification method was used with featureCounts which is
included in the R package ‘Rsubread’ (Liao et al., 2013). The SAM files were
quantified against the same GRCh38 GTF annotation file and a count matrix
was produced within R.

In addition to the traditional alignment method offered by HISAT2 and
featureCounts, a pseudo-alignment was performed using Salmon, a lightweight
pseudo-alignment program capable of indexing and quantifying transcripts
with high accuracy and at faster speeds (Patro et al., 2017). Salmon does
not use the genome, but rather uses the human transcriptome. The FASTA
file of the human transcriptome (release 34) was downloaded from Gencode
(www.gencodegenes.com), run by the EBI (www.ebi.ac.uk). The transcrip-
tome was indexed by Salmon using the ‘salmon index’ command with the
‘–gencode’ flag. The FASTQ files were pseudo-aligned and quantified against
the index built by Salmon using the ‘salmon quant’ command. This created

ftp://ftp.ensembl.org/pub/release-84/fasta/homo_sapiens/dna/Homo_sapiens.GRCh38.dna.primary_assembly.fa.gz
ftp://ftp.ebi.ac.uk/pub/databases/gencode/Gencode_human/release_34/gencode.v34.transcripts.fa.gz
www.gencodegenes.com
www.ebi.ac.uk
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a ‘quant’ file for each sample, which consisted of the transcript IDs and their
respective counts.

2.3 Differential Expression

2.3.1 Background

DE is a statistical parameter used to measure genes that are either upregulated
or downregulated amongst samples by comparing the normalised gene expres-
sion levels across the samples. In the present study, DE was performed across
the normal colon, primary CRC tumour and liver metastases samples in order
to identify genes that had altered expression as the disease progresses. The
genes identified as DE were analysed further and their potential as biomarkers
for CRC was assessed.

DESeq2 is a popular DE tool designed for RNA-Seq DE analysis and is
available in the Bioconductor project in R (Love et al., 2014). DESeq2 takes
a count matrix (K) with genes as rows (i) and samples as columns (j). The
count value of the genes, or the expression, as recorded from the quantifica-
tion methods above, is captured in Kij. The reads are modelled according to
a negative binomial distribution with the mean (µij) and dispersion (αi) as
follows:

Kij ∼ NB(µij, αi)

The mean (µij) is calculated using the quantity (qij) multiplied by a nor-
malisation factor for all genes (sj) in the equation:

µij = sjqij

The normalisation or size factor (sj) is estimated using a median of ratios
method (Anders and Huber, 2010). A design matrix (x) with elements j and
r is created, which indicates which group the samples come from (i.e. normal
or primary tumour or metastases). DESeq2 uses a generalised linear model
(GLM) with a logarithmic link with coefficients (βir) in the following equation:

log2(qij) = xjrβir

The coefficients βir give the log2 fold changes for gene i in each column
of the model matrix x. The GLM model allows flexibility for more complex
designs in genomic analysis (Smyth, 2004; Love et al., 2014). The variance
of the observed count and the calculated mean value is dependent on the size
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factor sj for the quantity qij and is further defined by the dispersion parameter
αi. The variance of the counts is described in the following equation:

V ar(Kij) = E[(Kij − µij)2] = µij + αiµ
2
ij

Because of its direct implication in the variance of the counts, the dispersion
factor needs to be calculated accurately. DESeq2 is able to ensure this accuracy
regardless of the sample size by first calculating a gene-wise dispersion factor
using a maximum likelihood model then an Empirical Bayes model is used to
shrink the factor as needed (Love et al., 2014). This allows DESeq2 to account
for gene-specific variation.

Once GLM coefficients are fit for each gene, DESeq2 is able to test whether
the coefficient differs significantly from zero, indicating a DE gene. DESeq2
uses a Wald test for testing this significance (Love et al., 2014).

Often times DE is performed on two sample groups, for example a control
and a treated group. In the present study, there were three groups: normal
colon, primary CRC tumour, and liver metastases samples, which will be re-
ferred to as normal, CRC and metastasis in the text respectively. DESeq2 can
account for this by providing contrast functionality which allows two groups
to be isolated and compared to each other once GLM coefficients have been fit
to the genes of the samples of interest. The following contrasts were picked,
with the second group in each contrast acting as the baseline for comparison
(i.e. CRC compared to Normal (as the baseline expression)):

1. CRC vs Normal

2. Metastasis vs CRC

3. Metastasis vs Normal

2.3.2 Differential Expression in R

The three different count matrices created from Section 2.2.1 were used as
input for three different instances of DESeq2 in the R statistical environment
using RStudio (R Core Team, 2019; RStudio Team, 2015). The matrix from
HTSeq was loaded into R to create a DESeqDataSet using ‘DESeqDataSet-
FromMatrix’. The matrix is structured as shown in Figure 2.2. The ‘quant’
files created by Salmon were imported using the ‘tximeta’ package in R as a
‘SummarisedExperiment’. From there, the DESeqDataSet was created. Be-
cause featureCounts was run within R, the DESeqDataSet was created from
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the matrix already produced. The following analyses steps were performed
identically for each DESeqDataSet created.

Figure 2.2: Figure showing the matrix layout for DESeq2 input. Genes were listed
in the first column, with the samples listed as row headers. The count values popu-
lated the table according to gene and sample.

The dataset was subjected to minimal pre-filtering to keep rows that have
more than one read total, thus excluding rows (genes) with zero and single
counts across samples. Multidimensional statistics, such as principle compo-
nent analysis (PCA) works best with data that has the same range of variance
or is said to be homoskedastic (Love et al., 2014). Variance can be stabilised
across the mean in DESeq2 using transformations such as the variance stabil-
ising transformation (vst) or the regularised logarithm transformation (rlog),
and the latter was employed in the present study. In order to test the con-
sistency between samples within groups, PCA and multidimensional scaling
(MDS) plots were created using the rlog stabilised values. PCA uses the genes
and counts as data, whereas MDS uses calculated Euclidean distances between
the data points (Love et al., 2014).

The DESeq2 DE pipeline was run in R on the previously created DESe-
qDataSets. This pipeline runs the DE method described above, briefly: the
estimation of size factors (sj), the estimation of dispersion values for each gene
(αi), and fitting the GLM to the data to produce the coefficients (βir). A
results table was created, extracting key values from the DE analysed data
namely the log2 fold change (log2FC) and p-values of the DE genes. Results
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were created for each of the contrasts. The p-values were calculated from a null
hypothesis defined as a log2FC difference of zero between the sample groups
in the separate contrasts. In order to account for the multiple comparisons
and false positives that may be detected, DESeq2 adjusts the p-value using
the Benjamin and Hochberg (BH) method (Benjamini and Hochberg, 1995).
Significance for the adjusted values was set at p < 0.05 as well as manually
setting the log2FC threshold to 1.5.

A volcano plot was created for each contrast, which visualises the distri-
bution of the coefficients calculated from DESeq2 by using the log2FC values
(Dudoit et al., 2002; Love et al., 2014). Because there might be genes with low
counts or high dispersion parameters, the log2FC values can be shrunk using
estimators and does not change the total number of genes that were identified
as significantly DE. The default shrinkage estimator provided by DESeq2 was
used to shrink the log2FC values before plotting the volcano plots (Love et al.,
2014).

Genes that were identified as significantly DE according to the p-value and
log2FC thresholds were extracted into a separate dataset for each contrast.
The top 20 genes according to their p-value were further extracted into separate
lists.

The top 20 DE genes for each contrast of each quantification method (HT-
Seq, Salmon, featureCounts) were compared and the common genes that were
present in all three were extracted into separate lists per contrast. This re-
sulted in three smaller gene lists encompassing the most significant DE genes
as commonly found by the different alignment and quantification methods.
These gene lists, or signatures, will be referred to as Sig1, Sig2 and Sig3 in line
with the order of contrasts described above.

2.4 Functional Analysis

In order to get biological insights from the list of significantly DE genes func-
tional analysis was performed using the GO and KEGG databases.

2.4.1 GO Analysis

The GO database is regularly maintained by the Gene Ontology Consortium
and includes annotations for a wide variety of organisms and ontologies for
biological processes (BP), molecular functions (MF) and cellular components
(CC) (Consortium, 2019). Enrichment, or over-representation, is a type of
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analysis that determines the probability that functional categories within a
certain list of genes are present at a higher proportion than a background set
of genes. GO ontologies are classified as terms and have names as well as
accession numbers. A single gene is able to be associated with more than a
single GO term. These GO terms are loosely hierarchical with differing levels
of specificity according to how much is known about the gene product.

GO over-representation analysis can be performed in R using various pack-
ages. Here, the package ‘clusterProfiler’ was used which is available through
Bioconductor (Yu et al., 2012). The package uses a GO database package
‘GO.db’ which has up-to-date annotation maps for the entire ontology (Carl-
son et al., 2017). clusterProfiler is able to perform enrichment tests using the
‘enrichGO’ function for the specified category. The datasets containing the
significant DE genes from Section 2.3.2 were used as the input data of interest,
with all genes that were DE, significant or not, used as the background dataset.
Bar and dot plots were created in order to visualise the enrichment results.

In addition to using R for GO analysis, web based tools can also be used.
Web-based tools offer ease of use, only requiring a list of significant DE genes.
A recently released web tool is WebGestalt (Liao et al., 2019). The DE genes
from the lists Sig1, 2 and Sig3 were uploaded as separate inputs, with the
human genome set (GRCh38) as the background set. WebGestalt advanced
parameters were set as follows: minimum genes for a category was set at 5,
maximum genes for a category was set at 2000, significance test adjustment
was set to use the BH method, significance level was set to top 10, number
of categories from set cover was set at 10, number of categories visualised
in report were set at 40, colour in DAG was set to continuous. WebGestalt
performed GO analysis across the different categories, and output was an ‘html’
file containing all the relevant results and plots.

2.4.2 KEGG Analysis

KEGG is a database for the high-level analysis of biological functions from the
genomic level. KEGG describes itself as the computer representation of the
biological system, with 18 databases ranging from molecular pathways to genes
to diseases and is currently maintained by the Kanehisa Laboratory (Kanehisa
and Goto, 2000). The KEGG pathway database consists of manually drawn
pathway maps representing the molecular interaction of genes and proteins.
This allows one to map genes of interest to a pathway. Each pathway map is
identified by the combination of 2-4 letter prefix code and a 5 digit number
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(Kanehisa and Goto, 2000).
Gene set enrichment analysis (GSEA) was performed using the KEGG

database in R using clusterProfiler. GSEA uses the log2FC from the DE anal-
ysis. The changes over specific gene sets are measured instead of the changes in
individual genes. These gene sets were derived from KEGG pathways, allow-
ing for the identification of changes in specific pathways. The GSEA analysis
output a ‘.csv’ file of the KEGG pathways in order of their adjusted p-value
significance which was used to create plots in RStudio.

2.5 WGCNA

Co-expression is a method used to identify genes that are commonly dysregu-
lated together. Co-expression analysis was performed in R using the ‘WGCNA’
package, which performs weighted correlation network analysis (Langfelder and
Horvath, 2008). Co-expression is performed in three general steps (van Dam
et al., 2018). First, the correlation between pairs of genes is assessed (their
expression similarity). Next, the associations in correlations are used to create
a network where genes act as nodes. Finally, groups of similarly co-expressed
genes are clustered into modules. These modules can be used for further anal-
ysis. Co-expression can further be classified into signed and unsigned, as well
as weighted and unweighted. In this study, a signed and weighted network
was produced. Signed networks offer more biologically meaningful results, and
weighted networks have been shown to produce more robust results (van Dam
et al., 2018).

WGCNA analysis is performed on a matrix xij of interconnecting nodes,
or genes. A network is formed by calculating the adjacency matrix αij, which
represents the connectedness between the node pairs based on the expression
data generated by the DE analysis. This is done by first calculating the simi-
larity between nodes, known as the co-expression similarity (sij), by taking the
correlation coefficient of the nodes i and j. In order to avoid information loss,
a weighted network approach is used by using a soft threshold instead of a hard
threshold, which allows the network adjacency to assume a value continuous
between 0 and 1. The adjacency value is calculated by taking the similarity
value to the power of the soft threshold β (β >= 1), described below.

αij = sβij

In order to determine the threshold value β, a plot is created using log(p(k))
against log(k), where k is the connectivity and p(k) is the frequency distribu-
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tion. A square regression correlation, or R2 is determined for this plot and
is used to measure the correlation of genes with high connectivity to genes
with low connectivity (Zhang and Horvath, 2005). The R2 values were plotted
against different soft thresholding powers (β). A β value is then picked where
the R2 value is at least above 0.8 and seems to be levelling off (Zhang and
Horvath, 2005). In this instance, a β value of 4 was chosen, representing the
lowest value where R2 stabilises above 0.8. The adjacency matrix created using
the determined β value is then transformed into a Topological Overlap Matrix
(TOM). The TOM is created to reduce the effects of noise and possible false
associations. This is done using the following formula

wij =
lij + αij

min(ki, kj) + 1− αij
wij represents the TOM similarity value, calculated using lij, the number

of nodes connected to i and j nodes, ki and kj, the interconnectivity for the i
and j nodes, and the adjacency value being between or equal to 0 and 1. A
TOM based dissimilarity value allows for more distinct gene modules (Zhang
and Horvath, 2005). Thus, in order to create a dissimilarity value (dij), the
original value is subtracted from 1.

dij = 1− wij

The dissimilarity value is used to create a dendrogram of the genes. The
vertical lines (or leafs) in the dendrogram represent genes, and the branches
group together for highly interconnected and co-expressed genes. Clustering
of these genes into modules was performed using a combination of the parti-
tioning around medoids (PAM) method, and a general hierarchical clustering
method. The PAM method partitions the dissimilarity matrix into equal size
k-mers which are clustered according to the minimal distance between gene cor-
relations whereas the hierarchical clustering method uses the average distance
between a node in relation to all other nodes. Modules with similar expression
values with higher than 0.75 correlation with each other were merged. The
modules were clustered with the following parameters of having a minimum of
30 genes and a maximum of 500 genes, and can be ranked according to signifi-
cance. Genes and gene modules were assessed in terms of their significance by
their correlation to the trait of the samples, being normal, CRC or metastases.
The gene significance for a gene at node i (GSi) relates to how biologically rele-
vant the gene is. Gene significance can be plotted against module membership
(MM) to identify genes of potential importance.

Kcor,i = cor(xi, Eq)
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In the above equation, Kcor,i represents the MM, of a gene or node i in the
module q and is defined by the correlation between the expression profile of
node i and the respective module eigengene (Eq). Furthermore, hub genes that
connect to many modules can be identified as genes with the highest associated
module eigengene based connectivity (Kme).

2.6 Validation

In order to validate the identified genes in the ‘Sig’ lists they were compared
to previous CRC literature and published studies. This was completed using
two online tools, the Colon Rectal Cancer Gene Database (CoReCG), and
Oncomine.

2.6.1 Validation using CoReCG

CoReCG is a curated database of validated CRC genes from previously pub-
lished literature (Agarwal et al., 2016b). A web-tool, accessible at http:

//lms.snu.edu.in/corecg/ allows the user to input a gene ID and search
the database. If the gene is found in the database, a summary of the findings
and references to the previous literature is provided. Additionally, links to
external resources such as NCBI, Uniprot and Ensembl for the gene of interest
are provided. The CoReCG database has 2056 genes referenced from 2486
papers from 1980 to 2015, with the majority of papers being published in 2015
(Agarwal et al., 2016b). The genes from the ‘Sig’ lists were uploaded individ-
ually to query the database. Their presence in the database and respective
summaries of their role in CRC was recorded.

2.6.2 Validation using Oncomine

Oncomine is a bioinformatics initiative aimed at analysing and collecting data
for over 18 cancer types and is accessible at https://www.oncomine.org (Rhodes
et al., 2004, 2007). Oncomine was created in response to the exponential in-
crease in microarray data and has since incorporated HTS data such as RNA-
Seq data for many cancer types, and uses the expression data to perform a
specialised DE workflow. This allows the data to be analysed in combinations
such as ’normal vs cancer’ of the same tissue type and ’cancer vs cancer’ of
different types or subtypes (Rhodes et al., 2007). There are currently 9 large
studies for colon and rectal cancer with 468 samples in total. The genes in

http://lms.snu.edu.in/corecg/
http://lms.snu.edu.in/corecg/
https://www.oncomine.org


CHAPTER 2. MATERIALS AND METHODS 28

these samples are ranked according to their DE significance in the analysis
combinations. Genes in the ‘Sig’ gene lists were uploaded to Oncomine to
determine how significant they are in terms of disease progression as found in
other studies.

On the Oncomine web interface, the following filters were added for the
‘Sig1’ list of genes: Cancer Type = ’Colorectal Cancer’, Analysis Type =
‘Normal vs Cancer’, Dataset Size = ‘150+’. Because the ‘Sig2’ and ‘Sig3’ list
of genes were DE genes in liver metastases samples, many were not found in
Oncomine CRC studies. The filters were adjusted as follows: Cancer Type =
‘Liver Cancer’, Analysis Type = ‘Cancer vs Cancer’. Thresholds for results
were set to p<0.05 and fold change of 1.5. Each gene in the lists was uploaded
individually and added to the filters. If the gene matched to a study, the DE
results and study name were recorded into a separate table.

2.7 Survival Analysis

Survival analysis is a statistical technique used in data analysis to determine
the time until an event occurs (Kleinbaum and Klein, 2010). In cancer disease
instances, the event can be regarded as death, relapse, metastasis or overall
survival. Survival data is recorded in studies found in databases online, such as
the Cancer Genome Atlas (TCGA), whereby tables consisting of the individuals
and their time to an event is recorded. Survival data is often plotted using
Kaplan-Meier (KM) curves, which allow researchers to visualise the probability
an individual will survive an event of interest over a period of time. One
benefit to using a KM plot is that censored data, such as data before an event
is reached, is taken into account, allowing for empirical distribution of data
(Kaplan and Meier, 1958). In a bioinformatics example, the input can be
a gene or gene signature, with the reference survival information taken from
TCGA. The resulting KM plot will show the survival probability of individuals
with cancer who express the gene or genes of interest. This plot can be used
to show the change in survival probability of survival in patients according to
changes in gene expression, i.e. when there is high or low expression of the
genes. When creating KM plots, a log-rank test can be performed in order
to determine whether the plots from high and low expression are statistically
significant or not (Kleinbaum and Klein, 2010). The log-rank test is a large
chi-square test that compares two KM curves with the null hypothesis being
that the curves show no statistical difference.
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In the present study, the web tools PROGgeneV2 and GEPIA were used
(Goswami and Nakshatri, 2014; Tang et al., 2019). PROGgeneV2 is a tool
created to study the prognostic data of various cancers and can be used to
create KM plots for individual genes. The tool is a web interface for a backend
R script using the ’survival’ package (Therneau, 2020). The genes in each list
were uploaded individually to the PROGgene web interface. The ‘colorectal’
cancer type was selected, with ‘death’ as the survival mode and gene expres-
sion bifurcated at the ‘median’ meaning that the gene expression was split into
high and low according to the median expression of that gene in the patient
data. PROGgene has survival information from 15 large CRC studies and the
present analysis the TCGA-COAD (colon adenocarcinoma) study (Peng et al.,
2015) was used. The analysis produced separate KM plots for each gene in
the list. In order to conduct batch analysis of the gene signatures, the Gene
Expression Profiling Interactive Analysis (GEPIA) tool was used (Tang et al.,
2017, 2019). GEPIA2 has data sources from TCGA and Genotype Tissue Ex-
pression (GTEx) databases. Each ‘Sig’ gene list was input as separate gene
signatures. The ‘overall survival’ measure was selected, with the ‘median’ cut-
off selected for high and low gene expression. The other parameters were left
as default. The datasets used were the TCGA COAD, READ (rectal ade-
nocarcinoma) and LIHC (liver hepatocellular carcinoma) datasets. Resulting
KM plots for the gene signatures were generated. Additionally using GEPIA,
stage expression plots were created for each individual gene.

2.8 Drug Gene Interaction

Drug gene interactions allow researchers to determine the therapeutic signif-
icance of genes. The Drug Gene Interaction database (DGIdb) is an online
web-tool hosting all known drug gene interactions for FDA approved and un-
approved drugs (Cotto et al., 2018). The genes from the ‘Sig’ lists were up-
loaded to DGIdb with the FDA approved and antineoplastic drug categories
filtered. The genes that matched to drug interactions were recorded.

2.9 Biomarker Testing

In order to assess the prognostic predictive potential of the selected genes,
their expression in the Oncomine database was assessed in terms of sensitivity,
specificity and precision (Parikh et al., 2008). The assessments include true
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positives (TP) of patients that have CRC and express the gene, true negatives
(TN) of patients that do not have CRC and do not express the gene, false
positives (FP) of patients who do not have CRC but do express the gene, and
false negatives (FN) of patients who do have CRC but do not express the gene.
The sensitivity is the ability of the gene to correctly detect CRC presence and
is defined by:

SE =
TP

TP + FN

Specificity is the ability to correctly identify patients not having CRC pres-
ence and is defined by:

SP =
TN

TN + FP

The positive predictive value (PPV) or precision value shows the percentage
of positives that have CRC presence and is defined by:

PPV =
TP

TP + FP

The genes were uploaded individually to Oncomine and the expression data
from the CRC studies was used to calculate the results using the above equa-
tions.

An additional parameter was measured by assessing the blood expression
levels of the gene. This was done using BBCancer, a recently made available
blood based biomarker atlas for the early diagnosis of different cancers (Zuo
et al., 2020). BBCancer represents the largest blood sample resource for can-
cer biomarker testing. BBCancer contains the DE analysis of different RNAs
between normal and tumour samples for different cancers including CRC as
taken from previous studies up to July 2018. These studies were used in a meta
analysis of the fold changes. These fold changes were then integrated with a
robust rank algorithm to create a meta score for each gene. The meta scores
are of interest as they show a single value indicating whether the gene has
high or low expression in the blood of a cancer or normal patient. BBCancer
also provides a measurement in addition to the DE analysis called expression
abundance. Together, the DE analysis and the expression abundance analysis
show whether a genes expression can be distinguished from normal blood and
detectable as a biomarker respectively.

Each gene of the ‘Sig1’ list was entered into BBCancer and analysed using
DE as well as expression abundance. The resulting meta scores were recorded
in a table format. The expression levels of the related proteins were matched
against the patient blood samples, as well as extracellular vesicle (EV) samples.
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2.10 Galaxy

Galaxy was developed in 2010 to address the increasing computational re-
quirements to analyse HTS data (Blankenberg et al., 2010). Galaxy hosts a
framework that is able to encapsulate high-end bioinformatics tools and re-
duces the need for researchers to have coding knowledge and powerful com-
puter systems as all that is required is a modern web browser. Over the past
10 years Galaxy has grown in popularity and usage, and provides a simple yet
comprehensive way to perform downstream analysis on NGS data. Galaxy has
dedicated tutorials on RNA-Seq data analysis (https://galaxyproject.org/
tutorials/rb_rnaseq/), and allows researchers to upload their data and ei-
ther use pre-existing workflows developed by other researchers, or create their
own workflow. Galaxy calls on other programs to perform the steps of analyses
without the researcher needing to know how to operate the programs. Galaxy
is free to use, only limited by the amount of data one can store (capped at
250GB on the public server).

Galaxy was used in the present study to evaluate an RNA-Seq analysis
workflow that is completely separate to the methods described above. A work-
flow for alignment, quantification and DE analysis was created on Galaxy as
follows.

A Galaxy account was set up in the free to use Galaxy Main server. As
the FASTQ files take up more than the 250GB storage quota, an additional
250GB was acquired from the Galaxy support staff (Jennifer Hillman-Jackson,
USA). Using Galaxy, the FASTQ files were downloaded directly to the Galaxy
server, without having to download them to a personal computer or device first.
This was done by using the ‘Download and extract data’ tool and importing
the individual SRR accession numbers. Galaxy downloaded the SRA files, and
using the NCBI-Toolkit extracted the FASTQ files for each accession. Another
option that was assessed was using the ‘Fetch Data’ option by pasting the direct
links to the gzipped FASTQ files from EBI.

The FASTQ files were grouped in their pairs. Galaxy hosts many tools for
alignment such as HISAT2, Salmon, Kalisto and RNA-STAR. STAR was un-
available at the time due to maintenance. Here, the HISAT2 tool was used for
alignment, using the built in human reference genome (hg38) and the FASTQ
files as input. This created a list of BAM files. The BAM files were used as
input with the featureCounts tool and quantification was performed using the
built in human genome annotation file (hg38).This created a list of tabular
count matrices on the Galaxy server. These count matrices were then used as

https://galaxyproject.org/tutorials/rb_rnaseq/
https://galaxyproject.org/tutorials/rb_rnaseq/
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input for DE using both DESeq2 and edgeR. This led to an output of basic
plots showing initial DE results.

2.11 Programs and Code Information

Detailed ‘sessionInfo’ from the R session, including packages and their version
numbers, can be found in the Appendix. All codes used are available at GitHub
(https://github.com).

https://github.com


Chapter 3

Results

3.1 Quality Control

QC was performed using FastQC and merged into a batched summary file
using MultiQC as described above. Figure 3.1 represents the mean quality
score displaying the quality of each read in each FASTQ file, whereas Figure
3.2 shows the quality for each FASTQ sequence file, and the the per sequence
GC content showing the percentage of guanine and cytosine nucleotide bases
in the FASTQ sequence files is shown in Figure 3.3.

Figure 3.1: Figure showing the mean quality score for all the reads for each base.
This quality score is included in the FASTQ file after sequencing, and represents the
predicted accuracy of a correct base call.

Figure 3.1 shows the distribution of quality scores across the reads. This is
an important analysis in QC, as it can show and alert the researcher if there
were any problems in the sequencing. The y-axis shows the Phred quality
score, a measure of the quality of the identified base. The Phred score is

33
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calculated during sequencing, and indicates the probability of the sequencer
misidentifying the base. The Phred score is calculated as Q in the following
equation:

Q = −10 ∗ log(10)(P )

Where P is the estimated error probability of the base identification or call
(Ewing and Green, 1998). In FastQC, a Phred (Q) score of 30 is highlighted in
green and is equivalent to a 99.9% base call accuracy (or a 1 in 1000 probability
of incorrect base call). The x-axis represents the base pair position in the read.
Figure 3.1 shows the reads in this study are of high quality and start to drop
in quality as the read position increases which is commonly associated with
Illumina sequencing phenomena: signal decay and phasing (Ledergerber and
Dessimoz, 2011). Signal decay occurs as sequencing progresses each cycle,
leading to the degradation of fluorophores on the 3’ end of the read. Thus,
the signal degrades each cycle leading to a drop in the quality score. Phasing
occurs during a cycle when a strand fails to incorporate a base call, thus in the
next cycle it will lag behind. This is also known as a loss in the synchronicity
of the sequencing (Ledergerber and Dessimoz, 2011). The reads in this study
showed no signs of instrument damage or signs that warrant concern, and
therefore the quality of the reads was deemed good.

Figure 3.2: Figure showing the average quality score per sequence (x-axis) according
to the Phred score and the respective sequence counts (y-axis). This quality score
is included in each FASTQ file and represents the number of sequences that have a
high accuracy of having correct base calls. Red indicates a poor quality score of a
Phred score less than 20, yellow indicates a Phred score that should be investigated
and green indicates a good Phred score. The majority of sequences fall in the green
block.

Figure 3.2 shows the per sequence quality score for the FASTQ sequences.
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The Phred scores are plotted on the x-axis with the number of sequences
plotted on the y-axis. The majority of sequences had a Phred score of above
30, demonstrating that the quality of the reads was good with no signs that
warrant concern.

Figure 3.3: Figure showing the overall percentage GC content in the FASTQ files.
The GC content can then be compared to the organisms expected GC percentage.
Homo sapiens expected GC percentage is 46.1 ± 9%. Lines in red and yellow repre-
sent outlier samples.

Figure 3.3 shows the per sequence GC content. Of the 108 FASTQ files,
7 of them were outliers. The %GC peaks at around 50, showing a normal
distribution. A biased distribution would indicate a contaminated sequencing
library. FastQC calculates the distribution using the observed data, as it does
not know the expected distribution. In homo sapiens, the expected %GC is
46.1± 9% (Romiguier et al., 2010), meaning the sequences in this study were
deemed good for further analysis.

3.2 Differential Expression

DE using DESeq2 in RStudio was performed on the different count matrices as
aligned by the different methods described above. DE analysis identified genes
that were either upregulated or downregulated amongst the different sample
relative to a baseline group, i.e. “CRC vs Normal” denotes the DE analysis
on genes in the “CRC” group as compared to the baseline “Normal” group,
thus highlighting DE genes present in CRC. The DE dataset was pre-filtered
of genes that had total counts across all samples of <1 and the result of this
filtering is displayed in Table 3.1.



CHAPTER 3. RESULTS 36

Method Pre-Filtering Post-Filtering

HTSeq 60676 45798
Salmon 60240 43636
featureCounts 60676 44818

Table 3.1: Table showing the gene counts for each quantification method before
and after manual filtering of genes with <1 count across all samples.

Due to the following DE analyses being done separately for the three dif-
ferent methods as described above, and in the interest of legibility, only the
Salmon DE results are displayed in the following text. Salmon has been previ-
ously shown to be as effective if not more than traditional alignment methods
(Patro et al., 2017). The DE plots using the other two alignment methods
showed similar results, and can be obtained upon request.

The initial results from the DE dataset were transformed and normalised
using rlog as described above, and were plotted in two plots, a PCA and an
MDS plot. These plots were chosen in order to visualise the samples and
groups in terms of their relation to each other. The PCA plot in Figure 3.4
shows distinct groupings between the three sample groups, Normal (blue dots),
CRC (red dots) and Metastasis (green dots). The Normal samples show close
clustering with one another, indicating consistency in the gene expression in
the sample group. The CRC samples appear to cluster closer to the Nor-
mal samples, with intra-group variation in expression, with Metastasis having
the most distinct separation and variance amongst individuals, showing and
possibly predicting how the samples and gene expression will differ in further
analysis. It also shows a pattern with regards to cancer progression, with the
metastatic cancer having the highest variation from the primary tumour possi-
bly as genetic differences continue to arise (Huang et al., 2018a). Interestingly,
some dots cluster with the other sample groups, for example there are a few red
CRC dots clustering with the blue Normal dots, and a few green Metastasis
dots clustering with both the Normal and CRC dots. The exact sample (SRR)
names are shown in Appendix Figure A.1. This is hypothesised to be due to
patient sample variability, as well as the highly heterogeneous nature of CRC
and metastasis (Grady and Carethers, 2008; Vogelstein et al., 2013). It could
also represent samples at different stages in the disease, with the green dots
clustering with red indicating samples in the early stages of metastasis that
still show similar gene expression profile to primary CRC, and the red dots
clustering with the blue dots indicating early stages of primary CRC tumour
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progression that still shows gene expression profile similar to healthy colon
cells.
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Figure 3.4: A PCA plot using rlog normalised data from the Salmon method
along PC1 and PC2. The blue dots indicate the Normal samples, the red dots
indicate the primary CRC tumour samples, with the green dots representing the liver
metastases samples. The percentage variance indicates the variance of the samples
across principal components 1 and 2, the most variable of the components, which
then represent variability of the samples from each other.

The MDS plot shows the consistency of the gene expression amongst indi-
vidual samples within their groups by measuring the Euclidean distances be-
tween samples. Samples with similar gene expression values cluster together.
In Figure 3.5, similar to the PCA results, there is distinct separation of the
sample groups, with clustering amongst the Normal samples. In this instance,
the CRC and Metastasis sample groups show separation from each other, but
a high degree of variability amongst individual samples as in the PCA plot.
This is not uncommon from patient RNA-Seq data as there are many variables
in deriving these sequences.

DE analysis was performed as described previously, identifying genes in
each contrast that were either upregulated or downregulated. In order to vi-
sualise these results, volcano plots (Figure 3.6) were created for each contrast.
An volcano plot is useful for showing the distribution of genes across the con-
trasts of interest (Dudoit et al., 2002). The volcano plot illustrates the log2FC
of genes across the groups. Each dot in the volcano plot represents a gene that
is upregulated or downregulated, whereas the red dots indicate genes that are
significantly (p<0.05 and log2FC > 1.5) DE. The plots show significantly up-
regulated genes in Figure 3.6a represented by the red dots beyond the log2FC
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Figure 3.5: An MDS plot using rlog normalised data from the Salmon method
along two dimensions of Euclidean distance differences, 1 (x-axis) and 2 (y-axis). The
Euclidean distances were calculated from the rlog data, and show the relationship
between samples and how they differ. The blue dots indicate the Normal samples, the
red dots indicate the primary CRC tumour samples, with the green dots indicating
the liver metastases samples.

midline of 0, therefore illustrating how genes in the CRC group are upregu-
lated as compared to the Normal group. In Figures 3.6b & 3.6c the increase
in amount of red dots indicate an increase in significantly upregulated as well
as downregulated genes in the Metastasis group as compared to the CRC and
Normal groups respectively. Notably, the Metastasis upregulated genes in Fig-
ures 3.6b & 3.6c were also above a log2FC of 5.

In order to quantify the volcano plots, the number of significantly DE genes
(p < 0.05 and log2FC > 1.5, i.e the red dots in each contrast) were extracted
and are displayed in Table 3.2 according to method and contrast. The ‘CRC
vs Normal’ group had the least number of DE genes, with ‘Metastasis vs CRC’
having slightly more and ‘Metastasis vs Normal’ having the most.
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Method CRC vs Normal Metastasis vs CRC Metastasis vs Normal

HTSeq 468 862 3344
Salmon 481 866 3194
featureCounts 543 930 3549

Table 3.2: Table showing the significant genes that were differentially expressed
in the different contrasts and methods. These genes met two criteria in order to be
labelled as significant, p < 0.05 and log2FC > 1.5.

The top 20 DE genes according to p-value for each contrast were selected
from the extracted significant genes, and their respective counts for each con-
trast were plotted in Figure 3.7 to illustrate the gene spread across groups.

These 20 genes were different amongst the three different alignment meth-
ods used. Taking this into account the genes that were common in all three
quantification methods were extracted and made into a separate list for each
contrast using Microsoft Excel (2020). Tables 3.3, 3.4 & 3.5 show the common
genes as well as brief descriptions for “CRC vs Normal”(Sig1) and “Metastasis
vs CRC” (Sig2) and “Metastasis vs Normal” (Sig3) respectively. The descrip-
tions for the genes were taken from GeneCards (https://www.genecards.org)
which hosts user-friendly summaries for all annotated human genes. These
genes formed the foundation for further analysis, as they represented the most
significant DE genes found using the three different methods and it is from
these genes that a potential biomarker could be found.

https://www.genecards.org


CHAPTER 3. RESULTS 40

CRC vs Normal Details log2FC p-value

COL11A1 Encodes the alpha unit for type
XI collagen

4.755618 5.105867e-20

ETV4 Functions in the regulation of cell
growth, angiogenesis, migration
proliferation, and differentiation

3.993919 2.956365e-20

INHBA Encodes a member of the TGF-β
family

4.450682 1.088434e-19

ADAM12 Encodes disintegrin and metallo-
protease, involved with cell-cell
interactions

4.101672 4.000987e-20

CLDN1 Encodes claudin-1, an integral
membrane protein

3.708042 7.314958e-16

COL10A1 Encodes the alpha unit for type
X collagen

5.972869 7.246757e-22

MMP1 Encodes matrix
metalloproteinase-1, a colla-
genase

4.506133 2.094360e-15

FAP Encodes fibroblast activation pro-
tein, a transmembrane glycopro-
tein

3.653027 4.044356e-15

CTHRC1 Encodes collagen triple helix re-
peating protein, involved in vas-
cular remodelling

3.650354 2.018502e-15

CASC19 Cancer associated susceptibility
gene 19

3.117882 2.524442e-11

MMP3 Encodes matrix
metalloproteinase-3, a colla-
genase

4.370396 9.031456e-13

KRT17 Encodes type I intermediate fila-
ment chain keratin 17, involved in
follicle development

4.276951 1.799842e-11

FOXQ1 Encodes forkhead box Q1, a pro-
tein involved in cell cycle regula-
tion

3.955872 9.914317e-12

Table 3.3: Table showing the common top DE genes amongst the three methods
for CRC vs Normal and their relative descriptions, log2FC and p-value. This list
represents signature Sig1.
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Metastasis vs CRC Details log2FC p-value

CYP2E1 Cytochrome liver membrane pro-
tein and key activator of cy-
tochrome P450 enzyme activity

8.222054 8.330575e-71

HPX Encodes hemopoxin, a heme
transport protein

8.053424 9.275393e-59

APOH Encodes apolipoprotein H, a
functional plasma protein

8.426904 3.693762e-65

APOA1 Encodes apolipoprotein A1, in-
volved in lipid metabolism

8.442701 1.958622e-61

APOB Encodes apolipoprotein B, in-
volved in lipid and cholesterol
metabolism

8.174899 7.146724e-60

FGL1 Encodes fibrinogen like protein,
involved in T-cell activation

8.441066 2.258128e-65

FGB Encodes beta subunit of fibrino-
gen

8.257455 2.555077e-55

ITIH2 Encodes inter alpha typist in-
hibitor heavy chain 2, involved in
ECM stabilisation

8.407494 5.303918e-62

HP Encodes haptoglobin, binds free
plasma haemoglobin

8.129479 2.112212e-54

FGA Encodes alpha subunit of fibrino-
gen

8.345762 1.959888e-58

ITIH1 Encodes inter alpha typist in-
hibitor heavy chain 1, involved in
cell adhesion

8.407494 5.303918e-62

AMBP Encodes alpha-1-microglobulin
precursor a complex glycoprotein
in plasma

8.081744 1.826885e-57

ORM1 Encodes ososomccoid 1, an acute
inflammation plasma protein

8.343218 1.024156e-57

Table 3.4: Table showing the commonly DE genes amongst the three methods for
Metastasis vs CRC and their relative descriptions, log2FC and p-value. This list
represents signature Sig2.
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Metastasis vs Normal Details log2FC p-value

CYP2E1 Cytochrome liver membrane pro-
tein involved in metastasis

7.929285 1.220889e-65

APOH Encodes apolipoprotein H, a
functional plasma protein

8.041904 3.964893e-59

APOA1 Encodes apolipoprotein A1, in-
volved in lipid metabolism

8.331261 9.578143e-60

HPX Encodes hemopoxin, a heme
transport protein

7.808650 4.194697e-55

FGL1 Encodes fibrinogen like protein,
involved in T-cell activation

8.156394 6.833551e-61

ITIH1 Encodes inter alpha typist in-
hibitor heavy chain 1, involved in
cell adhesion

8.222296 4.667700e-59

IGFBP1 Encodes insulin like growth factor
binding protein 1, involved in cell
migration and metabolism

8.098457 5.798662e-62

ITIH2 Encodes inter alpha typist in-
hibitor heavy chain 2, involved in
ECM stabilisation

8.230591 5.899587e-61

AMBP Encodes alpha-1-microglobulin
precursor a complex glycoprotein
in plasma

8.277759 2.728997e-60

ITIH3 Encodes inter alpha typist in-
hibitor heavy chain 3, involved in
ECM stabilisation

7.530781 1.401363e-59

APOA2 Encodes apoliprotein A2, in-
volved in lipid metabolism

8.226643 8.332104e-57

PLG Encodes plasminogen 7.903639 8.616285e-63

Table 3.5: Table showing the commonly DE genes amongst the three methods for
Metastasis vs Normal and their relative descriptions, log2FC and p-value. This list
represents signature Sig3.
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Figure 3.6: Figures showing the volcano plots for the different contrasts, (a) CRC vs
Normal, (b) Metastasis vs CRC, and (c) Metastasis vs Normal. Each dot represents
a gene and their relative log2FC. Grey dots indicate genes that had no significant
change, green dots indicate genes that met the log2FC threshold of more than 1.5,
blue dots indicate genes that were significantly DE (p<0.05) whereas red dots indicate
genes that met both the thresholds.
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Figure 3.7: Figures showing the normalised count spread of the top 20 most DE
genes according to p-value in each contrast, (a) CRC vs Normal, (b) Metastasis vs
CRC, and (c) Metastasis vs Normal. The genes are labelled with their known gene
symbols.
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3.3 Gene Processes

Functional analysis using GO (Consortium, 2019) and KEGG pathway analysis
(Kanehisa and Goto, 2000) was performed.

GO analysis used the list of significant genes as an input and mapped them
to biological processes within an organism, in this case homo sapiens. The top
30 enriched biological processes of all the significant DE genes were plotted
into a bar plot in Figure 3.8. The enriched GO terms were ordered according
to their significance (p-value).

In Figure 3.8a, the top 30 most significant GO terms were ‘extracellular
matrix organisation’, ‘extracellular structure organisation’ and ‘collagen fib-
ril organisation’, meaning these biological processes are over-expressed in the
CRC samples when compared to the Normal samples. Notably, there exist
processes which carry high biological significance in cancer such as ‘angiogene-
sis’ and ‘immune regulation.’ Furthermore, processes related to the colorectal
development were also enriched, such as ‘epithelial tube morphogenesis’ and
‘endoderm formation.’

Figures 3.8b & 3.8c represent the GO processes upregulated in the Metas-
tasis samples, against CRC and Normal samples respectively. ‘Complement
activation’ was the top process in Figure 3.8b, as well as various metabolic
processes such as ‘steroid metabolic process and ‘triglyceride metabolic pro-
cess. A similar result was seen in Figure 3.8c. The metabolic processes could be
attributed to the fact that these samples were extracted form liver metastases,
where metabolism takes place and the lipid transport and metabolism genes
may show an association between lipid metabolism and cancer metastasis. In-
terestingly, there were a few immune response processes such as ‘regulation to
humoral immune response’ that were also enriched in the metastases samples.

The KEGG enrichment analysis on all the significant DE genes is displayed
in Figure 3.9.

The pathways enriched in primary CRC (Figure 3.9a) include those related
to cancer in the ‘Wnt signalling pathway’, ‘Cell cycle’, and ‘ECM receptor inter-
action’, the latter of which had related GO processes in Figure 3.8a. Pathways
‘RNA transport’, ‘Ribosome’ and ‘Spliceosome’ indicate control of gene expres-
sion. Additionally, inflammatory related pathways such as ‘Cytokine-cytokine
receptor interaction’ and ‘IL-17 signalling pathway’ as well as inflammatory
disease pathways ‘Systemic lupus erythematosus’ and ‘Rheumatoid arthritis’
were also enriched.

In the liver metastases (Figures 3.9b & 3.9c) the pathway ‘Complement
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and coagulation cascades’ was enriched, similar to the GO analysis of these
genes (Figures 3.8b & 3.8c). ‘Peroxisomes’ and the ‘PPAR signalling pathway‘
indicate lipid metabolism pathways, alongside the drug and other metabolism
pathways that were also enriched. Key liver related pathways enriched included
‘Biosynthesis of amino acids’, ‘Bile secretion’ and ‘Glycolysis and gluconeoge-
nesis’.

The WebGestalt GO summaries on the gene signatures are displayed in
Figure 3.10.

As seen in Figure 3.10a, the top biological processes involved in the CRC
gene signature, with 10 of the 13 genes being involved, are ‘cellular compo-
nent organization’, ‘developmental processes’ and ‘biological regulation, all
processes that are associated with cancer and proliferation. Similar to the
previous GO results (see Figure 3.8) the signature of the metastases samples
showed that ‘metabolic processes’ and ‘biological regulation’ were the top pro-
cesses upregulated (Figure 3.10b).



CHAPTER 3. RESULTS 48

skeletal system morphogenesis
gastrulation

mesenchyme morphogenesis
regulation of animal organ formation

cellular response to biotic stimulus
response to molecule of bacterial origin
morphogenesis of a branching structure

eye morphogenesis
response to lipopolysaccharide
epithelial tube morphogenesis

angiogenesis
endodermal cell differentiation

positive regulation of inflammatory response
positive regulation of peptidyl−tyrosine phosphorylation

morphogenesis of a branching epithelium
cellular response to molecule of bacterial origin

cellular response to lipopolysaccharide
branching morphogenesis of an epithelial tube

mesenchyme development
endoderm formation

sensory organ morphogenesis
cartilage development

extracellular matrix disassembly
connective tissue development

skin development
collagen catabolic process

collagen metabolic process
collagen fibril organization

extracellular structure organization
extracellular matrix organization

0 10 20 30

0.016

0.012

0.008

0.004

p.adjust

(a) CRC vs Normal

complement activation, classical pathway
protein−containing complex remodeling
plasma lipoprotein particle remodeling

protein−lipid complex remodeling
cellular amino acid metabolic process

acute−phase response
xenobiotic metabolic process

lipid transport
isoprenoid metabolic process

response to xenobiotic stimulus
diterpenoid metabolic process

organic acid biosynthetic process
carboxylic acid biosynthetic process

acute inflammatory response
cellular hormone metabolic process

lipid localization
retinoid metabolic process

small molecule catabolic process
humoral immune response

terpenoid metabolic process
cellular amino acid catabolic process

regulation of humoral immune response
carboxylic acid catabolic process

organic acid catabolic process
hormone metabolic process

alpha−amino acid catabolic process
alpha−amino acid metabolic process
regulation of complement activation

steroid metabolic process
complement activation

0 20 40 60

2.100662e−15

1.575496e−15

1.050331e−15

5.251654e−16

1.178496e−29
p.adjust

(b) Metastasis vs CRC



CHAPTER 3. RESULTS 49

terpenoid metabolic process
organic acid transport

regulation of neurotransmitter levels
lipid transport

plasma lipoprotein particle remodeling
protein−lipid complex remodeling

retinoid metabolic process
response to nutrient

fibrinolysis
lipid localization

humoral immune response mediated by circulating immunoglobulin
xenobiotic metabolic process

organic acid biosynthetic process
carboxylic acid biosynthetic process
cellular hormone metabolic process

negative regulation of coagulation
alpha−amino acid catabolic process

organic hydroxy compound transport
negative regulation of hemostasis

negative regulation of blood coagulation
complement activation, classical pathway

organic anion transport
response to xenobiotic stimulus

humoral immune response
regulation of humoral immune response

alpha−amino acid metabolic process
regulation of complement activation

hormone metabolic process
steroid metabolic process

complement activation

0 25 50 75 100 125

8e−09

6e−09

4e−09

2e−09

p.adjust

(c) Metastasis vs Normal

Figure 3.8: Figures showing bar plots for the Top 30 most significant GO biological
processes for the different contrasts, (a) CRC vs Normal, (b) Metastasis vs CRC,
and (c) Metastasis vs Normal. The GO analysis maps the DE genes to their known
biological processes. Processes are given a colour according to adjusted p-value sig-
nificance, with red being the most significant and blue being the least significant.
The x-axis shows how many genes mapped to each GO term. Processes in red blocks
indicate processes of interest in the present study.
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Figure 3.9: Figures showing bar plots for the top 15 KEGG enriched pathways
for all the DE genes for each contrast, (a) CRC vs Normal, (b) Metastasis vs CRC,
and (c) Metastasis vs Normal. Pathways are given a darker blue according to their
increasing significance. The x-axis show the number of genes in the gene set that
were mapped to the pathway on the y-axis. Pathways in red blocks indicate pathways
of interest in the present study.
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(a) CRC vs Normal

(b) Metastasis vs CRC

(c) Metastasis vs Normal

Figure 3.10: Figures showing the GO analysis bar plot for each contrast, (a) CRC
vs Normal, (b) Metastasis vs CRC, and (c) Metastasis vs Normal as output from
WebGestalt. The input gene signatures were Tables 3.3, 3.4 & 3.5. The x-axis
represent the GO terms for each category. The y-axis represent how many genes of
the signatures mapped to each term, with the number displayed at the top of each
bar.
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3.4 Co-Expression

A co-expression workflow was developed using WGCNA as described above.
Co-expression analysis can identify co-expressed genes that are associated with
specific biological functions. First, the variance stabilised expression data
across all samples was used in the co-expression analysis. Initially, all sam-
ples were clustered using a simple hierarchical clustering method in R. The
outlier was detected and removed by setting a cut-height that removes indi-
vidual samples not stemming from the main cluster (see Figure A.2). From
there, the sample dendrogram was plotted, with a group heatmap attached
in Figure 3.11. While the Normal samples show clustering to one half of the
dendrogram, the CRC and Metastasis samples show diversity in their cluster
pattern.

In order to perform co-expression analysis, an optimal soft threshold power
of β was required in order to create the initial TOM as described above. A
set of powers from 1 to 20 were plotted on a scale free topology plot and a
mean connectivity plot. A good soft threshold power is the lowest power seen
where the curve flattens out at a high value (R2 > 0.8), meaning there are
higher numbers of low correlated genes helping to distinguish gene clusters.
Figure 3.12 visualises these plots and a soft threshold of β = 4 was selected,
as described previously.

Once the threshold power was chosen, the TOM was created and used to
create a TOM dissimilarity matrix. This matrix was used to create a gene den-
drogram of the expressed genes that were clustered using a typical hierarchical
technique and a PAM technique. The cluster modules were merged with a dis-
tance threshold of 0.075, resulting in 32 merged module colours representing
genes commonly co-expressed in each module. These merged module colours
were used along with a group heatmap for each gene in Figure 3.13. The clear-
est association is the correlation between the metastasis genes and the yellow
module. Although performing WGCNA analysis was not an objective to this
study, the method was developed in line with developing an RNA-Seq analysis
workflow that covers multiple bioinformatics analyses types, and the results
represent a point of departure into future studies.
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Figure 3.11: Figure showing the samples in a dendrogram with the outlier removed and a trait heatmap added for visibility showing how the
expression profiles of each run (SRR) relate to each other.
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3.5 Validation

The gene signatures from Tables 3.3, 3.4 & 3.5 were validated for their presence
in CRC patients using the CoReCG and Oncomine database (Agarwal et al.,
2016b; Rhodes et al., 2004). The results of the validation are displayed in
Tables 3.6, 3.7 & 3.8. The detailed Oncomine results can be found in the
Appendix D.1.

Gene Presence in CoReCG Presence in Oncomine

COL11A1 Yes Yes
ETV4 Yes Yes
INHBA Yes Yes
ADAM12 No Yes
CLDN1 Yes Yes
COL10A1 No Yes
MMP1 Yes Yes
FAP No Yes
CTHRC1 Yes Yes
CASC19 No No
MMP3 Yes Yes
KRT17 Yes No
FOXQ1 Yes Yes

Table 3.6: Table showing validation of the genes in the "CRC vs Normal" contrast
and whether they are present in the CoReCG and Oncomine databases for CRC.

In Tables 3.7 & 3.8 many of the genes were not found in the CoReCG
database. One reason for this is that the CoReCG database only included
genes from CRC tumours, and not from the liver metastases of CRC. This
reason also explains why many of the genes were found in liver cancer profiles
in Oncomine, and not in CRC profiles. As the samples themselves were taken
from liver metastases in patients, the results are to be expected.
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Gene Presence in CoReCG Presence in Oncomine

CYP2E1 Yes No
HPX No Yes
APOH No Yes
APOA1 No Yes
APOB Yes Yes
FGL1 No Yes
FGB Yes Yes
ITIH2 No Yes
HP Yes Yes
FGA No Yes
ITIH1 No No
AMBP No Yes
ORM1 No Yes

Table 3.7: Table showing validation of the genes in the "Metastasis vs CRC"
contrast and whether they are present in the CoReCG and Oncomine databases
for CRC and liver cancer respectively.

Gene Presence in CoReCG Presence in Oncomine

CYP2E1 Yes No
HPX No Yes
APOH No Yes
APOA1 No Yes
FGL1 No Yes
IGFBP1 Yes Yes
ITIH2 No Yes
ITIH3 No No
APOA2 No Yes
ITIH1 No No
AMBP No Yes
PLG Yes Yes

Table 3.8: Table showing validation of the genes in the "Metastasis vs Normal"
contrast and whether they are present in the CoReCG and Oncomine databases for
CRC and liver cancer respectively.

3.6 Survival Analysis and Stage Expression

The gene signatures were then subjected to survival analysis and stage expres-
sion analysis using GEPIA2. The resulting plots in Figure 3.14 show survival
analysis on the genes as a batch, and not individually. The survival analysis
of individual genes was done using PROGgeneV2 as described above and these
individual plots are displayed in the Appendix B.
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(c) Metastasis vs Normal

Figure 3.14: Figures showing the Kaplan-Meier overall survival graphs for the
common genes for each contrast (a) CRC vs Normal, (b) Metastasis vs CRC, and (c)
Metastasis vs Normal, using GEPIA2 and TCGA COAD, READ and LIHC studies
as reference. Solid lines indicate the survival analysis results, with the dotted lines
indicating the 95% confidence interval. HR represents the hazard ratio using the Cox
proportional hazards model. The n number represents the number of samples used
in the analysis for high and low expression.
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The sets of gene signatures show decreased survival with higher expression
of their respective genes (Figure 3.14). Figure 3.14a was referenced against
data from the TCGA COAD and READ studies, whereas Figure 3.14b &
3.14c was referenced against data from TCGA COAD, READ and LIHC to
represent the liver metastases. The decreased survival with high expression of
the genes show the influence these genes have on the severity of the disease.

GEPIA2 was also used in order to analyse gene expression across CRC
stages I - IV, which were described above. The “CRC vs Normal” genes were
mapped to TCGA COAD and READ to determine stage expression across
common CRC, and were separately mapped to TCGA LIHC to determine stage
expression in liver metastases. The remaining contrasts were mapped first to
COAD and READ and separately to LIHC. In the interest of legibility, the
individual stage expression plots for each gene in each contrast are displayed
in the Appendix C.

3.7 Drug Gene Interactions

In order to analyse known drug-gene interactions, the gene signatures in Tables
3.3, 3.4 & 3.5 were uploaded to DGIdb. The interactions with drugs associated
with cancer were recorded. Not all the genes were found to have an interaction.

Gene Name Drug Drug Description Source List

E1AF TRAMETINIB Allosteric kinase inhibitor C v N
MMP1 MARIMASTAT MMP inhibitor C v N
MMP3 MARIMASTAT MMP inhibitor C v N
APOB LOVASTATIN Anticholesteromic M v C

Table 3.9: Table showing the known drug gene interactions using the common
significant genes. Source list shows from which signature the gene is from, C =
Cancer, N = Normal and M = Metastasis. C v N represents Sig1, M v C represents
Sig2.

3.8 Biomarker Testing

The selection of genes for the prediction of CRC onset was determined by
calculating sensitivity, specificity and precision for each of the genes in the
gene signature in the “CRC vs Normal” contrast. This specific contrast was
chosen as it represented the genes most commonly associated with the onset
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of CRC, making them ideal as first line screening markers. Eight genes were
selected for biomarker testing based on whether they were present in both
CoReCG and Oncomine, as well as according to their stage expression profiles
(seen in Appendix C). The Oncomine database was used for the calculations of
predictive values. Oncomine has six major CRC studies with mRNA expression
data from 100+ samples that were used in the present study. These were
TCGA COAD and TCGA READ (Network and Others, 2012), Kaiser CRC
(Kaiser et al., 2007), Skrzypczak CRC (Skrzypczak et al., 2010), Gaedcke
CRC (Gaedcke et al., 2010), Ki CRC (Ki et al., 2007). The average sensitivity,
specificity and precision was calculated for each gene using the results from
the five different studies. These results are displayed in Table 3.10.

Genes Avg Spec Avg Sens Avg Prec

COL11A1 92,86 99,17 99,55
INHBA 87,79 89,90 93,20
MMP1 73,55 77,78 91,26
MMP3 84,37 74,58 93,58
FOXQ1 95,82 69,79 91,05
CLDN1 98,21 81,88 93,04
COL10A1 91,64 59,09 90,42
ETV4 91,08 81,67 93,43

Table 3.10: Table showing the biomarker testing results for the genes using On-
comine data. Avg = Average, Sens = Sensitivity, Spec = Specificity, Prec = Precision.

A good biomarker is one that has around 90% for each of the parameters
(Parikh et al., 2008). Genes COL11A1, INHBA and CLDN1 have average of
90+% for the parameters.

The genes were also assessed using BBCancer, as previously described.
The BBCancer DE and expression abundance analysis used peripheral blood
expression measurements as well as EV expression measurements.

Tables for blood DE meta scores and the meta scores for the blood expres-
sion abundance of the signature genes are displayed in the Appendix D.2. A
ideal biomarker is both distinguishable and detectable. The DE meta scores
help show whether a biomarker could be distinguishable, with positive meta
scores indicating a higher probability that the gene can be distinguished be-
tween cancer and normal patients. The expression abundance meta scores will
then show whether the gene is detectable in the blood of a cancer patient.
Table 3.11 shows the genes that had positive meta score values for both DE
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analysis and expression abundance analysis, indicating the potential for them
to be both distinguishable and detectable as biomarkers in blood.

Gene Blood Sample Contrast

MMP1 Blood C v N
CTHRC1 Blood C v N
KRT17 Blood C v N
IGFBP1 Blood M v N

Table 3.11: Table showing the genes that had positive meta score values for both DE
and expression abundance, which represent whether a gene is both distinguishable
and detectable, and from which blood sample (peripheral or EVs) they were measured
as well as which gene signature they initially belonged to: C v N represents Sig1, M
v N represents Sig3.
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Discussion

Bioinformatics continues to rise in popularity amongst cancer researchers due
to biological characteristics that cancer presents through altered gene expres-
sion (Lu et al., 2018). The rapidly advancing field of bioinformatics along with
the rise in CRC prevalence has enabled the hybrid science to play a major
role in diagnosis and treatment research by analysing DE genes, while also
leading to the development of many software tools. The aim of this study was
to identify DE genes in CRC with the intention to identify possible processes,
pathways and biomarkers to predict the development (Normal to CRC) and
progression (CRC to Metastasis) of the disease, while also developing an in
house RNA-Seq analysis workflow using a variety of software and web tools for
future studies.

Transcriptomics using RNA-Seq data has shown to be effective in CRC
research and classification (Guinney et al., 2015). Quality control of RNA-Seq
data is imperative before attempting to draw out any meaningful biological
conclusions. Fortunately, databases that store RNA-Seq data, such as GEO,
often require or recommend researchers to perform quality control on their end
and pre-process the data themselves before making it public. This has reduced
the need for researchers using the existing data to perform QC themselves.
However, this study had an aim to create a RNA-Seq analysis workflow that
covers all the steps necessary for an in house RNA-Seq experiment and a
quality control workflow was used even though the existing data had been pre-
processed and trimmed by the researchers whose dataset was used for analysis
in the present study Kim et al. (2014b).

FastQC was employed for quality control due to its ease of use and reliability
(Wang et al., 2012a). The reports in Figures 3.1, 3.2 indicate that the FASTQ
files used from GSE70560 are of high quality and without concerning errors.

63
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Furthermore, the GC percentage in Figure 3.3 illustrate a result close to the
expected Homo sapiens GC percentage, again demonstrating a good quality
of FASTQ files that were used.

Genes involved in the development or progression of cancers, whether it be
through pathways or biological processes, can be found using DE analysis. The
volcano plots in Figures 3.6a, 3.6b and 3.6c showed that a significant number
of genes were DE amongst the different samples, and the most significant DE
genes were used as gene signatures.

4.1 Identified Gene Signatures

4.1.1 Identified Primary CRC Gene Signature

The primary CRC tumour gene signature, Sig1, consisted of the following
genes: COL11A1, E1AF, INHBA, ADAM12, CLDN1, COL10A1, MMP1,
FAP, CTHRC1, CASC19, MMP3, KRT17 and FOXQ1 (Table 3.3). Collagen-
related genes such as COL11A1 and COL10A1 were present in this signature.
Collagen makes up a major component of the extracellular matrix (ECM),
which has been shown to have an active role in many biological processes,
including cell proliferation, differentiation and migration, and has also been
shown early in cancer research to have a role in tumour progression (Boudreau
and Bissell, 1998; Stracke et al., 1994). COL11A1, has been shown to be com-
monly upregulated in cancers such as CRC, pancreatic cancer, breast and lung
cancer, as well as being identified as a prognostic biomarker in ovarian cancer
(Su et al., 2019; Wu et al., 2014). COL11A1 has also been studied as a poten-
tial biomarker for CRC, with upregulation being observed in cancer stromal
cells (Galván et al., 2014). It has also been hypothesised that the expression
of COL11A1 could be the primary factor in the tumourigenesis of colon ep-
ithelial cells, while also being involved in the immune physiology of CRC, with
a positive correlation between immune cell infiltration and high COL11A1 ex-
pression observed in COAD (Wu and Xu, 2020). High expression of COL10A1
has been correlated to poor prognosis, as well as invasion and metastasis in
CRC (Huang et al., 2018b; Li et al., 2018).

Another set of genes from the same family found to be upregulated in pri-
mary CRC was MMP1 and MMP3, genes encoding for matrix metalloprotease
proteins (MMPs), of which many are involved in CRC (Zucker and Vacirca,
2004). MMPs act as collagenases, and are involved directly and indirectly in
the degradation of surrounding ECM and its individual components such as
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collagen, fibronectin and proteoglycans (Zucker and Vacirca, 2004). Studies
have shown that MMPs may be involved in CRC progression, with overex-
pression of various MMPs, including the ones identified here, being observed
in CRC tumours (Zucker and Vacirca, 2004). It was hypothesised that MMPs
are initially produced by fibroblasts and inflammatory cells, and then dock at
cancer cells providing the protease capability they need in order to perform
invasion processes (Yu and Stamenkovic, 2000). High expression of MMP1
has been associated with poor prognosis in CRC patients (Murray et al., 1996;
Shiozawa et al., 2000), with the high expression possibly occurring due to a
mutation in the promoter region of the MMP1 sequence (Sunami et al., 2000).
In CRC with low MSI, as is the case in the present study, a higher expression
of MMP3 was observed (Morán et al., 2002).

An interesting gene found upregulated in CRC and a member of the trans-
forming growth factor (TGF-β) family was INHBA. TGF-β is commonly over-
expressed in cancer in order to evade the immune system by inhibiting natural
killer cells and cytotoxic T cells (Rook et al., 1986; Thomas and Massagué,
2005). INHBA expression has been associated with CRC, and identified as a
possible prognostic predictor for patients with COAD (Li et al., 2020; Okano
et al., 2013).

Intriguingly, the high expression of the gene CLDN1 was found to be a
possible marker for better survival prognosis in CRC (Nakagawa et al., 2011).
However, separate studies found that an antibody targeting CLDN1 could be
a possible therapeutic avenue for CRC treatment (Cherradi et al., 2017) and
that serum levels of CLDN1 in CRC patients could be used as markers for
differential diagnosis of cancer (Karabulut et al., 2015). With the conflicting
evidence, the role of CLDN1 in cancer remains unclear, however given that
the CLDN1 protein is involved with cell-cell adhesion, and with its presently
observed high expression, it could still be regarded as a potential prognostic
biomarker (Eftang et al., 2013).

The cancer susceptibility 19 gene, or CASC19, a long non protein coding
RNA gene (lncRNA), was found highly expressed in the primary CRC tumours.
Non-coding RNAs are associated with regulatory roles in biological processes
and epigenetics (Lee, 2012), with their dysregulation previously associated
with cancers, including CRC (Wang et al., 2017b; Liang et al., 2018; Yang
et al., 2018). Another study found increased CRC CASC19 expression to be
associated with the promotion of proliferation and an inhibition of apoptosis
in vitro (Wang et al., 2019). This could be through a regulation of the cell
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migration inducing hyaluronidase 1 (CEMIP) gene, which is possibly involved
in the Wnt/β-catenin pathway (detailed below) as well as the degradation of
hyaluronan, a protein expressed in the colon, leading to an angiogenic response
(Fink et al., 2015).

4.1.2 Identified Liver Metastases Gene Signature

The genes representing the liver metastases signature were: CYP2E1, APOH,
APOA1, APOA2, APOB, APOH, HPX, FGL1, ITIH1, ITIH2, ITIH3, AMBP,
PLG, ORM1, HP, and PLG. The most significantly DE of these was CYP2E1.
The cytochrome P450 enzymes (CYP) are involved in the metabolism of drugs
and are mainly expressed in the liver although have been observed in other
tissues such as the lung and kidney (Coon, 2005; Gonzalez, 2005). However,
CYP2E1 has been shown to produce toxic products including high amounts
of ROS (Caro and Cederbaum, 2004). ROS has been associated with cancer
cells, with elevated levels damaging DNA and proteins promoting cell instabil-
ity and tumourigenesis (Moloney and Cotter, 2018). The exact justification for
the expression of the CYP enzymes in the present study remains unclear, as it
could also be that the increased expression is due to patient drug treatment.

The presence of apolipoprotein genes APOH, APOA1 and APOA2 as well
as APOB in the upregulated genes was interesting as they are all involved
in lipoprotein metabolism directly or indirectly (Borgquist et al., 2016). A
previous study done to identify key genes specifically in liver metastases of
CRC found the following hub genes that were also found in the present study:
APOA1, APOB, APOH AMBP and PLG (Zhang et al., 2019b). APOA1 is
involved with the efflux of cholesterol from cells to the liver, and was found
to be decreased in late stage CRC patient colon cells (Peltier et al., 2016), in
contrast to the upregulated DE observed in the present study liver metastases
cells. High levels of APOB has been associated to lung cancer incidence, with
APOH associated with cancer promoting processes such as cell growth and
angiogenesis in hepatocellular carcinoma (HCC) (Borgquist et al., 2016; Jing
et al., 2015). AMBP is normally highly expressed in the liver and may be a false
positive, however associations between increased AMBP expression in gastric
cancer was linked to a poor response to paclitaxel-capecitabine chemotherapy
(Huang et al., 2013). PLG is involved in the regulation of immune response as
well as cancer related processes angiogenesis, invasion and metastasis (Kumari
and Malla, 2015). This is possibly due to the plasmin protein for which PLG
encodes for being involved in the fibrinolytic system, of which certain compo-
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nents are upregulated in cancer for the process of angiogenesis (McMahon and
Kwaan, 2007).

4.2 Identified Biological Processes and

Pathways in CRC

As the total number of significantly DE genes across the contrasts was so large
(Table 3.2), it would not be viable to investigate the effects of genes individually
as done above for some of the signature genes. Therefore, the GO analyses in
Figure 3.8 allowed for a summative analysis of the genes and their BPs.

4.2.1 Gene Ontology Based Processes

The BPs most significantly upregulated in primary CRC included many terms
related to the ECM, which plays a major role in tumour progression by directly
affecting the tumour microenvironment (TME) (Figure 3.8a). There is an in-
terplay between proliferating tumour cells and the surrounding ECM, helping
cells migrate through surrounding tissues (Walker et al., 2018). Therefore, see-
ing ECM-related processes upregulated is promising in looking for biomarkers
of CRC, as these processes indicate one of the many factors enhancing tumour
progression. Another notable process upregulated was ‘angiogenesis’, which is
regarded as one of the hallmarks of cancer and cancer progression (Carmeliet
and Jain, 2000). As cancer cells proliferate, not only do they require greater
metabolic resources, but also an increase in blood supply. Angiogenesis accom-
plishes this by forming new blood vessels, involving genes previously observed
in the signatures such as PLG. There were also processes related to morphogen-
esis, possibly involved in tumour progression and growth, and explicit terms
labelled ‘mesenchyme development’ and ‘mesenchyme morphogenesis’ which
could relate to the EMT process (Kalluri and Weinberg, 2009). Furthermore,
cancer cells often show morphogenic capabilities similar to that observed in
embryonic development, contributing to increased proliferation and differenti-
ation processes (Brabletz et al., 2002).

The most significantly upregulated processes for the DE genes in the liver
metastases included the processes ‘complement activation’ and ‘regulation of
complement activation’. This was also found in the KEGG pathways, and the
interaction between the complement system and CRC is discussed below.
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Many metabolic processes were also upregulated in the liver metastases
samples, including those involved with steroid and lipid metabolism. It has
been found that higher levels of low density lipoprotein (LDL) cholesterol is
associated with liver metastases of CRC, and could possibly account for the
increased expression of these genes as the liver metabolises these products.
(Wang et al., 2017a). Metabolism pathways are further discussed below.

4.2.2 Identified Pathways Perturbed in CRC

The pathways upregulated in CRC, include inflammatory as well as gene ex-
pression control pathways of which two in particular will be discussed: ‘WNT
signalling’ as it is related to the APC mutation commonly observed in CRC,
and the ‘ECM-receptor interaction’ as ECM related processes were upregulated
in the GO analyses.

The ‘WNT signalling pathway’ is a well studied pathway in CRC. Briefly,
β-catenin is a protein involved in gene transcription of growth and proliferation
genes (Logan and Nusse, 2004). Normally, a destruction complex degrades β-
catenin. However, when WNT binds to the frizzled receptor, the destruction
complex is inactivated leading to an increase in the levels of β-catenin and
thus an increase in the transcription of growth and proliferation genes (Logan
and Nusse, 2004). This is significant in CRC, as a common mutation discussed
previously, the APC mutation, leads to a dysfunctional APC protein which is
part of the destruction complex. Thus, the increased activation of the WNT
signalling pathway, as well as APC mutations lead to an increase in β-catenin,
and consequently an increase in growth and proliferation genes that help in
the progression of CRC (Bienz and Clevers, 2000).

As described previously the ECM and relation to the TME plays a major
role in the development of CRC, and GO processes in ECM organisation and
structure were seen upregulated. ‘ECM-receptor interaction’ is described as
interactions mediated by transmembrane molecules which in turn have direct
and indirect control on cellular activities such as differentiation, proliferation,
and apoptosis. The upregulation of this pathway further emphasis the role the
ECM and TME have on CRC development.

Figures 3.9b & 3.9c show the KEGG pathways upregulated by liver metas-
tases of CRC. The ‘complement and coagulation cascades’ was a common
pathway upregulated, similar to the upregulated GO term ‘complement ac-
tivation’ discussed earlier. The complement system is involved in immune
response, and aids in the removal of pathogens and damaged cells (Sarma
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and Ward, 2011). The TME contains stromal cells such as tumour associated
macrophages (TAMs), tumour associated neutrophils (TANs) and myeloid de-
rived suppressor cells (MDSCs) to name a few, which are immunosuppressive
cells (Afshar-Kharghan and Others, 2017). Complement activation within the
TME has been shown to enhance tumour growth and increase metastasis, de-
scribed in Figure 4.1. Evidence has shown complement activation promoting
EMT and angiogenesis (Cho et al., 2016; Zhang et al., 2019a). Furthermore,
the coagulation cascade could be a pathway inherited by the metastases cells
that used coagulation to protect circulating tumour cells from shear stress,
prevent natural killer cell targeting, and facilitate angiogenesis (Gil-Bernabé
et al., 2013). Consequently, anti-coagulant drugs have been shown to hamper
metastatic performance of cancer (Algra and Rothwell, 2012).

An interesting pathway upregulated was ‘steroid hormone biosynthesis’,
relating to increased production of hormones oestrogen and progesterone which
are associated with the regulation of cell proliferation survival and development
(Madhunapantula et al., 2010). Cholesterol acts as a precursor for the synthesis
of these hormones, and the changes in apolipoprotein gene expression observed
above demonstrate the role cholesterol may play in liver metastases (Gu et al.,
2019).

Other metabolism pathways were upregulated, such as the ‘PPAR signalling
pathway’ which is the peroxisome proliferator-activated receptor (PPAR) path-
way regulating gene expression of genes involved in lipid metabolism as well
as cell proliferation and differentiation (Liu et al., 2018). Drug metabolism
pathways were upregulated as well, possibly due to the liver being the main
organ for drug metabolism, or alternatively lending to a hypothesis that liver
metastases cells use drug metabolic molecules and transporters to aid in clear-
ance of the drug before it affects the cancer cells, thus inducing drug resistance.
However, with patient treatment data being unavailable due to confidentiality,
it could be that the patients from which the liver metastases samples were
extracted and sequenced could have been undergoing a drug therapy, leading
to a subsequent increase in the metabolism pathways of the liver.

The KEGG analysis overall showed many pathways involved in cancer and
further corroborate the GO analysis results, linking the significantly DE genes
and gene signatures to processes and pathways involved with CRC develop-
ment and progression. These results support the analysis workflow used in the
present study and highlight processes and pathways contributing to CRC and
metastases.



CHAPTER 4. DISCUSSION 70

Figure 4.1: Figure showing how activation of the complement system within the
TME enhances cancer cell metastasis and proliferation. The release of complement
proteins and activation of their receptors lead to reduced cytotoxic T-cell ability
through myeloid derived suppressor cells (MDSCs), as well as inhibiting interleukin-
10 (IL-10) release from tumour infiltrating lymphocytes. Figure taken from Afshar-
Kharghan and Others (2017).
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One key benefit of the analysis performed in the present study supported
the identification of hub genes which represent key genes in the module, with
high connectivity to the other genes and often plays a role in the phenotype of
the sample group (Langfelder and Horvath, 2008). The hub gene of the yellow
module was beta-ureidopropionase 1 (UPB1 ). UPB1 has biological functions in
metabolism of beta alanine, as well as the biosynthesis of coenzyme A (CoA),
and has been identified as a possible circulating biomarker for HCC (Awan
et al., 2015). UPB1 was also investigated as a prognostic gene signature for
HCC, alongside the genes SOCS2 (suppressor of cytokine signalling 2) and
RTN3 (reticulon 3) (Li et al., 2017). Because the yellow module was most
correlated to liver metastases, the association of this particular hub gene to
HCC is partly expected. The co-expression analysis performed here acts as a
point of departure for a more in depth co-expression study on CRC and liver
metastases.

4.3 In silico Validation of the Identified Gene

Signatures

In order to determine how influential the genes were on CRC prognosis, survival
analysis was performed in a signature batch analysis as well as individually
with each gene. High expression of the primary CRC tumour genes resulted in
decreased survival with an almost significant p-value of 0.053 (Figure 3.14a).
High expression of the two metastases gene signatures had decreased survival
both with a significant p-value of 0.00015 (Figures 3.14b & 3.14c). These
results emphasise the role the identified genes have on CRC patient prognosis,
showing the potential for these genes to be used as prognostic markers.

Of the individual primary CRC genes stage expression analysis (Appendix
C), CLDN1 had high expression across all stages. COL10A1, COL11A1,
FAP, FOXQ1 and INHBA had increasing expression with stage progression.
ETV4/E1AF had a notable increase in average expression in the later stages.
High expression in different stages of CRC is important when identifying a
potential biomarker as those expressed in later stages could correlate to the
severity of the cancer in an individual.

The liver metastases genes had lower expression counts than the primary
CRC genes when mapped to COAD, making it difficult to identify genes with
correlation to CRC stage expression. When mapped to TCGA LIHC samples,
the genes had clearer stage correlations. Many of the genes were commonly
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found in HCC, explaining the high expression across stages in LIHC. Similar to
the metastasis genes only being significant in liver cancer studies in Oncomine,
the stage expression plots emphasise the specificity of the gene expression to
the liver. This data suggests that the identified biomarkers show variable
expression profiles across different stages of CRC, thus providing support for
their further exploration in the laboratory setting or in CRC patients’ samples
for potential use as biomarkers.

Of the 12 genes representing the primary CRC gene signature, 8 were found
in CoReCG studies and 10 were found in Oncomine CRC studies (Table 3.6).
The presence of the genes in these databases demonstrates that these genes
may have high potential to act as biomarkers. Genes present in both CoReCG
and Oncomine were particularly noted, and were: COL11A1, ETV4, INHBA,
CLDN1, MMP1, CTHRC1, MMP3, FOXQ1. Briefly discussed above, these
genes have previously been studied in CRC. Furthermore, these genes were
found in the top 1% of DE genes in TCGA studies in Oncomine, with high
fold changes and significance (Appendix Table D.2). CASC19 was not found
in any database and could be due to it being an lncRNA gene and not an
mRNA gene.

Of the liver metastases gene signature, many were found in Oncomine under
liver cancer studies, whereas very few were found under CRC studies or in
CoReCG (Table 3.7 & 3.8). The only genes found in both databases were:
APOB, FGB, IGFBP1 and PLG. This could possibly lead to two scenarios;
either these are new potential biomarkers that should be explored further, or
the lack of confirmation in previous studies and databases makes it difficult
to consider them as liver metastases biomarkers. With the latter in mind,
biomarker testing was only done on the primary CRC genes that were found
in previous literature associated with CRC.

4.4 Identified Potential CRC Biomarkers

An ideal biomarker is one that can be measured with minimal invasion, while
still having high levels of sensitivity, specificity and precision. CRC is not
currently clinically identified using the expression of specific genes, but is com-
monly identified by the presence of certain gene mutations, such as BRAF or
APC mutations, and microsatellite instability (MSI) as discussed earlier (Vega
et al., 2015; Nakanishi et al., 2019; Zoratto et al., 2014). The ability to detect
CRC presence by the expression of genes alone would add to the arsenal of
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diagnostic tools in the clinical setting. With the above-described analyses and
results in mind, the selected CRC genes were tested as biomarkers via two
methods: blood biomarker testing and tissue biomarker testing.

4.4.1 Possible Blood Biomarkers for CRC

One way to test for biomarkers is using blood samples. Cell free DNA (cfDNA)
consists of fragments of DNA that originate from the primary CRC tumour or
liver metastases that circulate in the plasma and can be detected in periph-
eral blood (Tan et al., 2016). Circulating mRNA may also be detectable in
blood, and along with RT-PCR may provide a new diagnostic avenue for CRC
biomarker detection (Siravegna and Bardelli, 2016; Gingras et al., 2015). A
previous study was able to develop a seven gene blood based biomarker panel
for detection of CRC, which had a sensitivity of 72% and a specificity of 70%
(Marshall et al., 2010; Yip et al., 2010). A blood-based biomarker test has
a range of benefits including enhancing patient participation by providing an
alternative to colonoscopy, identifying patients with greater risk, and reducing
healthcare costs by prioritising additional colonoscopy procedures for these pa-
tients. This would improve efficiency and aid in physician and patient decision
making. A combination of pre-screening with colonoscopy has shown a 2-4
times improvement in the detection of cancer (Marshall et al., 2010).

In order to test the blood biomarker potential for the above identified genes,
the blood expression levels of the genes were assessed using the BBCancer
database. As explained above, a biomarker needs to be distinguishable as
well as detectable. The genes that were both distinguishable and detectable
in blood were MMP1, CTHRC1, KRT17 and IGFBP1 (Table 3.11). This
was fewer genes than expected, given the significant overexpression of these
genes following the DE analysis and with previous studies having shown the
majority of the signature genes to be overexpressed in CRC. This could be
attributed to the limited datasets available in the BBCancer which hosts 524
samples of CRC, with only 124 having been analysed using RNA-Seq with
the rest analysed as microarray data (Zuo et al., 2020). Of all the RNAs
measured in CRC, less than 200 samples were analysed for mRNA with the
majority of samples being analysed on miRNA. With this in mind it could
be that the studies hosted in BBCancer do not represent a comprehensive
overview of the accurate mRNA gene expression in blood. The creators of
BBCancer also noted that in CRC the most detectable form of RNA (with the
highest expression abundance) was transfer RNA fragments (tRFRNAs), and
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suggested tRFRNAs as more effective blood biomarkers for early detection of
CRC (Zuo et al., 2020).

4.4.2 Possible Tissue Biomarkers for CRC

While the blood based biomarker testing resulted in only a few genes being
distinguishable and detectable, the other genes were tested as pure biomar-
kers of CRC using tissue samples. The genes identified to have high (90%+)
sensitivity, specificity and precision were COL11A1, INHBA and CLDN1 (Ta-
ble 3.10). ETV4 and FOXQ1 represented the next best genes as potential
biomarkers (85%+).

4.5 Conclusion

This study had two aims, a primary aim to identify potential biomarkers of
CRC and a secondary aim to develop a workflow for the identification of DE
genes in CRC. A workflow was developed for the DE analysis of RNA-Seq
data, as well as methods for functional analysis, survival analysis, literature
validation and biomarker testing, achieving the secondary aim. The entire
workflow identified many processes and pathways involved in CRC. Notably,
processes involved in altering of the ECM through collagen played a significant
role in the onset of CRC. The related genes COL10A1 and COL11A1 along
with protease genes MMP1 and MMP3 were found to be upregulated assisting
in the progression of CRC from initial polyps. In terms of further progression
of CRC from primary to liver metastases, processes and pathways involved in
metabolism and complement activation had the greatest association.

The workflow then, using a variety of software, tested the RNA gene signa-
tures as biomarkers, achieving the primary aim and yielding two types: non-
invasives that could be measured in blood, as well as invasives that could be
measured from tissue. The genes MMP1, CTHRC1, KRT17 and IGFBP1 rep-
resent the non-invasive biomarkers recommended here that should be tested
further KRT17 was not found in the validation databases, and could signal a
novel gene marker. These blood based biomarkers were involved in the pro-
cesses discussed, MMP1 with ECM processes, CTHRC1 with the Wnt path-
way, KRT17 with tumour proliferation and IGFBP1 involved with growth.
The genes: COL11A1, INHBA, and CLDN1, represent the invasive bio- mark-
ers recommended here that should be tested further. Here, COL11A1 being
involved in the ECM processes, INHBA involved in immunosuppression, and
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CLDN1 having both positive and negative implications with CRC. The study
workflow is summarised in Figure 4.2.

These biomarkers could be used as less invasive alternative tool reducing
the dependency on invasive procedures, increasing potential for early diagnosis
and therefore increasing CRC patient survival rate.
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Figure 4.2: Diagram showing the analysis workflow used in this study.
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4.6 Limitations of the Study and Future

Recommendations

The present study has several limitations. The first limitation is regarding the
GSE50760 dataset from Kim et al. (2014b) as it had no healthy liver controls,
but contained liver metastases samples. This meant genes normally expressed
in the liver could not be identified and excluded from the analyses. Secondly,
patient data was unavailable at the time of writing due to confidentiality. This
meant that patient history as well as patient medication was not known and
it could be that the patients were undergoing a form of chemotherapy or drug
therapy when samples were extracted, which could have lead to the expression
of certain genes and pathways related to drug metabolism or adverse effects of
the drug.

Additionally, identifying liver metastases genes as metastasis prognostic
biomarkers represented a challenge due to the lack of databases on specific
CRC metastasis genes. Furthermore there is little literature focused on liver
metastases of CRC. Moreover, the CoReCG database used for literature vali-
dation presented a limitation as it only mined data up to 2015, lacking data
for more recent CRC studies.

In this study, the selection of genes for further biomarker analysis was de-
termined through significance (p-value) and log2FC only. In future studies, a
protein-protein interaction clustering method is recommended. Clustering the
most significant interacting proteins of the DE genes could provide more insight
into the development of CRC as well as make use of a more integrated bioin-
formatics approach. From there, the genes coding for the clustered proteins
could be investigated further, alongside the significant DE genes. Additionally,
further investigation into the co-expression analysis is recommended as only
a single hub gene was extracted in the present study. The large amount of
gene modules should be investigated to discover potential gene batches that
are co- expressed in CRC which can then be used in understanding CRC pro-
gression or tested as a biomarker panel. This can be addressed by using the
commercially available QIAGEN Ingenuity Pathway Analysis tool which has
the capability to provide in-depth and extensive functional analysis results.

Future recommendations of a study of this nature involve using more than
one CRC dataset, as well as more datasets consisting of CRC liver metastases.
Additionally, the identification of the lncRNA CASC19 provides an interesting
point of departure into a lncRNA or miRNA study. As described, dysregulation
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of lncRNAs are involved in various cancers, and miRNAs have been identified
as potential biomarkers (Liang et al., 2018; Yang et al., 2018).

Another recommendation would be to use more programs in QC, DE and
functional analysis. For example, using RSeQC can provide greater insight
into the quality of the RNA-Seq files, while using another DE program such
as edgeR could yield different results.

Additionally, a future study is recommended to test these biomarkers in
a wet lab setting. The biomarkers were identified in silico, however to test
their clinical significance an in vitro study is required and could provide the
foundation necessary to establish the genes as a standard biomarker set for
CRC diagnosis and prognosis.



Appendices

79



Appendix A

Additional DE and Co-Expression
Results

80



APPENDIX A. ADDITIONAL DE AND CO-EXPRESSION RESULTS 81

S
R

R
97

55
51

_q
ua

nt

S
R

R
97

55
52

_q
ua

nt

S
R

R
97

55
53

_q
ua

nt

S
R

R
97

55
54

_q
ua

nt

S
R

R
97

55
55

_q
ua

nt

S
R

R
97

55
56

_q
ua

nt

S
R

R
97

55
57

_q
ua

nt

S
R

R
97

55
58

_q
ua

nt

S
R

R
97

55
59

_q
ua

nt

S
R

R
97

55
60

_q
ua

nt

S
R

R
97

55
61

_q
ua

nt

S
R

R
97

55
62

_q
ua

nt

S
R

R
97

55
63

_q
ua

nt

S
R

R
97

55
64

_q
ua

nt

S
R

R
97

55
65

_q
ua

nt

S
R

R
97

55
66

_q
ua

nt

S
R

R
97

55
67

_q
ua

nt

S
R

R
97

55
68

_q
ua

nt

S
R

R
97

55
69

_q
ua

nt
S

R
R

97
55

70
_q

ua
nt

S
R

R
97

55
71

_q
ua

nt

S
R

R
97

55
72

_q
ua

nt
S

R
R

97
55

73
_q

ua
nt

S
R

R
97

55
74

_q
ua

nt

S
R

R
97

55
75

_q
ua

nt
S

R
R

97
55

76
_q

ua
nt

S
R

R
97

55
77

_q
ua

nt
S

R
R

97
55

78
_q

ua
nt

S
R

R
97

55
79

_q
ua

nt

S
R

R
97

55
80

_q
ua

nt

S
R

R
97

55
81

_q
ua

nt

S
R

R
97

55
82

_q
ua

nt

S
R

R
97

55
83

_q
ua

nt

S
R

R
97

55
84

_q
ua

nt
S

R
R

97
55

85
_q

ua
nt

S
R

R
97

55
86

_q
ua

nt
S

R
R

97
55

87
_q

ua
nt

S
R

R
97

55
88

_q
ua

nt

S
R

R
97

55
89

_q
ua

nt
S

R
R

97
55

90
_q

ua
nt

S
R

R
97

55
91

_q
ua

nt

S
R

R
97

55
92

_q
ua

nt

S
R

R
97

55
93

_q
ua

nt

S
R

R
97

55
94

_q
ua

nt

S
R

R
97

55
95

_q
ua

nt

S
R

R
97

55
96

_q
ua

nt

S
R

R
97

55
97

_q
ua

nt
S

R
R

97
55

98
_q

ua
nt

S
R

R
97

55
99

_q
ua

nt

S
R

R
97

56
00

_q
ua

nt

S
R

R
97

56
01

_q
ua

nt

S
R

R
97

56
02

_q
ua

nt

S
R

R
97

56
03

_q
ua

nt
S

R
R

97
56

04
_q

ua
nt

−
2002040

0
50

10
0

P
C

1:
 6

3%
 v

ar
ia

nc
e

PC2: 11% variance

gr
ou

p

a a a

cr
c

m
et

as
ta

si
s

no
rm

al

F
ig

u
re

A
.1

:
F
ig
ur
e
sh
ow

in
g
th
e
P
C
A

pl
ot

us
in
g
sa
m
pl
e
na

m
es

in
st
ea
d
of

do
ts
,f
ro
m

or
ig
in
al

F
ig
ur
e
3.
4.



APPENDIX A. ADDITIONAL DE AND CO-EXPRESSION RESULTS 82

F
ig

u
re

A
.2

:
F
ig
ur
e
sh
ow

in
g
th
e
cl
us
te
r
de
nd

ro
gr
am

w
it
h
th
e
re
d
lin

e
in
di
ca
ti
ng

th
e
cu
t-
off

po
in
t
fo
r
ou

tl
ie
rs
,
le
ad

in
g
to

F
ig
ur
e
3.
11
.
H
er
e,

sa
m
pl
e
SR

R
75
59
4
w
as

re
m
ov
ed

fr
om

an
al
ys
is
.



Appendix B

Individual Survival Analysis Plots

This Appendix includes the survival analysis plots for each individual gene
from the Tables 3.3, 3.4 & 3.5.
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Figure B.1: Individual survival plots for Normal vs CRC Significant genes in Table
3.3. Red line indicates high expression. Green line indicates low expression.



APPENDIX B. INDIVIDUAL SURVIVAL ANALYSIS PLOTS 86

0 500 1000 1500

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

TCGA−COAD 
SURVIVAL MEASURE −  OVERALL SURVIVAL 

 AMBP  GENE EXPRESSION 
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

Days

O
V

E
R

A
LL

 S
U

R
V

IV
A

L

3 Years

HR: 0.57(0.3−1.08)|PVAL: 0.0842609

HIGH EXPRESSION
LOW EXPRESSION

0 500 1000 1500

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

TCGA−COAD 
SURVIVAL MEASURE −  OVERALL SURVIVAL 

 APOA1  GENE EXPRESSION 
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

Days

O
V

E
R

A
LL

 S
U

R
V

IV
A

L

3 Years

HR: 0.76(0.42−1.39)|PVAL: 0.3796902

HIGH EXPRESSION
LOW EXPRESSION

0 500 1000 1500

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

TCGA−COAD 
SURVIVAL MEASURE −  OVERALL SURVIVAL 

 APOB  GENE EXPRESSION 
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

Days

O
V

E
R

A
LL

 S
U

R
V

IV
A

L

3 Years

HR: 0.54(0.22−1.33)|PVAL: 0.1833703

HIGH EXPRESSION
LOW EXPRESSION

0 500 1000 1500

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

TCGA−COAD 
SURVIVAL MEASURE −  OVERALL SURVIVAL 

 APOH  GENE EXPRESSION 
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

Days

O
V

E
R

A
LL

 S
U

R
V

IV
A

L

3 Years

HR: 0.47(0.18−1.22)|PVAL: 0.1195951

HIGH EXPRESSION
LOW EXPRESSION

0 500 1000 1500

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

TCGA−COAD 
SURVIVAL MEASURE −  OVERALL SURVIVAL 

 CYP2E1  GENE EXPRESSION 
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

Days

O
V

E
R

A
LL

 S
U

R
V

IV
A

L

3 Years

HR: 0.84(0.31−2.29)|PVAL: 0.7405066

HIGH EXPRESSION
LOW EXPRESSION

0 500 1000 1500

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

TCGA−COAD 
SURVIVAL MEASURE −  OVERALL SURVIVAL 

 FGA  GENE EXPRESSION 
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

Days

O
V

E
R

A
LL

 S
U

R
V

IV
A

L

3 Years

HR: 2.32(0.64−8.45)|PVAL: 0.2031945

HIGH EXPRESSION
LOW EXPRESSION

0 500 1000 1500

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

TCGA−COAD 
SURVIVAL MEASURE −  OVERALL SURVIVAL 

 FGL1  GENE EXPRESSION 
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

Days

O
V

E
R

A
LL

 S
U

R
V

IV
A

L

3 Years

HR: 1.26(0.87−1.83)|PVAL: 0.2141403

HIGH EXPRESSION
LOW EXPRESSION

0 500 1000 1500

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

TCGA−COAD 
SURVIVAL MEASURE −  OVERALL SURVIVAL 

 HP  GENE EXPRESSION 
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

Days

O
V

E
R

A
LL

 S
U

R
V

IV
A

L

3 Years

HR: 0.39(0.12−1.23)|PVAL: 0.1074211

HIGH EXPRESSION
LOW EXPRESSION

0 500 1000 1500

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

TCGA−COAD 
SURVIVAL MEASURE −  OVERALL SURVIVAL 

 HPX  GENE EXPRESSION 
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

Days

O
V

E
R

A
LL

 S
U

R
V

IV
A

L

3 Years

HR: 0.76(0.21−2.69)|PVAL: 0.6668236

HIGH EXPRESSION
LOW EXPRESSION

0 500 1000 1500

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

TCGA−COAD 
SURVIVAL MEASURE −  OVERALL SURVIVAL 

 ITIH1  GENE EXPRESSION 
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

Days

O
V

E
R

A
LL

 S
U

R
V

IV
A

L

3 Years

HR: 0.94(0.11−7.78)|PVAL: 0.9571293

HIGH EXPRESSION
LOW EXPRESSION



APPENDIX B. INDIVIDUAL SURVIVAL ANALYSIS PLOTS 87

0 500 1000 1500

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

TCGA−COAD 
SURVIVAL MEASURE −  OVERALL SURVIVAL 

 ITIH2  GENE EXPRESSION 
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

Days

O
V

E
R

A
LL

 S
U

R
V

IV
A

L

3 Years

HR: 0.46(0.19−1.14)|PVAL: 0.0934292

HIGH EXPRESSION
LOW EXPRESSION

0 500 1000 1500

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

TCGA−COAD 
SURVIVAL MEASURE −  OVERALL SURVIVAL 

 ORM1  GENE EXPRESSION 
COHORT DIVIDED AT MEDIAN OF GENE EXPRESSION

Days

O
V

E
R

A
LL

 S
U

R
V

IV
A

L

3 Years

HR: 0.69(0.33−1.45)|PVAL: 0.3278335

HIGH EXPRESSION
LOW EXPRESSION

Figure B.2: Individual survival plots for CRC vs Metastasis Significant genes in
Table 3.4. Red line indicates high expression. Green line indicates low expression.
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Figure B.3: Individual survival plots for Normal vs Metastasis Significant genes in
Table 3.5. Red line indicates high expression. Green line indicates low expression.



Appendix C

Individual Stage Expression Plots

This Appendix includes the stage expression plots for each individual gene
from the Tables 3.3, 3.4 & 3.5. Each gene was first mapped to TCGA COAD
and READ, and then separately to TCGA LIHC, resulting in six figure groups.

90



APPENDIX C. INDIVIDUAL STAGE EXPRESSION PLOTS 91

0
2

4
6

8

●

●
●

●

F value = 28.5
Pr(>F) = 2.27e−17

Stage I Stage II Stage III Stage IV

(a) ADAM12

0
2

4
6

8
10

●

●
●

●

F value = 12.1
Pr(>F) = 1.03e−07

Stage I Stage II Stage III Stage IV

(b) CLDN1

0
2

4
6

8

●

● ●

●

F value = 30.4
Pr(>F) = 1.78e−18

Stage I Stage II Stage III Stage IV

(c) COL10A1

0
2

4
6

8

●

●

●

●

F value = 35.1
Pr(>F) = 4.21e−21

Stage I Stage II Stage III Stage IV

(d) COL11A1

0
2

4
6

8

●

● ●

●

F value = 31.1
Pr(>F) = 7.32e−19

Stage I Stage II Stage III Stage IV

(e) CTHRC1

0
2

4
6

8

●

●
●

●

F value = 28.7
Pr(>F) = 1.74e−17

Stage I Stage II Stage III Stage IV

(f) FAP

0
1

2
3

4
5

6

●

●

●

●

F value = 33.4
Pr(>F) = 3.59e−20

Stage I Stage II Stage III Stage IV

(g) FOXQ1

0
2

4
6

8

●

●
●

●

F value = 22.8
Pr(>F) = 4.75e−14

Stage I Stage II Stage III Stage IV

(h) INHBA



APPENDIX C. INDIVIDUAL STAGE EXPRESSION PLOTS 92

0
2

4
6

8
10

12

●

●
●

●

F value = 25.4
Pr(>F) = 1.4e−15

Stage I Stage II Stage III Stage IV

(i) KRT17

0
2

4
6

8
10

●

●
●

●

F value = 27.5
Pr(>F) = 8.99e−17

Stage I Stage II Stage III Stage IV

(j) MMP1

0
2

4
6

8

●

●

●

●

F value = 19.4
Pr(>F) = 4.25e−12

Stage I Stage II Stage III Stage IV

(k) MMP3

0
1

2
3

4

●

● ●

●

F value = 9.89
Pr(>F) = 2.15e−06

Stage I Stage II Stage III Stage IV

(l) CASC19

0
2

4
6

8

●

●
●

●

F value = 34.8
Pr(>F) = 6.24e−21

Stage I Stage II Stage III Stage IV

(m) E1AF

Figure C.1: Individual stage expression plots for Normal vs CRC Significant genes
in Table 3.3 using GEPIA2. The genes were mapped against TCGA COAD and
READ.
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Figure C.2: Individual stage expression plots for Normal vs CRC Significant genes
in Table 3.3 using GEPIA2. The genes were mapped against TCGA LIHC to indivate
their presence in liver metastases.
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Figure C.3: Individual stage expression plots for CRC vs Metastasis Significant
genes in Table 3.4 using GEPIA2. The genes were mapped against COAD and
READ.
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Figure C.4: Individual stage expression plots for CRC vs Metastasis Significant
genes in Table 3.4 using GEPIA2. The genes were mapped against LIHC.
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Figure C.5: Individual stage expression plots for Normal vs Metastasis Significant
genes in Table 3.5 using GEPIA2. Genes were mapped against TCGA COAD and
READ.
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Figure C.6: Individual stage expression plots for Normal vs Metastasis Significant
genes in Table 3.5 using GEPIA2. Genes were mapped against TCGA LIHC.



Appendix D

Additional Validation Results

D.1 CoReCG and Oncomine

This Appendix includes the CoReCG gene descriptions and Oncomine valida-
tion statistics for each individual gene from the Tables 3.3, 3.4 & 3.5.
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Gene Name CoReCG Description Source

COL11A1 Stromal expression associ-
ated with malignancy in
CRC

(Fischer et al., 2001)

ETV4 Associated with
histopathology, prolifer-
ation and invasion

(Nosho et al., 2005; Moss
et al., 2006)

INHBA Useful as a predictive
marker for CRC prognosis

(Okano et al., 2013)

ADAM12 Not found N/A
CLDN1 Expression highly unregu-

lated in CRC and pro-
motes tumour progression
and metastasis

(Singh et al., 2012)

COL10A1 Not found N/A
MMP1 Polymorphisms associated

with increased risk of CRC
(Liu et al., 2011; Lu et al.,
2015)

FAP Not found N/A
CTHRC1 High levels are associated

with poor clinical outcomes
(Kim et al., 2014a)

CASC19 Not found N/A
MMP3 In sporadic CR tumours,

expression is highly specific
to tumours transitions

(Sipos et al., 2014)

KRT17 Demonstrated tendency
to increased expression in
CRC stage progression

(Kim et al., 2012)

FOXQ1 Potential biomarker of
metastasis, increased ex-
pression associated with
migration and invasion

(Abba et al., 2013)

Table D.1: Table showing the primary CRC genes (Table 3.3) validated on CoReCG
along with the mined summaries of the genes interaction with CRC and the sources
from where the descriptions were mined.
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Gene Name Fold Change P-Value Rank Subset of TCGA

COL11A1 32.796 2.19E-44 3 (in top 1%) COAD
E1AF/ETV4 8.564 3.71E-41 2 (in top 1%) READ
INHBA 22.920 7.32E-23 2 (in top 1%) COMAD
ADAM12 5.319 1.14E-29 76 (in top 1%) COAD
CLDN1 22.267 8.63E-16 2 (in top 1%) REMAD
COL10A1 15.755 1.22E-40 13 (in top 1%) COAD
MMP1 40.543 1.63E-14 119 (in top 1%) COAD
FAP 15.072 2.04E-13 192 (in top 1%) COMAD
CTHRC1 6.222 1.66E-29 79 (in top 1%) COAD
CASC19 - - - -
MMP3 58.870 4.55E-15 84 (in top 1%) COMAD
KRT17 - - - -
FOXQ1 50.577 3.10E-37 4 (in top 1%) READ

Table D.2: Table showing the detailed Oncomine validation results for Normal vs
CRC.

Gene Name CoReCG Description Source

CYP2E1 Association with 96-bp in-
sertion polymorphism and
risk of CRC

(Sameer et al., 2011)

APOB Expressions was lower in pa-
tients with CRC

(Zhang et al., 2014)

FGB Found differentially ex-
pressed in CRC tissue

(Zhao et al., 2010)

HP Upregulated in CRC liver
metastases, possible bio-
marker

(Sun et al., 2012; Chalkias
et al., 2011)

Table D.3: Table showing the liver metastases (Table 3.4) that were validated on
CoReCG along with the mined summaries of the gene’s interaction with CRC and
the sources from where the descriptions were mined.
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Gene Name Fold Change P-Value Rank Source

CYP2E1 - - - -
HPX 214.761 7.23E-5 235 (in top 3%) Su (Liver Cancer)
APOH 9.425 5.57E-5 513 (in top 3%) Barretina (liver)
APOA1 1965.894 1.05E-5 135 (in top 2%) Su (Liver Cancer)
APOB 189.986 9.37E-5 259 (in top 4%) Su (Liver Cancer)
FGL1 57.707 8.57E-5 171 (in top 1%) Bittner (liver)
FGB 12.265 3.73E-6 293 (in top 2%) Barretina (liver)
ITIH2 108.585 7.69E-5 241 (in top 3%) Su (Liver Cancer)
HP 2.044 1.34E-14 42 (in top 1%) COAD
FGA 641.062 2.94E-5 174 (in top 3%) Su (Liver Cancer)
ITIH1 - - - -
AMBP 301.181 4.53E-5 113 (in top 1%) Barretina (liver)
ORM1 11.165 6.23E-5 527 (in top 3%) Barretina (liver)

Table D.4: Table showing the detailed Oncomine validation results for CRC vs
Metastasis.

Gene Name CoReCG Description Source

CYP2E1 Association with 96-bp in-
sertion polymorphism and
risk of CRC

(Sameer et al., 2011)

IGFBP1 Association with insulin in
COAD

(Le Marchand et al., 2010)

PLG Differentially expressed in
COAD and CRC

(Albrethsen et al., 2010)

Table D.5: Table showing the liver metastases genes (Table 3.5) validated on
CoReCG along with the mined summaries of the genes interaction with CRC and
the sources from where the descriptions were mined.
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Gene Name Fold Change P-Value Rank Source

CYP2E1 - - - -
APOH 9.425 5.57E-5 513 (in top 3%) Barretina (liver)
APOA1 1965.894 1.05E-5 135 (in top 2%) Su (Liver Cancer)
HPX 214.761 7.23E-5 235 (in top 3%) Su (Liver Cancer)
FGL1 57.707 8.57E-5 171 (in top 1%) Bittner (liver)
ITIH1 - - - -
IGFBP1 143.713 7.24E-5 157 (in top 1%) Bittner (liver)
ITIH2 108.585 7.69E-5 241 (in top 3%) Su (Liver Cancer)
AMBP 301.181 4.53E-5 113 (in top 1%) Barretina (liver)
ITIH3 - - - -
APOA2 105.848 3.83E-5 88 (in top 1%) Yu (liver)
PLG 2.624 4.49E-12 72 (in top 1%) -

Table D.6: Table showing the detailed Oncomine validation results for CRC vs
Metastasis.
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D.2 Blood Biomarker Results

This Appendix includes the meta scores from BBCancer for each individual
gene from the Tables 3.3, 3.4 & 3.5.

Gene CRC (blood) CRC (EVs)

COL11A1 - 0.620719
ETV4 -0.7786803 0.656177
INHBA 0.644337 1.37514
ADAM12 -0.276544 0.50265
CLDN1 -0.137382 -0.554376
COL10A1 -0.187836 -1.49867
MMP1 1.440776 -2.1626
FAP - -
CTHRC1 0.702162 0.525781
CASC19 N/A N/A
MMP3 0.459805 1.55269
KRT17 0.784388 0.749209
FOXQ1 -0.616123 2.43687

Table D.7: Table showing the meta scores for differential gene expression taken from
different studies comparing the blood from CRC patients to a normal patients. The
genes used were from the “CRC vs Normal” contrast. The second column indicates
expression from peripheral blood, whereas the third column indicates expression for
extracellular vesicles in the blood. "-" indicates genes that were found but had no
expression data. "N/A" indicates genes that were not found on the database.
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Gene CRC (blood) CRC (EVs)

CYP2E1 -1.03678 0.898923
HPX -1.25042 1.46703
APOH -0.0289761 -0.35751
APOA1 0.423458 0.144758
APOB -0.340088 0.791403
FGL1 -0.589689 -0.0202076
FGB 0.554867 -0.0532516
ITIH2 - -0.658083
HP 2.40197 -0.825083
FGA -0.587274 0.109299
ITIH1 -0.248711 0.446475
AMBP 0.0463872 0.0993862
ORM1 -0.210331 -

Table D.8: Table showing the meta scores for differential gene expression taken from
different studies comparing the blood from CRC patients to a normal patients. The
genes used were from the “Metastasis vs CRC” contrast. The second column indicates
expression from peripheral blood, whereas the third column indicates expression for
extracellular vesicles in the blood. "-" indicates genes that were found but had no
expression data.

Gene CRC (blood) CRC (EVs)

CYP2E1 -1.03678 0.898923
HPX -1.25042 1.46703
APOH -0.0289761 -0.35751
APOA1 0.423458 0.144758
FGL1 -0.589689 -0.0202076
IGFBP1 1.39187 -0.282653
ITIH2 - -0.658083
ITIH3 -0.978324 0.538744
APOA2 0.813999 -0.134845
ITIH1 -0.248711 0.446475
AMBP 0.0463872 0.0993862
PLG -1.74683 -0.21021

Table D.9: Table showing the meta scores for differential gene expression taken
from different studies comparing the blood from CRC patients to a normal patients.
The genes used were from the “Metastasis vs Normal” contrast. The second column
indicates expression from peripheral blood, whereas the third column indicates ex-
pression for extracellular vesicles in the blood. "-" indicates genes that were found
but had no expression data.
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Gene CRC (blood) CRC (EVs)

COL11A1 - -2.3034
ETV4 0.17195 -0.952092
INHBA -0.682845 -0.601174
ADAM12 -0.0242739 -0.636253
CLDN1 -1.59686 -0.945864
COL10A1 -0.103577 -0.217084
MMP1 0.0787946 -0.600793
FAP - -1.21175
CTHRC1 0.500092 -0.623925
CASC19 N/A N/A
MMP3 -0.781846 -1.86707
KRT17 0.431464 -1.05326
FOXQ1 0.368428 -1.02314

Table D.10: Table showing the meta scores for gene expression abundance taken
from different studies comparing the blood from CRC patients to a normal patients.
The genes used were from the “CRC vs Normal” contrast. The second column indi-
cates expression from peripheral blood, whereas the third column indicates expression
for extracellular vesicles in the blood. "-" indicates genes that were found but had
no expression data. "N/A" indicates genes that were not found on the database.

Gene CRC (blood) CRC (EVs)

CYP2E1 -0.0987475 -0.824358
HPX -1.77707 -0.789152
APOH -1.85561 -0.46251
APOA1 -0.203214 -
APOB -1.03717 -0.991874
FGL1 -2.56998 -
FGB -0.141322 -0.763351
ITIH2 - -0.778349
HP -0.997006 -0.279489
FGA -1.43266 -0.602953
ITIH1 -.022609 -0.952855
AMBP -1.6327 -0.684296
ORM1 -1.13439 -0.0829951

Table D.11: Table showing the meta scores for gene expression abundance taken
from different studies comparing the blood from CRC patients to a normal patients.
The genes used were from the “Metastasis vs CRC” contrast. The second column
indicates expression from peripheral blood, whereas the third column indicates ex-
pression for extracellular vesicles in the blood. "-" indicates genes that were found
but had no expression data.
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Gene CRC (blood) CRC (EVs)

CYP2E1 -0.0987475 -0.824358
HPX -1.77707 -0.789152
APOH -1.85561 -0.46251
APOA1 -0.203214 -
FGL1 -2.56998 -
IGFBP1 0.505429 -0.577915
ITIH2 - -0.778349
ITIH3 -0.0379994 -1.09012
APOA2 -0.432481 -0.195858
ITIH1 -.022609 -0.952855
AMBP -1.6327 -0.684296
PLG -1.67146 -2.27912

Table D.12: Table showing the meta scores for gene expression abundance taken
from different studies comparing the blood from CRC patients to a normal patients.
The genes used were from the “Metastasis vs Normal” contrast. The second column
indicates expression from peripheral blood, whereas the third column indicates ex-
pression for extracellular vesicles in the blood. "-" indicates genes that were found
but had no expression data.
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