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Abstract  

Introduction  

Colourectal cancer (CRC) is a common heterogeneous malignancy with a number of 

different disease subtypes influenced by distinct biology. The clinical implications of 

this disease heterogeneity are likely to influence treatment strategies further in the 

future. Therefore, patient stratification is paramount in order to improve patient 

response to treatment, improve survival outcome and reduce the risk of relapse. 

Computational algorithms using a bioinformatics approach have enabled the 

stratification of patients using a variety of different classifiers. These classifiers have 

been applied to patient clinical data with matching transcriptomics and have 

dichotomised patient cohorts into different subgroups with different clinical markers, 

biological features and prognostic outcomes. Since its utility was first demonstrated  

in breast cancer, bioinformatics and patient stratification using gene expression 

datasets have been extended to study diseases such as CRC. Combining 

transcriptional and mutational profiles  may help to elucidate the underlining biology 

of different CRC subtypes, with subsequent application in treatment selection. The 

identification of biomarkers will permit clinicians to more accurately stratify patients 

into different groups that are more likely to benefit from conventional chemotherapy, 

radiotherapy, targeted therapy or immunotherapy treatment.  

 

Methodology 

Differential gene expression analysis (DGEA) was applied to drug resistant cell lines 

comparing sensitive and resistant cells. DGEA was also employed to compare 

BRAFMT and BRAFWT samples followed by a 1-way ANOVA analysis to extract a 

leukocyte-derived signature. Classifiers including support vector machines (SVM) 

and linear discriminate analysis (LDA) were employed to predict different 

mutational and molecular profiles in CRC. DGEA was also performed to determine 

the role of GREM1 expression in drug resistance. Hierarchical clustering was used 

throughout the course of this project using the Partek Genomics Suite software. 

Additionally, Kaplan-Meier curves were also employed for survival analysis and 

boxplots were used for determining the level of gene expression in different samples 

using the Prism software. Additionally, gene set enrichment analysis (GSEA) was 

utilised. 
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Results 

In Chapter 3,  we employed  a series of  drug resistance CRC cell line signatures in 

order to identify the key molecular contributors involved in drug resistance. 

However, the molecular determinants of drug resistance in independent drug 

resistant cell lines did not reveal similar molecular pathways when tested in data 

from patient tumour samples. This indicates that our drug resistant signatures 

identified in vitro could not recapitulate drug resistance in vivo. This we attributed to 

clonal diversification across cell lines and importantly the role of the tumour 

microenvironment (TME). In Chapter 4, we identified a leukocyte derived signature 

with potential for classifying both BRAFMT status and MSI status. Exploring the 

underling biology of this signature added further knowledge to the role of  the TME 

in influencing the molecular classification of tumour samples. Previous investigators 

have published molecular signatures for the classification of both BRAF and MSI 

status, but have not highlighted in detail the role of the TME in molecular 

classification. 

  

In Chapter 5, a gene called GREM1 was interrogated to determine its role in drug 

resistance. High expression of GREM1 was found to increase the risk of patient 

relapse in CRC. Moreover, it was noted that high expression of GREM1 was 

associated with cancer associated fibroblasts which may explain why GREM1 is 

associated with a poorer patient prognosis. We also established a link between 

GREM1 expression and drug resistance. Therefore, GREM1 may act as a potential 

biomarker and could conceivably be used for patient stratification in the future. 

However, further verification and validation is required. Once again the role of the 

TME is paramount to consider when attempting to classify patients as GREM1 

originated from cells of the stromal compartment.  
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Conclusions 

Our data suggest that the TME greatly influences drug resistance in CRC. 

Overexpression of GREM1, a gene identified from our bioinformatic analysis of drug 

resistance was correlated with a poorer prognosis. Moreover, we determined that 

high GREM1 expression was also associated with cancer associated fibroblasts, 

making it a potential candidate as a biomarker of drug resitance in CRC when 

considering FOLFIRI treatment.  
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1.1 Introduction 

Colourectal cancer (CRC) is more prevalent in well-developed industrialised 

countries, particularly the United States, Europe, Australia, Canada and New Zealand 

in comparison to sub-Saharan African countries 1. This has largely been attributed to 

life style, diet and environmental factors. However, mortality rates are significantly 

lower is western countries in contrast to  low and middle income countries, which is 

due at least in part to the lack of access of appropriate healthcare 2,3 In 2012, there 

was an estimated 1,400,000 new cases of CRC diagnosed worldwide and 

approximately 700,000 deaths occurred in the same year 3. In the United Kingdom 

(UK) there are approximately 41,700 new cases of CRC diagnosed annually 

according to Cancer Research UK (2015). CRC is the third most commonly 

diagnosed cancer in the UK amongst men and women 2. There is an increased risk of 

being diagnosed with the disease particularly after the age of 50 4–6, with the highest 

risk in elderly patients (mean age range 85-89 years old). Risk factors associated 

with the onset of CRC include life style, physical inactivity, alcohol consumption, 

smoking, poor diet such as a lack of fibre, eating too much processed food and 

excessive consumption of red meats 7–10. In some cases, patients diagnosed with 

CRC have a family history of the disease. Hereditary forms of the desease constitute 

approximately 10% of all diagnosed CRC cases 11. Certain patients have an increased 

risk of developing CRC and may have a genetic predisposition toward developing 

the disease due to the presence of mutations in key genes, which will be discussed in 

due course 12,13.  

 

Symptoms associated with CRC include severe abdominal pain, involuntary weight 

loss, fatigue, irregular or unusual bowel habits, rectal bleeding and in many cases 

blood being present in the stool 14. Methods of diagnosis usually include an 

evaluation of the patient’s symptoms, use of a blood test, computed tomography 

(CT) scan, colonoscopy and subsequent pathological analysis of tumour biopsy 

samples 15.  

 

Early diagnosis in stages I/II usually only requires surgical intervention 16. This 

necessitates a surgical resection of the affected area of the bowel in order to remove 

the tumour mass. Late stage diagnosis (stages III/IV) frequently requires surgical 

intervention including follow-up chemotherapy and or targeted therapy 17. However, 
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radiotherapy is frequently administered to patients diagnosed with rectal cancer 18,19. 

Survival rates of CRC have vastly improved over the last number of decades, due to 

approaches such as bowel screening programmes, leading to earlier detection. 

Moreover, the employment of superior chemotherapy regimens; improved surgical 

procedures and the development of targeted therapeutic approaches have 

signifficantly improved survival outcomes 20–22. However, further advances are 

needed, including a more comprehensive understanding of the biology of the disease, 

approaches to overcome drug resistance, new selective therapeutic targets and better 

patient stratification in a clinical setting to improve therapeutic response rates. This 

thesis seeks to investigate how the interpretation of transcriptional signatures in CRC 

can provide additional biological insight and furthermore may further improve our 

understanding of the disease. This may also identify additional potential therapuetic 

targets for improved patient startification in a clinical setting in the future. 

 

1.2 Hallmarks of Cancer 

Cancer involves the uncontrolled growth of abnormal cells. These cells divide 

rapidly and continue and are immortal. This unimpeded cell division is usually 

precisely regulated in normal cells. However, in cancer, these cells either gain new 

malignant properties (due to mutations in proto-oncogenes) or lose in their ability to 

maintain checks and balances due to mutations in essential tumour suppressor genes 

that regulate normal cell cycle and cell proliferation 23,24. Our understanding of 

cancer has been greatly illuminated by a seminal paper entitled: “Hallmarks of 

Cancer” 25–27. Here, we discuss some of these hallmarks that are particularly 

pertinent to the development and progression of CRC 26. 

 

1.3 Proliferation 

A characteristic hallmark of cancer is increased cell proliferation 28. In normal cells 

this process is tightly regulated by the cell cycle 29 with input  from many factors 

including retinoblastoma protein (RB), TP53 and a multiplex of cyclin proteins 30. 
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Loss of this highly controlled process is universally observed in malignancy. 

Although there are many molecular mechanisms and a multitude of protein 

interactions that can disrupt normal cell division, in CRC specifically, dysregulation 

of the mitogen-activated protein kinase (MAPK) signalling pathway is frequently 

observed 31.  

 

The MAPK signalling pathway (See Figure 1.1) commences when a growth factor  

ligand binds to the Epidermal Growth Factor Receptor (EGFR), which triggers the 

dimerisation and subsequent phosphorylation of tyrosine kinase domains located on 

the transmembrane region of the receptor. This instigates the recruitment and 

activation of growth factor receptor-bound protein 2 (GRB2) through further 

phosphorylation. Activated GRB2 recruits and activates sons of sevenless (SOS) 

which in turn activates membrane-bound RAS through the exchange of inactive GDP 

(guanosine diphosphate) to active GTP (guanosine triphosphate), creating an active 

RAS signalling complex. Activated RAS can then interact with downstream 

signalling molecules such as BRAF, which culminates in the phosphorylation and 

activation of BRAF. Furthermore, BRAF can then activate MEK1/2, which leads to 

the activation of ERK1/2 through further phosphorylation activity. This in turn 

results in the recruitment of transcription factors jun and fos which later translocate 

to the nucleus to stimulate the induction and expression of multiple genes such as 

cyclin D and c-myc, involved in increasing cell proliferation. Mutations of key genes 

in this pathway can lead to  the constitutive activation of the pathway thus leading to 

uninterrupted cell proliferation. One such example includes KRAS mutations or 

BRAF mutations. 
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Figure 1.1  

1.3.1 MAPK Signalling Pathway 

The above diagram summarises the MAPK signalling pathway. Firstly, an epidermal growth factor 

(EGF) ligand binds to EGFR to activate the receptor. Alternatively, the receptor can be activated by 

other ligands such as transforming growth factor alpha (TFGα). Once the receptor has been activated, 

it then activates downstream molecules such as SOS and GRB2. These can then activate RAS, which 

activates MEK1/2 and ERK1/2. These can furthermore activate transcription factors jun and fos and 

consequently up-regulate the expression of target genes involved in increasing cell proliferation.  

 

1.4 Angiogenesis  

An integral part of tumourgenesis is the development and maintenance of an 

essential blood supply required to replenish both oxygen and nutrients for tumour 

survival, a process known as angiogenesis. 32 Neovascularization occurs through the 

recruitment of new blood vessel and capillaries within close proximity to the tumour. 
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These new blood vessels and capillaries penetrate the tumour, thus providing the 

essential nutrients necessary for tumour progression. Angiogenesis is an important 

component in the development and progression of CRC.  

 

The mechanism that underpins this complex process commences when a vascular 

endothelial growth factor (VEGF) ligand binds to a VEGF receptor (VEGFR) 33. 

VEGF stimulates cell growth, survival and proliferation of endothelial cells and 

creates an impermeable barrier necessary for the profusion of a blood supply through 

these capillaries and vessels. The VEGF-A ligand associates with the VEGFR-1 and 

VEGFR-2 and subsequently induces cleavage of the receptor. The truncated receptor 

then migrates to the nucleus where it acts as a transcription factor by interacting with 

genes, which increases the expression of more VEGF and thus propagates 

angiogenesis 34–36. Other VEGF ligands exist such as VEGFC and VEGFD, which 

bind to VEGFR-3 and VEGFR-4 respectively and are involved in 

lymphangiogenesis, which enables tumour cells to migrate through the lymphatic 

system 37–39. However, VEGFR-1 and VEGFR-2 are involved in enabling tumour 

cells to migrate through the circulatory system 40. VEGFC is not yet well understood 

and its exact role remains elusive 41. The mechanism of transportation of these 

tumour cells is contingent upon the location of where the tumour resides. If the 

tumour is closer to the lymph vessels as opposed to blood vessels then the tumour 

will naturally gravitate towards the lymphatic system as a means of transportation. 

Tumour migration leads to the formation of secondary and tertiary tumours in other 

regions of the body. This process is called metastasis and is widely accepted as a 

prosurvival mechanism that is performed by tumours due to the lack of blood supply, 

nutrient or oxygen deprivation or certain survival pressures coming from the tumour 

microenvironment 42–44.  
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Figure 1.2                                                                                                                                      

1.4.1 The Vascular Endothelial Growth Factor Receptor (VEGFR) Family                                                                                                     

The above diagram indicates the different ligands that bind to the family of VEGF receptors. The 

diagram shows how VEGF-A can bind to either VEGFR1/2, which induces the angiogenic pathway. 

Meanwhile, VEGF-B binds specifically to VEGFR1, which again induces angiogenesis. Furthermore, 

VEGF-C can bind to VEGFR2 or VEGFR3, which stimulates angiogenesis and or lypmh 

angiogenesis and finally VEGF-D only binds to VEGFR3, which is specific for the activation of 

lymph angiogenesis.   

 

 

1.5 Invasion and Metastasis 

Invasion occurs when cancer cells penetrate the local tissue and surroundings in 

order to migrate from one region to another. In the case of CRC, this would occur 

when the primary tumour mass has penetrated through the submucosa adjacent to the 

colon lumen space and passes through the colonic wall.  Both tissues and organs can 

be penetrated by tumours once a substantive mass of a tumour has accumulated. 

Matrix metalloproteinases (MMPs) play a key role in facilitating tumour invasion 
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45,46. The extracellular matrix (ECM) is composed of fibrous proteins, proteoglycans, 

water and other minerals. Integrins and cadherins are also present in the ECM and 

these MMPs work in concert to degrade the ECM and basement membranes, which 

facilitates tumour invasion 47,48.  

 

More specifically, metastastic spread after angiogenesis has been established can 

also be highly dependent on a process referred to as epithelial mesenchymal 

transition (EMT) (Figure 1.3). EMT is a process in which epithelial cells lose their 

adhesive properties and polarity. These cells inherit migratory and invasive 

properties and undergo a transition from epithelial cells to a mesenchymal stem cell 

like phenotypes. These multipotent stromal cells can later differentiate into a number 

of different specialised cells with more aggressive and invasive properties. This 

process of EMT is regulated by a protein called E-cadherin. Cadherins/adherins and 

intergrins are part of the ECM. Collectively, these form tight junctions between cells, 

giving them their respective tensile strength and adhesive interaction enabling 

tumour cells to congregate in the formation of a tumour mass 49,50.  

 

However, this tight interaction is lost when E-cadherin expression is lost. Down-

regulation of E-cadherin expression results in the loss of this cell-to-cell interaction 

and consequently causes the dislodgement of tumour cells from the primary tumour 

site. The dissociation of tumour cells from the tumour site leads to the dissemination 

of these tumour cells to distant sites within the body. These tumour cells migrate 

through the circulatory or lymphatic system and are able to later re-establish tumour 

colony formation by mesenchymal epithelial transition (MET), the inverse of EMT 

(Figure 1.3) 51. Migrating tumour cells can home to the bone marrow, liver or other 

metastatic sites. Frequently, in CRC, the liver is the most common metastatic site. 

However, the lung has also been reported to be another common metastatic site in 

CRC 52,53.  
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Figure 1.3 

1.5.1 Epithelial Mesenchymal Transition and Metastasis      

Figure 1.3 shows EMT cells highlighted in pink. To the left of the diagram, a primary tumour mass 

can be seen where EMT cells are embedded within the tumour mass. These EMT cells become 

dislodged from the primary tumour mass and move through the endothelial cells that line the blood 

vessels, where they enter the systematic circulatory system. Once entered into the circulatory system, 

these cells can migrate through the blood vessels and are subsequently transported to different regions 

of the body where they form distant metastatic sites, resulting in the formation of secondary and 

tertiary tumours. Metastasis is the most common cause of mortality in CRC.                                                                                               

 

1.6 Evasion of immune detection 

A new emerging hallmark of cancer is the evasion of the immune system 54,55 Cells 

of the immune system are transported around the body through lymphatic vessels and 

can exit these vessels when prompted by a heightened immune response, usually 

when an individual succumbs to a infection such as a bacterial or viral infection. 

These immune cells are composed of B and T lymphocytes and other cells such as 

macrophages, dendritic cells, eosinophils, basophils neutrophils and natural killer 
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(NK) cells. These cells, once alerted, can patrol nearby neighbouring tissues in the 

immediate vicinity of the antigen site. Cancer cells exhibit foreign antigens which 

attract immune cells to the tumour site where in some instances these immune cells 

are able to eradicate the tumour 56. More specifically, a high number of T-cells 

infiltrate the tumour mass. In the case of CRC, the antigen site can be tumour 

associated antigens that are frequently expressed for example, in microsatellite 

instability (MSI) tumours 57–59.  

 

T-cells usually favours a good prognosis in most patients especially in CRC 60. 

Antigens presented by these tumour cells include major histocapatability complexes. 

These tumour- presenting antigens are frequently found in tumours with genome 

instability. MSI-high tumours accumulate vast numbers of somatic mutations due to 

the loss of DNA damage response repair pathways .  

 

A high tumour infiltrate of T-cells usually favours a good prognosis in most patients 

perticualarly in MSI CRC tumours. 61–63 Morevoer, NK-cells posses an arsenal of 

chemical and biological properties capable of combating tumour cells. These include 

degrading enzymes such as proteases and perforin, which can perforate tumour cells 

and terminate them. NK cells are also abundant in MSI patients. Understanding this 

hallmark of cancer has prompted researchers to harness the power of the immune 

system  as a potential therapeutic option. The genome in CRC has been shown to be 

highly unstable in a subset of CRC patients 64. Additionally, these mutations can 

greatly affect response to treatment and have a profound impact of patient prognosis. 

For example, loss of DNA damage response repair mechanisms which features 

strongly in MSI tumours culminates in excessive mutations and leads to the aberrant 

expression of tumour presenting antigens (TPA), which can be detected through 

immune surveillance. However, cancer cells have adopted an evolutionary process 

where they can adapt and overcome the threat from the immune system by down-

regulating these tumour associated antigens as a survival tactic to evade immune 

detection. Therefore, it is important to characterise the different mutations implicated 

in driving CRC and the diverse signal transduction pathways that these mutations act 

upon. Mutations in APC, TP53, KRAS and BRAF are well documented in CRC 65 66–

68 59 69,70.  
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1.7 Genomic instability and genetic mutations associated with CRC 

The genome in CRC has been shown to be highly unstable in a subset of CRC 

patients 71–73. Moreover, mutations have been frequently reported in this subset of 

patients 74,75. Importantly, these mutations create a distinct molecular pathology and 

can drive a unique biology that is associated with that particular mutation. 

Furthermore, MSI and chromosomal instability methylation phenotype (CIMP) have 

also been well documented in CRC and are responsible for driving unique biological 

features with different prognostic outcomes 76. Additionally, these mutations can 

greatly affect response to treatment and have a profound impact of patient prognosis. 

Therefore, it is important to characterise these different mutations implicated in 

driving CRC and the diverse signal transduction pathways that these mutations act 

upon. Mutations in APC, TP53, KRAS and BRAF are well documented in CRC 77,78 
72,73,79. Below we will discuss these in some detail. 

 

1.8 Mutant Adenomatous Polyposis Coli (APC) and WNT signalling in CRC 

The APC gene is located on chromosome 5 and is a negative regulator of beta-

catenin. APC tags beta-catenin with ubiquitin proteins, which then translocates beta-

catenin to the proteasome for destruction. This prevents the accumulation of beta-

catenin levels from rising and thus abrogates the stimulation of cell proliferation 80–

83. Furthermore, patients who possess mutated inactivating APC mutations have a 

significantly increased risk of developing the disease after the age of 40 84,85. APCs 

main function is in the regulation of cell proliferation. The initiation of the WNT 

pathway commences when a WNT signalling protein binds to the frizzled receptors 

located on the surface of CRC cells (see Figure 1.4). The receptor consists of 

LRP5/LRP6 domains which act as co-receptors and help transmit the signal from the 

plasma membrane to the cytoplasm. This culminates in the activation of Dishevelled 

(Dvl) through phosphorylation, poly-ubiquitination, and polymerization, which 

unlocks GSK-3β from the APC/Axin protein complex. The transcriptional effects 

exerted via a WNT ligand protein modulates Rac1-dependent nuclear translocation 

of beta-catenin and the subsequent recruitment of LEF/ TCF DNA-binding 

transcription factors that collaborate together to displace Groucho-HDAC co-



27 | P a g e  
 

repressors 75,81. This leads to up-regulation of target genes such as c-myc and cyclin 

D1, which increases cell proliferation.  

 

In a normal cell (Figure 1.4), the WNT pathway is not constitutively active. Instead, 

a destruction complex is formed which consists of Axin, GSK3β, CK1α, beta-catenin 

and APC. This then recruits a molecule called βTrCP that tags beta-catenin for 

destruction by adding ubiqutin groups to beta-catenin which is then transported to the 

proteasome located in the cytosol for degradation. This inhibits the activation of 

target genes such as c-myc and cyclin D1 86,87.  APC is mutated in approximately 

75% of CRC cases and is the most frequently mutated gene  observed within the 

disease 88–90. Mutated APC results in the inability of the destruction complex to be 

formed, rendering beta-catenin untagged for disintegration in the proteasome, 

allowing beta-catenin protein levels to continuously rise. Thus, mutated APC 

culminates in the constitutive activation of the WNT signalling pathway and 

produces an up-regulation of target genes, resulting in a higher cell turnover rate due 

to an elevation in cellular proliferation 91,92.  

 

 

 

 

 

 

 

A. Normal Controlled Growth              B. Uncontrolled Cell Growth 
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Figure 1.4  

1.8.1 The WNT Signalling Pathway 

In a normal cell (controlled cell growth A), the WNT pathway is not activated. The destruction 

complex is formed which contains Axin, GSK3β, CK1α, beta-catenin and APC. This attracts a protein 

known as Beta-Transducin Repeat Containing E3 Ubiquitin Protein Ligase (βTrCP) which tags beta-

catenin for destruction by adding ubiqutin groups to beta-catenin. The destruction complex then 

migrates to the proteasome for degradation. This inhibits the activation of target genes such as c-myc 

and cyclin D1. However, in malignant cells (uncontrolled cell growth B) beta-catenin is stabilised due 

to the presence of a mutation in APC. The destruction complex cannot phosphorylate beta-catein, 

which renders it constitutively active. Hence, beta-cantenin levels continue to rise and the pathway 

continues unimpeded resulting in increased cell proliferation.  

 

1.9 Mutant TP53 and Its Role in CRC 

TP53 is a tumour suppressor gene and is often referred to as the guardian of the 

genome. It encodes for a protein called p53, which has multiple biological functions, 

inducing cell cycle arrest and apoptosis. p53 is located on chromosome 17 and is 

mutated in more than 50% of all cancers. In a normal cell, p53 is activated in 
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response to DNA damage, cytotoxic stress or viral infection. 93 97. Firstly, upon the 

sensing of double stranded or single stranded DNA breaks,  ATR or ATM become 

activated, which phosphorylates p53, thus inducing its activation. Active p53 can 

then induce activation of p21 via phosphorylation. Phosphorylated p21 can then 

directly inhibit cyclin dependent kinases and as a result can then inhibit cyclin 

proteins and subsequently halt the progression of the cell cycle. This prevents the 

transition of G1 phase through to S phase and in addition prevents the transition of 

G2 to M phase. However, in CRC, TP53 is often mutated, resulting in tumour 

suppressor function deactivation. Mutated P53 can no longer induce apoptosis. This 

is because p53 has a mutated site in one of its protein domains which means MDM2 

cannot bind to p53 and inhibits its function.  Alternatively, p53 can be mutated at 

other sites resulting in a gain of function. This is usually associated with a much 

more biologically aggressive tumour 94. 

 

Moreover, MDM2 (mouse double minute 2 homologue, also termed E3 ubiquitin-

protein ligase) acts as a negative regulator of p53. MDM2 recognises the N terminal 

trans activation domain of p53 and prevents its phosphorylation by ATM, which 

consequently inactivates p53. This is important in order to stop p53 from committing 

excessive cell cycle arrest and induction of apoptosis. Thus p53 only becomes 

activated when required. Furthermore, p53 induces apoptosis through the following 

mechanism (see Figure 1.5).  

 

p53 can be activated through DNA damage and then interacts with and activates a 

protein called Bax. Activated Bax can then translocate to the mitochondria and alter 

its membrane potential changing its permeability. This induces pore formation in the 

inner mitochondrial membrane and creates a channel that facilitates the release of 

cytochrome-c (cyt-c) into the cytosol. Cyt-c once liberated into the cytoplasm can 

then bind to the Apaf-1/procaspase-9 complex and induces cleavage of procaspase-9 

to active caspase-9.  Caspase-9 then binds to and cleaves procaspase-3 resulting in 

the activation of caspase-3. Once caspase-3 is active and its substrate PARP is 

cleaved the cell will commit itself to apoptosis, another hallmark of cancer 95,96,95,97–

100,101. Mutated p53 is also strongly associated with other clinical pathological 

features such as resistance to treatment, invasiveness and metastasis and because of 
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this, mutated p53 is a potentially an attractive therapeutic target 101–106. Figure 1.5 

highlights the multiple functions of p53. 

 

Figure 1.5  

1.9.1 p53 Signalling Pathway  

Upon sensing an external stimulus such as UV radiation, p53 is activated through ATM 

phosphorylation. Active p53 then phosphorylates and activates p21, which can inhibit cyclin D1 and 

consequently cell cycle progression is halted.  If p53 is not activated, cyclin D1 can activate 

retinoblastoma (RB), which further activates E2F and allows the cell cycle to continue,  thus 

promoting malignancy. In CRC, p53 is often suppressed and the cell cycle continues uninterrupted.   

 

1.11 KRAS and BRAF mutations in CRC 

Mutated KRAS also induces constitutive activation of cell proliferation. Ras 

signalling is essential in  normal cells to instigate cell proliferation. However, this 

process is highly controlled and tightly regulated in normal healthy cells and 

becomes inhibited through normal cell cycle arrest. In CRC, the KRAS pathway often 
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becomes deregulated and consequently becomes constitutively active. The Ras 

protein product is encoded by the KRAS gene located on chromosome 12. The KRAS 

pathway (Figure 1.6) is activated when an extracellular ligand (eg. epidermal growth 

factor) binds to the surface of a tyrosine kinase receptor (RTK) and causes the 

receptor to dimerise and undergo a conformational change 107. This subsequently 

catalyses the phosphorylation of tyrosine kinase domains of itself on the intracellular 

portion of the receptor. Next, the growth factor receptor bound protein 2 (GRB2) 

binds to the phosphorylated RTKs domains, allowing a molecule called sons of 

sevenless (SOS) to associate with GRB2, enabling SOS to interact with membrane 

bound Ras. SOS exchanges the nucleotide guanosine diphosphate (GDP) to 

guanosine triphosphate (GTP), rendering membrane bound Ras active. Active RAS  

then recruits and binds to BRAF, resulting in the activation of BRAF. BRAF then 

phosphorylates and activates the kinases MEK1/MEK2, which in turn phosphorylate 

and activate the kinases ERK1/ERK2. Subsequently, the kinase cascade recruits and 

activates two transcription factors jun and fos, which sequentially translocate to the 

nucleus and bind to the AP-1 (activator protein-1 family) motif of the DNA. This 

induces the up-regulation of target genes encoding growth factors and cyclins, which 

consequently stimulates cell proliferation 108.  

 

In a normal cell, RAS signalling is quickly inhibited shortly after its activation, in 

order to avoid for example uninterrupted cell proliferation, a key hallmark of cancer. 

Continuous RAS signalling is avoided due to a protein called GAP, which has a 

binding domain that binds to the RAS protein and can in turn interact with bound 

GTP and hydrolyse its conversion to GDP and hence inactivate RAS. In CRC, the 

RAS protein is mutated which enables RAS to be constitutively active. Thus while 

GAP can still bind to RAS, it cannot form one of the domains that is crucial for 

binding to and hydrolysing GTP to GDP, leaving RAS permanently active.   

 

BRAF is a downstream signalling molecule of the RAS signalling pathway, located 

on chromosome 7 in humans. BRAF mutations are much less frequently observed in 

CRC (10-15%) in contrast to APC and KRAS mutant. 109. Mutated BRAF continues 

to phosphorylate and activate downstream targets like MEK1/MEK2 uncontrollably, 

which then activate ERK1/ERK2, thus increasing cell proliferation. Treatment 

strategies for RAS and  BRAF mutated patients are challenging.  
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1.12 Chromosomal instability and epigenetic changes in CRC 

The most common form of genomic instability identified to date in CRC is 

chromosomal instability (CIN). Approximately, 80%-85% of colorectal tumours 

manifest CIN 110. Different features of CIN in CRC include alterations in 

chromosomal number (eg. aneuploidy), chromosomal rearrangements and gene 

amplifications. Additionally, it has been speculated that deletions, insertions, 

substitutions and MSI all play a role in further propagating CIN in CRC. The 

molecular mechanisms thought to be involved in establishing CIN are various, 

including defects in the BER (base excision repair) system, mitotic spindle 

checkpoint genes, chromosomal regulation, DNA checkpoint genes and cell cycle 

proteins. Epigenetic instability is frequently reported in CRC; however some 

subtypes (eg MSI) within the disease are more prone to epigenetic alterations than 

others. Epigenetic instability occurs through aberrantly methylated areas within the 

genome that induces gene silencing. Heavily methylated areas within the genome 

result in the DNA adopting a closed chromatin-like structure. This induces tightly 

compacted DNA resulting in transcription factors not being able to bind to promoter 

regions of certain genes, thus leading to transcriptional deactivation 73,111. Malignant 

cells in certain instances employ epigenetic mechanisms to underpin continued 

survival. For example, methylation of tumour suppressor genes such as p53 would 

inhibit cell cycle arrest and apoptosis and act as a survival mechanism for cancer 

cells.  

 

DNA methylation preferentially occurs at CpG (cytosine-phosphate-guanine) sites 

within the DNA. An enzyme called DNA methyltransferase is responsible for adding 

a methyl group to the cytosine on the carbon 5 position of the nucleotide. This results 

in the conversion of cytosine to 5-methylcytosine and consequently the molecule is 

covalently bound. In humans, about 70% of CpG sites are methylated. Regions in the 

genome known as CpG islands consist of approximately 50%-60% GC (guanine and 

cytosine) content 112. This is often accompanied by transcriptional repression. 

Moreover, heavy methylation of MLH1 (DNA damage repair gene) is evident in 

>80% of sporadic MSI CRCs 113. Methylation of MLH1 alone can lead to the 

development of MSI CRC tumours 114.  Restoration of MLH1 expression through de-
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methylation of the MLH1 promoter in MSI CRC cells using 5-azacytidine 

demonstrates that methylation of MLH1 is a cause of many MSI tumours. Certain 

subclasses within CRC hyper-methylate a large proportion of their genes, this is 

termed CIMP (CpG island methylator phenotype). There is  a strong link between 

BRAFV600E mutations (BRAFMT, the  most common mutation in BRAF) and CIMP 

positive (CIMP+) tumours.  

 

1.13 Mismatch repair and microsatellite instability 

Mismatch repair is an inherent inbuilt surveillance system that is enacted when cells 

succumb to DNA damage as a result of UV damage, ionizing radiation, 

endogenous/exogenous stress or cytotoxic agents 115. The mismatch repair system is 

initiated in order to repair damaged DNA. Normal cells adopt mechanisms to cope 

with the DNA damage, to prevent its accumulation which can culminate in the 

spread of unwanted DNA damage to a daughter cell post mitosis. If uncorrected, 

these cells carrying DNA damage can become cancerous cells. In CRC, malignant 

cells can lose the ability to repair damaged DNA and are as a consequence more 

sensitive to DNA damaging agents such as oxaliplatin 116,117. These malignant cells 

that lose the ability to repair DNA are called microsatellite unstable (MSI) tumours. 

Approximately, 15% of all CRC cases are MSI positive while 3% have Lynch 

Syndrome (a genetic predisposition towards developing CRC characterised by the 

presence of germline mutations)118. In the case of Lynch Syndrome, otherwise 

known as hereditary nonpolyposis CRC (HNPCC), mutations occur in one of the 

following mismatch repair genes MLH1, MSH2, MSH6 or PMS2 119,120. Moreover, 

the remaining 12% of MSI CRC cases occur due to methylation of the MLH1 gene. 

These are also referred to as sporadic MSI cases. These MSI tumours typically have 

a higher infiltration of immune cells, in particular T-cells and B-cells as previously 

mentioned 121,122. Moreover, MSI patients are not only more responsive to 

chemotherapy, but the prognosis associated with these tumour types is much more 

favourable 123,124. In contrast, microsatellite stable (MSS) tumours have a worse 

prognosis and do not have a lymphocyte infiltration and are much more resistant to 

chemotherapy 125. Clinically, MSI can be detected by polymerase chain reaction 
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(PCR) analysis of the following microsatellite repeats (BAT25 and BAT26) and three 

additional dinucleotide repeats (D5S346, D2S123 and D17S250) 126. However, these 

markers are only evaluated when Lynch syndrome is present, which constitutes 3% 

of all CRC cases. If Lynch Syndrome is ruled out, then the clinician need only test 

for the epigenetic silencing of the MLH1 gene which constitutes the remaining 12% 

of CRC patients. Immunohistochemistry can also be performed not just on MLH1 

protein expression levels but on other mismatch repair proteins including 

MSH2, MSH6 or PMS2  

1.14 Base excision repair in CRC 

Base excision repair (BER) is a well established DNA damage response repair 

mechanism in CRC 127,128. It has been previously demonstrated in a subset of 

colourectal tumours that certain tumours, specifically MSI tumours,  have a 

propensity towards developing further mutations. 129. More specifically, according to 

a study investigating one of the BER genes; MYH had a particularly high mutational 

incidence in certain colourectal tumour cell lines in contrast to others 130–133. 

Germline mutations in MYH are responsible for the expression of a protein involved 

in the BER system and cause adenomatous polyposis in 10%-15% of patients with a 

familial history of adenomatous polyposis syndrome. The MYH protein is involved in 

collaborating with other proteins that are linked to the BER response in order to 

repair DNA damage induced by oxidative stress 134,135. Thus, mutant MYH is 

implicated in acquiring CIN in CRC partly due to a defective DNA damage response 

repair mechanism 136,137. A defective DNA response repair mechanism results in 

excessive accumulation of damaged DNA that cannot be repaired, culminating in 

chromosomal aneuploidy. However, a more well established argument is in the 

formation of CIN through defective proteins that are involved in aligning 

chromosomes during mitosis 138. These dysfunctional proteins result in misalignment 

of the genetic material and hence chromosomal aneuploidy occurs. The DNA 

mismatch repair system becomes activated when base mismatches, insertions or 

deletions occur during DNA replication. The DNA MMR response exists through 

multiple pathways and depends on the type of error induced by DNA polymerase. 

Moreover, mutations in other DNA damage response repair proteins can lead to 

deregulation of DNA damage response repair pathways as well. One such example is 

DNA polymerase. Mutations in DNA polymerase greatly exacerbate the rate of 
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mutations in CRC due to the fact that DNA polymerase losses its ability to repair the 

DNA stands. Herein, base excision repair will be discussed as one example in more 

detail.  

 

When DNA is replicated incorrectly by RNA polymerase, a base may incorrectly be 

added which subsequently needs to be removed. In this instance, DNA glysosylase 

detects the damaged base and removes it 139,140. Next, XRCC1 facilitates the 

transportation of APE1 nuclease into the damaged site where AP-ligase activity is 

utilised for cleavage of the 5’ end of the phosphodiester bond. Replication factor C 

(RFC), PCNA and DNA polymerases are all simultaneously recruited to assist in 

reconstructing the removed base. Next a flap endonuclease (FEN1) is recruited by 

RFC and cleaves the displaced oligonucleotide. Finally, DNA ligase seals the 

remaining nucleotides and completes the process. These DNA damage response 

repair pathways are crucial for the maintance and repair of DNA damage. Failure of 

the cell to repair DNA damge can lead to the onset of CRC.  

 

1.15 Distinct molecular subtypes of CRC 

In recent years, a number of research groups published findings that indicated that at 

the molecular level, CRC was a very heterogeneous disease. These series of papers 

formed the basis for establishing a molecular classification of CRC 141. These groups 

recognised that there were different subgroups within CRC and noted that these 

different subtypes had unique biological properties, response to treatment and 

differing prognosis. Each group used different methods of hierarchical consensus 

clustering and distinct statistical parameters to identify these different subtypes. Each 

group identified between three and six unique different subtypes of CRC. Whilst 

differences were recorded by each group, similarities were also observed. Each 

group identified an immune subtype with a strong enrichment of MSI within this 

subtype. This immune subtype had a more favourable prognosis due to a strong 

infiltration of T cells. Secondly, an epithelial-like subtype was also identified which 

in general was more responsive to chemotherapy and cetuximab-based therapy due 

to its KRAS status. Finally, a serrated stem-like subtype was also identified, which 

was deemed to be of stromal origin and had the worst relapse-free and overall 

survival compared to the other subtypes. A detailed description of the outputs from 
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the different research groups is provided below. For ease of description, each study is 

referred to by its first author. The bioinformatics techniques employed will be 

described in greater detail  in Section 1.16 – 1.23 below in this introduction section. 

 

1.16 Sadanandam et al 

One of the first groups to publish on gene expression profiling in CRC  was the 

Sadanandam et al. research group, based in the Swiss Federal Institute of 

Technology. The investigators analysed  gene expression data from 239 primary 

CRC tumour samples with Duke stages A, B, C and D. They identified five unique 

well defined molecular subtypes within CRC 142. These five different subtypes had 

very different prognostic outcomes and responses to cetuximab and 5-fluorouracil, 

folinic acid and irinotecan (FOLFIRI) based therapy. The group used two separate 

DNA microarrays and applied a standard deviation with a threshold greater than 0.8 

to extract the most variable genes for further analysis. These most variable genes 

were deemed to be the most informative due to greater differences in biological 

variation and thus may capture biological structure within the data that is potentially 

clinically relevant. These datasets were then normalised using Robust Multi-Array 

Average (RMA) normalisation and subsequently merged together using the Java-

based distance-weighted discrimination method. The pooled data was further curated 

using the median centre on rows approach.  

 

Next, non-negative matrix factorization (NMF) clustering was applied to the filtered 

data and five well pronounced clusters were identified. Moreover, the silhouette 

width method was adopted to remove samples that may represent a rarer subtype and 

are on the periphery of being robustly classified by NMF. These samples that do not 

appear to be of a clear origin may represent rarer subtypes or may have 

transcriptional overlap with other subtypes. Using the silhouette width method 

eliminates subtype overlap or otherwise referred to as subtype classification 

contamination. This contamination may lead one to draw erroneous or inaccurate 

conclusions with respect to subtype assignment. The silhouette width method also 

eliminates those samples that cannot tolerate a moderate degree of outlier 

contamination using NMF clustering. Furthermore, the significance analysis of 
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microarrays (SAM) and prediction analysis of microarrays (PAM) were adopted to 

identify potential biomarkers affiliated with each of the clusters discovered.  

 

The group labeled the first two robust clusters as a transit-amplifying and enterocyte 

subtype that was of epithelial origin and possessed a higher activation of WNT 

signalling and was in general more responsive to cetuximab therapy. Incidentally, 

this subtype harboured less KRASMT and was predominately KRASWT. The second 

two clusters were a goblet-like and inflammatory subgroup that appeared to be of an 

immune origin and were largely MSI positive. Finally, the last cluster was a stem-

like subtype with the worst overall prognosis but was more responsive to FOLFIRI-

based therapy. The first two clusters of epithelial origin had a modest prognosis and 

mixed response to FOLFIRI, specifically the transit-amplifying subgroup had a 

superior response rate to cetuximab and the enterocyte to a lesser extent. However, 

the immune-like subgroups (i.e. the goblet-like and inflammatory subgtype) had the 

best prognosis overall. 

1.17 Melo et al  

A second research group determined that there were a total of three well defined 

molecular subgroups in colon cancer 143. Transcriptional data were analysed from a 

small cohort consisting of 90 patients, all of which were stage II untreated only 

patients with follow-up clinical data. Using this gene expression data, fRMA 

normalisation was performed. Furthermore, the most variable genes were extracted 

using a cut-off and hierarchical consensus clustering was performed using the 

Euclidean distance with an average linkage method. The GAP statistical was 

determined and three robust clusters were obtained using this statistical cut-off 

threshold. Again the silhouette width was calculated to avoid unwanted overlap with 

robust clusters and to avoid drawing spurious conclusions. Probesets were collapsed 

to unique gene symbols, using the highest overall expression of multiple probesets 

binding to a single gene. Moreover, the most informative genes were isolated from 

the three clusters using SAM and the area under the curve (AUC). A classifier was 

then developed and trained using PAM with an error rate <0.02. Finally, a 146 

unique gene classifier was identified capable of segregating the three subtypes CCS1, 

CCS2 and CCS3 in multiple independent validation cohorts. CCS3 had the worst 

prognosis and possessed a mesenchymal-like biology, with a strong presence of 
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EMT type properties. CCS2 was strongly enriched for MSI/CIMP/BRAFMT with a 

better prognosis and was most likely of immune origin. CCS1 had the most 

favourable prognosis and frequently presented TP53MT and KRASMT status and was 

most likely of epithelial origin. Interestingly, CCS3 was more resistant to cetuximab-

based therapy in contrast to CCS1 which was far more responsive.  

 

1.18 Marisa et al 

Another study published by Marisa et al. employed a large patient cohort containing 

585 stages I/IV primary CRC tumours to identify six unique subtypes in colon cancer 
144. Data was normalised using RMA normalisation before finally removing and 

correcting for residual batch affects using software packages (Affy and SVA 

respectively) operating within the R statistical environment. Unsupervised 

hierarchical consensus clustering was used with the Ward linkage method and 1 – 

Pearson correlation distance, which was performed inside the ConsensusClusterPlus 

package in R. Moreover, resampling iterations were ramped up to 1000 to ensure 

reproducibility, stability and robustness of each cluster identified. Only the most 

variable probesets were selected from the clustering method, that is, 90% and were 

selected at random whilst running the algorithm. The best clusters were selected and 

a total of six met the criteria. Validation of these gene expression profiles was 

assigned to independent data sets using the distance-to-centroid approach. Moreover, 

a centroid-based classifier was developed using a 10 fold cross validation and was 

able to successfully assign all six subtypes using independent validation cohorts. 

Once more, these different molecular subtypes had very different prognostic 

outcomes with C4 having the worst prognosis and a stem-like biology. Much overlap 

was seen as described before with one group clustering with high MSI, another with 

high WNT signalling and so on. 

 

1.19 Roepman et al 

Unsupervised hierarchical clustering of 188 primary CRC samples (stage I-IV) was 

applied by Roepman et al. and a total of three unique clusters were identified 145. The 



39 | P a g e  
 

group conceded the limitations of such an approach to identify robust clusters and so 

also applied a single sample based predictor (SSP) for more robust classification of 

samples into unique molecular subtypes. Furthermore, the group utilized a pair-wise 

Student t-test on the most differentially expressed genes comparing each of the 

subtypes identified, that is, A-subtype, B-subtype and C-subtype. Multiplex 

differential expression analysis was performed between A-subtype versus B-subtype 

and subtype-C followed by B-type versus subtype-A and subtype-C etc. All possible 

permutations were examined and the analysis was conducted using a 10 fold cross-

validation model. Genes were ranked according to the t-test results and a final list of 

32 genes for A-type, 53 genes for B-type and 102 genes for C-type was determined. 

The group investigated the survival differences in stage II/III within each group and 

determined that subtype-C had the worse disease free survival (DFS) and overall 

survival(OS) whilst subtype-B and subtype-A had more favourable survival 

outcomes. Subtype-A had the best prognosis with MMR deficiency features and was 

of an epithelial/immune origin with frequent BRAFMTs.  Subtype-B was again of 

epithelial origin with baseline poor prognosis, MMR proficient, high proliferation 

index and benefited from chemotherapy (5-Florouracil based therapy). Meanwhile, 

Type-C had poor survival outcome, was more resistant to therapy had lower 

proliferation but was MMR deficient and possessed mesenchymal like properties. 

The group concluded that these results indicated above and the transcriptional 

signatures identified could be used to stratify patients in a clinical setting to improve 

patient outcome and ameliorate resistance to chemotherapy.  

 

1.21 Bundiska et al 

Bundiska et al. devised an alternative method for CRC subtype classification 146. 

Four independent patient cohorts were pooled together for the discovery phase of this 

research. The first two datasets were publically available (425 CRC samples) and 

another two were not publically available (688 stage II/III CRC samples with 64 

normal samples). Clinical attributes were available for all patient data. A validation 

data set consisting of eight publically available patient cohorts were also pooled 

together and contained 720 CRC samples. Using the discovery dataset following 
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standard normalisation procedures, probsets with the highest variability were 

retained for further analysis. Probesets were converted into Entrez IDs using standard 

methods. A total of 3025 Entrez IDs remained after applying non-specific filtering. 

Using this filtered discovery data, unsupervised hierarchical clustering was 

performed using Pearson’s correlation with the complete linkage method. 

Furthermore, the dynamic cut tree approach was used to generate gene modules (or 

otherwise referred to as genes with correlated expression patterns). Non-conforming 

or non-robust modules were excluded from further analysis. The dynamic cut tree 

method forms clusters based on cutting the hierarchical dendogram tree that is 

generated when performing any method of clustering. It can be based on height or 

shape of branches and frequently employs a statistical cut-off threshold as part of the 

criteria to define optimal clusters for splitting of samples. 

 

Using the median expression value for each gene module generated, the investigators 

produced meta-genes based on a statistical threshold using p-values <0.05. These 

meta-genes were then aggregated into clusters using hierarchical clustering. 

Additionally, using a consensus distance followed by pruning of the dendogram, core 

samples after clustering were referred to as subtypes. The remainder of the samples 

which were not assigned into different subtypes were called non-core samples. Using 

this technique, the researchers were able to discard potential artefacts and noise from 

overlapping with robust quality clusters and significantly reduced the possibility of 

drawing erroneous conclusions from the data based on poor cluster formation. To 

assess the stability and reproducibility of each cluster identified, numerous 

combinations were used, that is, multiple clustering algorithms and parameters were 

tested to ensure that noise and artefacts were absent from the results obtained.  

 

A multiclass linear discriminate analysis (LDA) classifier was constructed and 

trained before finally being tested on independent datasets. The LDA classifier was 

developed using the core samples with meta-genes. Subtypes identified in the 

training dataset (discovery) were matched with subtypes identified in the testing 

dataset (validation) based on LDA assignment and a subtype-specific moderated t-

statistic was applied. This process was performed by comparing all subtypes 

classified in the discovery and validation cohorts. Moreover, all p-values were 
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adjusted using the Benjamini–Hochberg method with a threshold set of 0.1 as the 

significance level.  

 

In total, the group discovered five unique well pronounced molecular subtypes 

within CRC. Signatures found within each subtype were explored further using an 

online tool called DAVID for pathway analysis and assessment of biological motifs. 

Differential gene expression analysis was performed using limma and sign test using 

BSDA. The investigators also examined the signatures further using gene set 

enrichment analysis (GSEA) and survival analysis for patients who were classified as 

positive for each respective signature identified. A Fishers exact t-test was used to 

determine if there was any enrichment of biomarkers or known clinical attributes 

associated with each respective subtype. The five subtypes were labeled A, B, C, D 

and E respectively. The investigators named these groups surface crypt-like (A), 

lower crypt-like (B), CIMP-H-like (C), mesenchymal (D) and mixed (E). More 

specifically, subtypes C and D had on average the worst overall prognosis using 

RFS, OS and SAR data. Subtype E had an intermediate prognosis whilst subtype A 

demonstrated moderately better prognosis. However, subtype B had the best 

prognosis.  

 

Inspecting these subtypes more closely, it was evident that subtype A had the up-

regulation of metalloproteases and secretory cell like properties with down-

regulation of EMT/stroma, cancer stem cells, proliferation and WNT signalling 

activity. Subtype B manifested high WNT signalling and cell proliferation with 

down-regulation of EMT/stroma, immune activity and was associated with left 

sidedness. Moreover, Subtype C had high proliferation and immune signalling and 

was associated with right sidedness. Subtype D showed high EMT/stroma properties 

and also high cancer stem cell features but presented with low proliferation and 

WNT signalling. Subtype E had up-regulation of EMT/stroma and immune 

signalling and down regulation of secretory cell like properties and was associated 

with left sidedness. Given these results, it is unsurprising why some patients had 

worse survival outcome. Subtypes D, E and C had the worst and both D and E had 

high EMT/stroma activity. Thus, high EMT and stroma content is linked to a poorer 

prognosis and negatively impacts chemotherapy response.  
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1.22 Consensus molecular subtypes of CRC 

Given the need to estasblish some form of consensus between the different research 

groups, an international collaboration was formed. All of the data were pooled and 

each research group applied their respective clustering algorithms as before and 

networking analysis was performed to determine the molecular consensus 

classification of all of these different CRC subtypes, giving rise to a Consensus 

Molecular Subtype (CMS) classification system refered to as CMS1, CMS2, CMS3, 

CMS4 and UNK (Unknown). These different consensus CRC subtypes may have 

potential clinical utility but still need to be validated in a randomised clinical trial 

setting.  The publications from the different groups highlighted above each detailing 

their interpretation in relation to distinct molecular subtypes of CRC presented some 

conflicting data. Thus, an international collaboration was formed to determine the 

consensus of all of these findings 147. All of the datasets utilised in each of these 

independent studies were pooled together and consisted in total of 18 datasets. These 

datasets were sourced from publically available sources such as the Gene Expression 

Omnibus  (GEO) and The Cancer Genome Atlas (TCGA). These combined datasets 

were derived from multiple platforms g.g. Affymetrix, Agilent arrays, and included 

fresh-frozen samples and formalin-fixed paraffin-embedded (FFPE) specimens. 

Moreover, RNA-sequencing data was available for  a proportion of the samples 

analysed. Data curation was performned followed by normalisation and removal of 

technical variation such as batch effects. Each independent group applied their 

respective algorithm separately to classify the subtypes as before, to ensure the 

methodology was consistent with their previous findings.  

 

A total of 27 different subtypes were identified across the six different research 

groups. Next, a network-based approach was employed to investigate the 

commonality amongst the different classification systems developed by each 

research group. Each classification system identified from three to six unique 

subtypes within CRC as previously outlined. Using this network-based approach 

with the collated 27 different subtype assignments, the degree of similarity amongst 

the different subtypes could be determined. Nodes from these networks reflected the 

union of all subgroups identified. Furthermore, weighted edges encoded the Jaccard 
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similarity coefficients between these different nodes. Next, the Markov cluster 

method was applied to these networks to determine similar and contrasting biological 

features. Substructures from these networks were uncovered and revealed substantial 

agreement amongst those clusters previously identified from these research groups. 

Furthermore, inflection factor was combined with the Markov cluster method and 

subsequently the weighted silhouette width to ensure robust clustering performance.  

 

Using the best inflation factor, four well pronounced clusters materialised from the 

analysis using a hypergeometric test (p = <0.001) and were labeled the consensus 

molecular subtypes (CMS) of CRC. Importantly, 78% (3,104 of 3,962) of all samples 

analysed across all 18 different datasets fell into one of these four different subtypes 

and the remaining 22% were scattered amongst these different datasets. These non-

concordant samples were termed non-consensus subtypes of unclear origin and were 

subsequently discarded from further analysis. Of note, these samples did represent a 

significant number of primary tumour samples (n=858, 22%). The different CMS 

subtypes were harmonious with previous findings and again presented unique 

biological features and prognostic outcomes.  

 

In summary, the investigators compartmentalised these consensus molecular 

subtypes (CMS) into CMS1 – CMS4. CMS1 possessed a high infiltration and 

activation of immune cells and were MSI high (~80%) with a CIMP phenotype. 

Additionally, this same subgroup harboured BRAF mutations (~60 - 65% of cases) 

with a more favourable prognosis in contrast to other subgroups and represented 

approximately 14% of all CRC patients. The CMS2 subtype had high WNT 

signalling and activation of MYC including high somatic copy number alterations 

(SCNA) and represented approximately 37% of the population. CMS3 had mixed 

MSI status but was CIMP and SCNA low. Interesting, CMS3 was metabolically 

deregulated, had frequent KRAS mutations and made up 13% of patients. Finally, 

CMS4 had high SCNA and represented 13% of the population. CMS4 also had a 

high infiltration of stromal cells, TGFβ activation including the induction of 

angiogenesis but importantly had the worst overall survival and relapse free survival 

of all four subtypes identified. CMS reflected the gold standard for gene expression 

molecular classification at the time and is the classification system that will be 

frequently referred to and used throughout this thesis for subsequent analysis.  
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Figure 1.6 

 

Summary of the consensus molecular subgroups of CRC 

The above diagram summarises the findings from all 6 studies and the respective subgroups identifed 

from each research group. The percentage of patients that fall into each subgroup are indicated with 

the mutatational frequecies of genes and biological features assciated with each subgroup is also 

provided. Importantly the prognositc outcome of each subgroup is also indicated.   

 

1.23 Colourectal Cancer Intrisic Subtypes – the CRIS classification system 

Additionally, it is important to award some attention to the most recent form of CRC 

molecular classification referred to as CRC intrinsic subtype classification (CRIS) 

system were a research group reclassified CRC samples by removing all stromal cell 

contamination. This was achieved by using patient derived xenografts (PDXs), which 

have all stromal impurites removed. All cells from the TME were excluded using this 

approach and only purified epithelial tumour cells were used for classification. This 

enabled the researchers to only analyse pure epithelial tumour samples given the role 
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the TME plays in altering the transcriptional profiles of these CRC samples and 

importantly the affect the TME has on patient prognosis. To summarise Isella et al. 

developed a different approach to CRC classification 148. They sought to remove the 

effects of stromal contamination, which can influence the transcriptional profile of 

the tumour and thus potentially compromises what is truly representative of pure 

epithelial tumour. All of the above research groups used primary tumour samples, 

which maintains the integrity of the TME. The investigators used a substantive 

patient cohort consisting of 244 CRC samples and matched normal samples. After 

preparation of the samples, they were subsequently transplanted into non-obese 

diabetic/severe combined immunodeficient mice. These mice do not have an 

immune system and can only support mouse stroma cells which are easily 

distinguishable from human stromal cells, thus the data generated from analysing 

samples from these mice should be human epithelial specific. Using these patient 

derived xenografts, samples were prepared and RNA extraction and purification 

was performed using standard protocols. The platform used was an Illumina 

Human 48 k gene chip. The data was normalised using the loess normalisation 

method followed by the application of a standard deviation of 0.8 to consolidate 

probesets to those that are representative of the most biological variation within the 

data. A total of 1083 probesets were identified. Using these most variable 

probesets, unsupervised hierarchical clustering was performed using the non-

negative matrix factorization (NMF) algorithm. Cluster quality was monitored by 

varying the K from 2 – 6 clusters and then applying the cophenetic coefficient. 

Using this approach, K=5 gave the best resolution and thus 5 robust heterogeneous 

subtypes were identified. To remove sample bias and small groups of patient 

samples that represent rarer clusters or more homogeneous samples, the silhouette 

width method was applied. SAM analysis was performed using an FDR <0.005. 

This yielded 1083 differentially expressed genes. PAM analysis was then used to 

produce shrunken centroids for all classes using the leave-one-out cross validation 

technique to reduce overall error. Using this approach, 903 transcripts were 

consolidated from the original 1083 with an error rate of 0.035. Finally, a nearest 

template prediction (NTP) classifier was developed to assign the newly identified 

subtypes into independent datasets. The classifier was able to assign the five 

subgroups with overall high accuracy, sensitivity and specificity. The cutoff 

selected for classification significance was <0.2 using the Benjamini–Hochberg 
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post-hoc correction method. Subsequently, five CRC intrinsic subtypes (CRIS) 

were identified.  

 

Pathological and biological features of CRIS are summarised below. CRIS-A: 

mucinous, glycolytic, enriched for microsatellite instability or KRAS mutations. 

CRIS-B had TGFβ pathway activity, epithelial–mesenchymal transition features 

and had a poor prognosis. CRIS-C had elevated EGFR signalling and sensitivity to 

EGFR inhibitors. Meanwhile, CRIS-D had high WNT activation, IGF2 gene over 

expression and amplifications. Finally, CRIS-E possessed a Paneth cell-like 

phenotype and had TP53 mutations.  

 

Thus using these two complimentary approaches, a new CRC specific classification 

system has been developed called CRIS. This represents a very precise approach to 

dissect meaningful tumour biology that is strongly representative of pure epithelial 

tumour as stromal contamination is eradicated from the analysis. The authors of 

both papers argued that this may produce more effective patient stratification in the 

foreseeable future with potentially promising clinical utility.  

 

1.24 Introduction to bioinformatics and data analytic methods 

As indicated in the previous section, bioinformatic analysis  has greatly enhanced our 

understanding of CRC and indicated that it is a very heterogeneous disease. 

Employing different computational methods has, as already discussed, revealed 

unique molecular subtypes of CRC with different biological features, response to 

treatment and prognostic outcomes. Some of these approaches have already been 

discussed through the identification of the molecular consensus subtypes (CMS) 

classification system (Section 1.22) indicated above. Bioinformatics has also enabled 

us to delve into the complex molecular mechanisms that underpin drug resistance 

and may help us to identify novel drug resistance targets in the future with potential 

clinical utility. Bioinformatics has also allowed a more precise understanding of 

transcriptional profiles of CRC tumours.. These signatures have allowed the 

stratification of different patient populations into groups that may better benefit more 
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from tailored treatment strategies. Two examples of these are transcriptional 

signatures capable of classifying between BRAFMT/WT and MSI/MSS status. These 

signatures, which have already been published, will be discussed in more detail in 

this thesis. Bioinformatics has also greatly facilitated in the identification of selective 

therapeutic targets that may in the future have clinical translational relevance. For 

example the CMS signatures have different responses to therapy. Furthermore, 

bioinformatics through the use of complex computational algorithms has allowed  

large high throughput datasets to be interpreted, thus allowing researchers to draw 

meaningful conclusions about complex biological systems. Unravelling the genome 

using data generated from transcriptomics, epigenomics and other omics approaches 

is propelling the progression of precision medicine at an unprecedented rate. 

Moreover, bioinformatics is identifying potentially paradigm shifting biology and 

has the potential to make a real difference in patient’s lives in the foreseable future. 

Therefore, some attention is warranted to the various different computational 

methods that are employed in bioinformatics analysis and are also particularly 

relevant to the work presented in this thesis.  

 

1.25 Differential gene expression analysis 

One of the most common methods used to detect changes in gene expression in 

computational cancer biology is the use of a method referred to as differential gene 

expression analysis. When comparing two biological variables for example disease 

samples versus non-disease samples, one’s hypothesis might expect there to be 

significant differences in gene expression driven biology between the two samples. 

Alternatively, if one wanted to compare the effect that treatment might have on a 

patient group versus a group of patients that did not receive the treatment, then one 

would anticipate that there might be a change in gene expression patterns between 

these two groups. It is known that chemotherapy such as 5-Flurouracil or oxaliplatin 

can radically alter the expression profile of  cell lines 149. Therefore, one can look to 

see if mRNA expression levels have changed after treatment using differential gene 

expression analysis. Gene expression can change significantly, as a result of a 

number of different factors e.g. the presence of a mutation, the tumour 

microenvironment, the disease stage, the tumour grade etc. These changes can 
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usually be detected using differential gene expression analysis. Below in Table 1.1 

summarises algorithmically how differential gene expression analysis works.  

 

 
https://slideplayer.com/slide/8497019/ [Accessed on the 1st of November 2018] 

  

Table 1.1  

1.25.1 One-way ANOVA analysis table 

Differential gene expression is calculated by first computing the mean of each gene expression value 

(See Table 1.1) in any given array. These arrays in our case are patient tumour samples with probesets 

representing the entire transcriptome. The abbreviations have all been detailed in the text below such 

as SS refers to the sums of squared, SSW means sums of squared within samples, SSB means sums of 

squares between samples etc. K, N and df abbreviations are provided in Table 1.1. The mean of all 

probesets for that array is first calculated. All the gene expression values are added together and 

divided by the total amount of genes analysed. This process is repeated across all arrays representing 

all patient samples and thus a mean value is obtained for each patient. One also needs to determine the 

total sums of squares for each patient sample. A K value is also required and represents the total 

https://slideplayer.com/slide/8497019/


49 | P a g e  
 

number of samples added together (See Table 1.1). Next the total number of observations within the 

data is calculated. All of the patient samples multiplied by the total number of genes across the entire 

data frame is computed to give N observations (See Table 1.1). The overall total number of N 

observations is calculated by adding up all of the individual discrete data points (gene expression 

values) in the data matrix to obtain an overall total called G (See Table 1.1). Next the sum of squares 

is computed for all genes across all patients by squaring each value in the data matrix (X2(See Table 

1.1)). This is now performed across each row for all genes within the data matrix. (See Table 1.1)   

Finally, the degrees of freedom are sought for both between and within treatment arms of the study.  

 

The between degrees of freedom is obtained by using K – 1, that is the total number 

of column samples – 1). To obtain the within degrees of freedom, the total number of 

observations (N – K) is calculated. The within sums of squared is calculated by 

adding together all sums of squared calculated (See Table 1.1). Then the total sums 

of squared is computed by adding up all of the sums of squared for each X2 value 

obtained. A formula has been developed to calculate this figure and is represented as 

X2 – G2/N(See Table 1.1). Lastly, the between sums of squares (BSS) is determined 

by using the within sums of squares (WSS) and subtracting it from the total sums of 

squares (TSS) as calculated previously. (BSS = WSS – TSS) (See Table 1.1). 

 

Using these values, an ANOVA analysis is tabulated to calculate the total variance. 

F-ratios are determined from these values and compared to critical F-ratio values to 

estimate the level of significance. In all cases throughout this Thesis the significance 

level was set at <0.05 as the statistical significance requirement. If only two 

biological variables were present e.g. oxaliplatin sensitivity versus resistance then a 

1-way ANOVA analysis is tabulated. However, if more than two biological variables 

are present (for example, comparing different time points or cell lines such as 

leukocytes, epithelial, endothelial and fibroblast cells), then a 2-way ANOVA 

analysis is more appropriate.  

 

1.26 Hierarchical clustering  

Hierarchical clustering is a technique frequently employed in the field of 

computational biology to evaluate if there is a relationship between an experimental 

analysis (e.g. different gene expression patterns) and particular subgroups of patients. 
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For example, one might be interested in knowing if a gene signature is enriched 

within a certain patient population 150. Molecular signatures may be  characteristic of 

a certain cell type or indicate a specific type of tumour biology. Certain signatures 

may decipher relationships, e.g. between BRAFMT and MSI status. Others may 

identify  a specific cell type such as natural killer (NK) cells or cancer associated 

fibroblasts (CAF). Recently, our group have described signatures that are 

characteristic of different subtypes of CRC 151,152. During the discovery of these 

different signatures, hierarchical clustering is a technique which is frequently used 

and is essential for the validation of these signatures.  

 

The process of how hierarchical clustering works is complex and highly varied, 

depending on the question being addressed. In summary, when a group of genes is 

identified that may be relevant to the research hypothesis, one might want to verify if 

there is a clustering of these genes within certain patient subgroups 153,154. If the 

signature of interest is for example, of an immune origin, then one might expect the 

group of genes to cluster within patients who are known to have a high infiltration of 

immune cells such as MSI tumours. In principle, unsupervised hierarchical clustering 

seeks, in the first instance, to segregate different groups of patients that have highly 

varied expression patterns of particular genes. For example, if  the top 1500 most 

variable genes were selected based on the use of a median absolute deviation (MAD) 

statistic or standard deviation, then these genes would be representative of the 

greatest biological variation within the data and should identify biological structure 

within the data. If one uses an unsupervised hierarchal clustering approach, then the 

algorithm will try to firstly identify dissimilarity between these 1500 genes across all 

patient samples within the data. One would expect that not all patients would express 

these genes to the same degree. In other words some of these patients express some 

of these genes highly whilst other have a much lower level of gene expression. This 

is the first step towards cluster formation. Secondly, some of these genes will have 

very similar expression patterns. Lets take gene A and gene B as an example. Both of 

these genes have very similar expression values, for example, gene A has a value of 

4.55 and gene B has a value of 4.53. Given the similarity in expression values 

between these two genes, both would therefore fall into the same cluster. However, if 

the values vary significantly, then both would fall into different clusters 155. The 

process is repeated until all values in the data matrix are asigned into their respective 



51 | P a g e  
 

clusters, assuming a relationship does exist, if not, then no clusters will be formed by 

the analysis. Thus, in the first instance dissimilarity is used as a discriminating factor, 

then similarity between different genes based on their expression allows different 

clusters to be formed. Like genes will be grouped with like genes if the expression 

pattern is very similar and genes with very different expression patterns will be 

dissimialar and subsequently fall into different clusters. 

 

The Euclidean distance metric was used consistently throughout the course of this 

Thesis with the Ward’s linkage method. The Euclidean distance is calculated by first 

computing the distance between two points in the gene expression space. In this case, 

data points are gene expression values. The closer the expression values are, the 

smaller the distance between 2 points.  

 

The Ward linkage method calculates the minimum variance or otherwise referred 

to as the incremental sum of squares. This approach takes into consideration both the 

between cluster distances but also within cluster differences when building clusters. 

The Ward linkage is based on the principle that the between cluster distance be 

maximised and the within cluster distance should be minimised. This linkage 

technique merges both of these two concepts together. 

 

Other methods exist for example, the single linkage method, average linkage method 

and complete linkage method. The single linkage method calculates the distance 

between the two closest points between two clusters and merges them together on the 

basis of this simple concept. The limitation to this approach is that it does not factor 

into account that many other points exist within the expression space that are closely 

related and could form clusters but don’t because these are excluded from the 

analysis. Only the two data points that are in juxtaposition are taken into 

consideration.  

 

The average linkage method takes all expression values that are closely related and 

are in the immediate vicinity of two clusters and then calculates the average of all of 

these points as the criterion for cluster formation. The complete linkage method is 

very similar to that of the single linkage method with the exception that the furthest 

distance between two data points is also factored into the decision making process 
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before fusion of clusters occurs. This approach is much more sensitive to outliers but 

does however form more compact clusters. 

 

1.27 Support vector machines 

Support vector machines (SVM) are machine learning algorithms that are designed 

to predict classification (correctly assigning a group of samples into the right 

category) using high dimensional data 156–160. Typically, SVM models are most 

advantageous when predicting two or more classes of known features. This may 

entail using the classifier to predict patients who have a disease state versus patients 

who do not have the disease. The classes can be of any category or sample size, 

however features are usually limited to two or three classes, although more can be 

utilised. A researcher should utilise a data matrix with known features to train the 

SVM model in order to build a classifier to then later predict classification on an 

independent data set with unknown features. The training process uses the SVM 

algorithm to learn different expression patterns based on the classes specified in the 

training data matrix. As part of this Thesis, there was an interest in predicting 

BRAFMT status, using differences in gene expression patterns. Therefore, one would 

want to compare the different gene expression patterns between patient samples that 

harbour BRAFMTs and samples that are BRAFWT. It is anticipated that there will be 

significant differences in mRNA expression patterns between these two groups of 

patient samples. It may be advantageous to develop a transcriptional signature 

capable of discriminating BRAF status, given that there is a significant difference in 

patient prognosis when comparing mutant versus BRAFWT.  

 

If we take as an example a transcriptional signature that is identified using a 100 

gene expression signature in a cohort of  200 patient samples. Mutational analysis 

indicates that  20 patients have a BRAFMT and 180 are BRAFWT. The mean of each 

sample is calculated based on all genes/probesets present in that sample. In this 

example the samples are CRC patient tumour samples. The mean expression values 

are projected into a two dimensional space containing an x-axis and y-axis 

(Figure1.7). Next, the algorithm seeks to draw a clear demarcation or a point in space 

which best separates the two elements (BRAFWT and BRAFWT). This black bold 

line that best separates the two is referred to as a hyperplane. The greater the distance 
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between the two features the more accurately the classifier will be able to predict the 

two classes. SVM can add more complexity to the analysis unlike other classifiers 

and does so by adding two additional lines. These thinner black lines are located 

directly adjacent to the hyperplane, one on either side of the black bold hyperplane. 

These two lines are situated in the immediate vicinity to where the data points in the 

two dimensional space reside. The distance between the two additional lines located 

either side of the hyperplane represent what is known as the margin of error. Thus 

the classifier will be able to distinguish with a degree of accuracy between the two 

classes.  

 

The data points plotted in the 2 dimensional space that sit directly on top of the lines 

located just outside the hyperplane are called support vectors (Figure 1.7). These 

support vectors are the best candidates used to discriminate between the two classes. 

Lets allow the red circles to be called our BRAFMT samples and the blue circles our 

BRAFWT samples. However, one caveat to this type of analysis is that if there is 

significant overlap or similarity in the expression pattern between both classes a 

deterioration in classification performance can occur. This is because when the 

expression pattern between two classes are very similar, it becomes increasingly 

more difficult for a classifier to discriminate between both groups. The classifier can 

inadvertently misclassify either of the two features, leading to poor performances. 

SVMs try to compensate for this by recognising that not all data is linear or normally 

distributed and that in some instances the data may be skewed. Therefore, multiple 

kernels have been developed to complement SVM learning models. Kernels define 

the type of hyperplane needed to be constructed prior to implementing the 

classification method. The type of kernel ultimatly depends upon whether the data 

follows a linear or non-linear distribution. A researcher can change from a linear 

kernel to a polynomial, sigmoid or radial kernel. The researcher will need to 

determine which kernel is appropriate based on the data in order to maximise 

classification performance. This can be achieved through trial and error to determine 

which kernel works best using the SVM model or alternatively a t-test can be 

performed to assess if the data being analysed follows a normal distribution.  

As part of this Thesis, the SVM model will be adopted to predict BRAFMT/WT status 

and MSI/MSS status in CRC.  
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https://www.semanticscholar.org/paper/Predicting-defect-prone-software-modules-using-Elish-

Elish/2c0005665472b687cca2d1b527ad3b0254e905c0/figure/0 [Accessed online 1st November 2018] 

Figure 1.7  

1.27.1 Support Vector Machines As a Method of Classification 

The above figure illustrates how SVM operate. First, the two classes are plotted in a 

2 dimensional space (red = class A or BRAFMT) and (blue = class B or BRAFWT). 

These are based on gene expression values. The mean of all genes in each respective 

tumour sample is calculated and subsequently plotted. The maximum margin is the 

distance between where the support vectors lie (support vectors lie on either side of 

the hyperplane) for class A and class B. This is the maximum distance between 

either classes or the maximum distance that bests separates out the two classes, 

which is based on gene expression patterns. The black line in bold which is drawn in 

the middle in between the two support vectors is the hyperplane. The dashed lines 

represent the optimal hyperplane or the hyperplanes which do not separate out the 

two classes the best. Therefore, the hyperplane in bold in the middle is the best 

fitting line that separates the two classes. The green arrow shows the maximum 

margin and the greater the margin the greater the separation. More importantly, the 

more separation between both classes, the more accurate the classification will be. In 

our analysis class A will be BRAFMT or MSI and class B will be BRAFWT or MSS 

tumour samples.  

https://www.semanticscholar.org/paper/Predicting-defect-prone-software-modules-using-Elish-Elish/2c0005665472b687cca2d1b527ad3b0254e905c0/figure/0
https://www.semanticscholar.org/paper/Predicting-defect-prone-software-modules-using-Elish-Elish/2c0005665472b687cca2d1b527ad3b0254e905c0/figure/0
https://www.google.com/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=2ahUKEwjTqYLRj7HeAhXIiywKHY6zC_wQjRx6BAgBEAU&url=https://www.semanticscholar.org/paper/Predicting-defect-prone-software-modules-using-Elish-Elish/2c0005665472b687cca2d1b527ad3b0254e905c0/figure/0&psig=AOvVaw1pKwthQ_BHKOr7h3imCk4p&ust=1541090362651247
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1.28 Linear discriminate analysis  

Linear discriminate analysis (LDA) is a very similar approach to using SVM 

systems. However, as the name suggests, LDA is more appropriate when developing 

classifiers with data that is linear and normally distributed 161,162. Otherwise, 

classification outcome will be severely compromised. In theory, in LDA the mean of 

all genes in each tumour sample is calculated from the signature and then all of these 

mean values are projected onto a straight line (See Figure 1.8). This line connects all 

mean values in a 2 dimensional space and all values must intersect this line.  This 

line that intersects each point plotted is used to discriminate between both classes 
163,164. The data points that are positioned on the line are further separated by LDA to 

fall onto either side of the line, that is the data points will fall onto the left or right 

side of that line (Figure 1.8). e.g. if most or all of the points in the BRAFMT samples 

are situated to the left of the line and most of the BRAFWT samples are located on 

the right side of the line then LDA can be used to discriminate between both classes 

based on their expression pattern. The degree of separation is directly proportional to 

the classification performance with greater separation leading to more accurate 

classification results. A complete separation between both classes will produce a 

perfect accuracy rate of 100%, the same is true when using SVM for classification.  

 

However, there are limitations to LDA classification. It is a much more simplistic 

and less sophisticated approach in contrast to SVM classification. LDA assumes the 

data is linear and that there will be a certain degree of separation between both 

elements in the data; if not, classification performance will be distorted. Moreover, 

LDA cannot be modified to a non-linear classifier by changing the kernel, however 

SVM can. In this thesis, both of these methods (LDA and SVM) will be used to 

compare and contrast results to determine which method is most appropriate in 

assessing transcriptional signatures in CRC. 
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https://stats.stackexchange.com/questions/197969/using-projected-points-from-linear-discriminant-

analysis-to-generate-probability [Accessed online 1st November 2018] 

Figure 1.8  

1.28.1 Linear Discriminate Analysis As a Method of Classification 

In Figure 1.8 all values presented on the graph are the mean of each tumour sample, which is 

calculated based on the average of all of the genes in that tumour sample. (red = class A) and (blue = 

class B). All mean expression values are then projected onto a straight line as can be seen in the 

diagram above. These values that fall onto the straight line are then dichotomised into two groups that 

best separates the sample data. If all values for Class A and Class B are signifcantly different then 

there should be perfect separation between the two classes and hence a perfect classification 

prediction will be achieved yielding 100% accuracy. However, the performance will be diminished 

should there be significant similarity between the expression pattern of both classes. Therefore, 

classification performance could be severely compromised in such cases.  

 

1.29 K-nearest neighbour  

The K-nearest neighbour (KNN) algorithm is a very rudimentary method used to 

classify between different features (e.g. gene expression) in samples 165,166. The 

expression pattern of both classes is again learned by calculating the mean of each 

https://stats.stackexchange.com/questions/197969/using-projected-points-from-linear-discriminant-analysis-to-generate-probability
https://stats.stackexchange.com/questions/197969/using-projected-points-from-linear-discriminant-analysis-to-generate-probability
https://www.google.com/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=2ahUKEwin292EkbHeAhWH1SwKHQ8YAOUQjRx6BAgBEAU&url=https://stats.stackexchange.com/questions/197969/using-projected-points-from-linear-discriminant-analysis-to-generate-probability&psig=AOvVaw3KyJrL6Mo-l50FuyOuzgmQ&ust=1541090627092669
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gene across all patient samples and then the data is plotted in a 2 dimensional space 

as before. However, in order to find which group an unknown sample belongs to, one 

must assess if the unknown sample has a close neighbour (Figure 1.9). This means 

that after the KNN machine learning process has been  performed, the KNN 

algorithm learns the expression pattern of the data training matrix.  The independent 

dataset that one is attempting to classify on and in which the sample identity is 

unknown, is determined using the training dataset where the sample identity is 

known. The unknown sample is compared to the known training dataset in order to 

determine if the unknown sample has a very similar expression pattern to that of the 

known samples. If the expression pattern values are very similar or in a close 

proximity in the two dimensional space, a classification decision is made based on 

this proximity (Figure 1.9).  

 

Close sample values are called nearest neighbours and a classification decision is 

made based on where a particular sample lies from an expression profile perspective. 

If we apply this to the BRAF example, of we assume that there are very similar or 

almost identical expression values in the BRAFMT samples compared to the 

BRAFWT samples in both the known (training data) and unknown (testing data) 

samples, then one can say confidently that these values are near neighbours. A major 

advantage of this approach is that no particular structure is required, that is, the data 

does not have to be linear or non-linear. Classification will be performed irrespective 

of data linearity 167,168. However, a major drawback is that no method is used to 

determine the best degree of separation and some samples may have somewhat 

similar expression values but can be in different classes meaning that 

misclassification can be a common using this technique. Although if there is a clear 

distinction in expression values between both classes then the classifier can be 

surprisingly effective and accurate at differentiating between the two classes. 
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https://medium.com/machine-learning-101/k-nearest-neighbors-classifier-1c1ff404d265 [Accessed 

online 1st November 2018] 

Figure 1.9  

1.29.1 K-Nearest Neighbours As a Method of Classification 

The KNN classifier will plot the mean of each tumour sample in a 2 dimensional space. In this case, 

class A is coloured yellow and class B is coloured purple. A prediction is made if the means of 

assessed samples are very similar in expression value, meaning that they will also be in close 

proximity to one another when plotted. For example, if one was trying to predict whether the star 

indicated in the centre in Figure 1.9 as of class A or B, it would be necessary to determine which class 

it is more closely related to. Assuming one does not know anything about the nature of the star 

(unknown class) then one could make a prediction based on its proximity to the purple or yellow 

circle. In the example above the star is closer to the purple circle then the yellow circle. This means 

that the expression of the star point is more closely related to the purple circle then the ywllow one. 

Therefore, one would make a prediction that the star belongs to class B because class B is its nearest 

neighbour.  

https://medium.com/machine-learning-101/k-nearest-neighbors-classifier-1c1ff404d265
https://www.google.com/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&ved=2ahUKEwilrpe_kbHeAhVHXSwKHaKuCEwQjRx6BAgBEAU&url=https://medium.com/machine-learning-101/k-nearest-neighbors-classifier-1c1ff404d265&psig=AOvVaw1lctpJCrPKdjAl1tU6bCY4&ust=1541090970704203
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1.31 Random forest     

The randon forest (RF) classifier is a complex algorithm and is particularly relevant 

when handling non-linear data 169–173. The classifier operates by constructing a series 

of decision trees which contribute towards the growth of a forest (Figure 1.11) hence 

its nomenclature. The term forest is used when many decision trees are constructed. 

These decision trees are crucial for classification. A simple analogy might be if one 

was interested in predicting the temperature in a particular  city a week in advance. 

Assuming no prior knowledge of the data, one would intuitively ask the question 

where the city location is. The second question might be what time of the year is it, 

or the particular season such as summer, winter and so on, which greatly influences 

the temperature. The more one learns of the data, the more one begins to build an 

accurate picture of the situation when sufficient information is available. When 

satisfied that enough information has been obtained, a prediction can be made based 

on these decision trees.  

 

If the RF algorithm is being employed to predicting BRAF mutant versus wild type 

status, as before the expression pattern must be learned. All expression values for 

each gene across all samples are  passed down a decision tree in hierarchical fashion 

(Figure 1.11). Each tree is unique because each gene expression pattern is unique. 

However, one would hope that there will be strong similarity when investigating the 

BRAFMT samples only. The same process is performed in the wild type samples, 

until many trees have been developed. Usually, approximately 70% of the data is 

randomly picked and 30% is held back after a forest has been established. The 

randomly  picked 70% of the data acts as the training set to construct a series of 

decision trees. The remaining 30% is subsequently utilised and acts as the validation 

dataset to test the power of the RF to accurately predict classification 174–177.  

 

Once the RF model has been developed, one can use independent data samples 

where unknown classes are present. The RF algorithm creates a hierarchical structure 

within the data and unknown samples are classified by running each unknown 

sample down all decision trees within the forest that have similar expression patterns 

to that of the known samples. So, if for example, most BRAFMT samples have 
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expression values between 8 and 11 and wild type samples have expression values 

between 5 and 7, then a cut-off point can be made based on this information. RF can 

segregate these samples based on these expression values and make a decision to run 

unknown samples down decision trees with similar expression values. This avoids 

running unknown samples through the entire forest, which is both time consuming 

and computationally intensive. After each iteration of the process and when all 

possible permutations are established, a final decision can be made to predict the 

class type. RF is highly effective when the data is not linear or normally distributed 

and can yield highly accurate results 174,178,179. However, if the data is linear, then 

classification performance can diminish.  

https://medium.com/@williamkoehrsen/random-forest-simple-explanation-377895a60d2d [Accessed 

online 1st November 2018] 

Figure 1.11  

1.31.1 Random Forest As a Method of Classification 

In the above graph, suppose all expression values from BRAFMT are represented as orange and all 

values from BRAFWT are represented as blue. This means that a unique expression pattern should 

https://www.google.com/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=2ahUKEwjn4JDpkbHeAhUSiaYKHaYMCskQjRx6BAgBEAU&url=https://medium.com/@williamkoehrsen/random-forest-simple-explanation-377895a60d2d&psig=AOvVaw2RI7Sx9FiY0zbaW2lhCYOs&ust=1541091071991052
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emerge, assuming that there is significantly different expression patterns from both classes. The test 

set (30%) is then run down each decision tree in the forest in a top down approach. This follows a 

hierarchical structure. Each tree at the bottom of the forest is given a class. For example, class A 

(BRAFMT) or class B (BRAFWT). As the test data descends downwards it must go through all trees in 

the forest where a similar expression pattern in the unknown data follows closely that of the training 

dataset. Each class A or B is based on the gene expression pattern. If unknown samples in the test data 

have a very similar expression pattern to that of a BRAFMT type then the decision will be that the 

unknown samples in the test set are classified as class A or BRAFMT. In the above diagram example, 

the classification was a final decision of class B because the unknown samples mostly were very 

similar to a class B type. All decisions trees at the bottom of the forest are needed to make a final 

decision and the result is never based on only one or two decision trees, thus making the results more 

robust. If the majority of the unknown samples were like class B because most of the unknown 

samples resembled more closely to B then a majority of voting system is needed to determine the final 

class decision. In the above diagram there were three decision trees in total and two of them were 

class B and only one was class A. This means the majority of the votes are class B. Therefore, the 

final decision is class B. 

 

1.32 Thesis Outline 

In the first results chapter (Chapter 3), a series of in house generated in vitro datasets 

(from gene expression data generated from HCT116 CRC drug resistant cell lines) 

will be investigated. These cell lines have developed resistance to either 5-

Fluorouracil (5-FU) or oxaliplatin and a parental (sensitive) control will also be used 

in the analysis. The aim is to delineate their associated biology and unravel the 

molecular mechanisms underscoring drug resistance to 5-FU and oxaliplatin using a 

bioinformatics approach. A drug resistant signature will be identified and 

subsequently validated in independent drug resistant cell lines and in clinical tumour 

samples. 

 

In the second results chapter (Chapter 4) a more specific approach will be employed. 

The CRC subtype CMS1 (high immune infiltrate) will be the focus of a different 

investigation attempting to identify  a molecular signature capable of identifying 

both BRAFMT/WT samples and MSI/MSS samples, which may also provide insight 

on the biology of these tumours. It has been recently reported in the literature that 

there is a strong association between MSI tumours and patients who have a high 
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immune infiltrate 121,180,181. Interestingly, these MSI tumours are also strongly 

enriched for BRAFMTs. To date, previously published work has shown in two 

separate studies that the identification of a molecular signature capable of classifying 

BRAFMT/WT tumours samples is possible with a high degree of accuracy. In a 

separate study, the same investigators identified a signature that could discriminate 

between MSI/MSS tumour samples 182,183. However, what both of these studies 

failed to consider was the role of the TME. It is imperative to consider the TME as 

multiple studies including our own group have indicated that gene expression 

profiling analyses are heavily influenced by the transcriptional influences emanating 

from the TME 151,184–186. Therefore, the focus will be on the identification of a 

leukocyte derived signature and whether it is possible to classify BRAFMT/WT 

samples and MSI/MSS samples using this signature, thus further enlightening our 

understanding of the role the TME in CRC.  

 

In the final results chapter in this Thesis (Chapter 5) there will be a further focus on 

investigating the role of the TME, by investigating the subtype with the poorest 

prognosis in CRC (CMS4). In Chapter 3, the investigation of drug resistance 

revealed that a gene called GREM1 was associated with a positive response to 

chemotherapy when comparing responders versus non-responders in the drug 

resistance dataset. It was decided that a focussed bioinformatics approach would be 

employed to further delineate GREM1 biology in CRC, verify if GREM1 expression 

is associated with a poorer prognosis and if it plays any role in promoting and 

propagating drug resistance in CRC.  
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Materials and Methods  

Sections 2.1 – 2.26 description and origin of the different transcriptomic and 

associated clinical datasets employed for bioinformatics analysis in the results 

chapters   

2.1 Generation of E-MEXP-390 discovery dataset 

An in house in-vitro DNA microarray gene expression  dataset was generated and 

provided by Wendy L Allen (Centre for Cancer Research and Cell Biology 

(CCRCB) QUB) using HCT116 5-FU/oxaliplatin-sensitive and 5-FU/oxaliplatin-

resistant cell lines, in order to investigate genes associated with resistance to both 

chemotherapy agents 187. HCT116 parental cells were treated with 5 umol/L 5-FU or 

1 umol/L oxaliplatin for 0, 6, 12, and 24 hours. Untreated 5-FU- and oxaliplatin-

resistant cells were also analysed to allow identification of constitutively 

dysregulated genes relative to the untreated (0 hours) parental cell line. HCT116 

cells were made resistant by incrementally increasing 5-FU/oxaliplatin drug 

concentrations from 0.8 umol/L to a final concentration of 10 umol/L over the 

duration of 10 months. Total RNA was isolated from three independent experiments 

using the RNeasy Total RNA Isolation Midi kit (Qiagen Ltd., Crawley, United 

Kingdom). Ten micrograms of total RNA were used to synthesize double-stranded 

cDNA using SuperScript II reverse transcriptase (Invitrogen, City, CA). Biotinylated 

cRNA was synthesized from double-stranded cDNA using the Enzo Bioarray High 

Yield Transcript Labelling Kit (Enzo Life Sciences, Farmingdale, NY), purified 

using the GeneChip Sample Cleanup Module (Affymetrix, Santa Clara, CA) and 

fragmented. Twenty micrograms of fragmented cRNA were hybridized to an 

Affymetrix HGU133 Plus 2.0 oligonucleotide array, which was washed and stained 

with streptavidin- phycoerythrin and analysed (CRUK Microarray Facility, Paterson 

Institute for Cancer Research, Manchester, United Kingdom). Additionally, samples 

were also analysed on a CRC-disease specific array (DSA), which can detect 

additional CRC specific genes and splice variants. However, only data that was 

generated using the Affymetrix HGU133 Plus 2.0 oligonucleotide array was 

analysed. Using this data, 2 experiments were set up as follows.  
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The 0 hours time point experiments represent the HCT116 cells that did not receive 

any treatment at any time point. Initially to create the resistant variant, these cells 

were plated and continually grown in the presence of increasing concentrations of 

either 5-FU or oxaliplatin, starting from an initial dose of 0.8µM to a final dose of 

10µM. These experiments were performed over a 10 month period. Resistance was 

confirmed using cell death 3-(dimethylthiazol-2yl)-2,5-diphenyltetrazolium bromide) 

(or otherwise known as MTT assay). Once the cells had developed resistance to 5-

FU/oxaliplatin, no further chemotherapy treatment was performed. These cells were 

then labeled as 0 hours HCT116 cells.  

2.2 Generation of GSE42387 Dataset –  Independent Cell Line Validation 

In brief, both HCT116 and HT29 cell lines were acquired from the NCI/ 

Development Therapeutics Programme, whilst LoVo cell lines were secured from 

the American Tissue Culture Collection. The above cell lines were rendered resistant 

after exposing them to incrementally increasing concentrations of either oxaliplatin 

or SN-38 over a period of approximately 8-10 months 188. All cell lines were 

passaged on three consecutive occasions at each varying drug concentration (see 

Table – 2.1 below). The cells were then transferred into vials and subsequently 

frozen. There was also an accompanying parental cell line used as a control for each 

respective cell line.  

Sensitivity and resistance of both parental and resistant variant cell lines were  

determined through the use of a standard MTT  assay. In summary, cells were seeded 

in 96-well plates with varying drug doses of either oxaliplatin or SN-38. After 48 

hours, the medium was discarded and incubated in the presence of a MTT-containing 

medium. Cell viability was determined by comparing and contrasting both treated 

and untreated cells for each respective cell line. All experiments were done in 

triplicate to insure reproducibility. PBS, TRIzol Reagent (Invitrogen) were used to 

wash the cells pior to lysing the cells on ice. The cell lysate was frozen at -

80oC  prior to subsequent RNA isolation and extraction. RNA purification was 

performed using the manufacturers protocol followed by centrifugation to segregate 

the sample components and collect purified RNA. Concentration of RNA was 

assessed by using Nano‐Drop ND‐1000 (Thermo Scientific, Waltham, USA), and 
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quality of the RNA was tested using a Bioanalyzer 2100 (Agilent Technologies, 

Santa Clara, USA). The sample was found to be of exceptionally high quality. 

Thereafter, cDNA was generated using reverse transcription and T7 RNA 

Polymerase. Subsequently, cRNA was conjugated to a Cyanine 3-CTP fluorescent 

dye and the tagged cRNA sample was hybridised to a Human Gene Expression 

Microarrays (G4112F) Agilent,  (Frederiksberg C, Denmark) and then scanned with 

an DNA Microarray scanner (Agilent). These data were then uploaded to the Gene 

Expression Omnibus database and stored with the accession number GSE42387. The 

series matrix file was downloaded for subsequent analysis. 

 

2.2.1 Table  2.1                                                      

Table 2.1 summarises experimental set-up and drug concentration that each cell line was exposed to, 

with number of passages and days exposure indicated. See text for further details  

 

2.3 Generation of GSE81005 Dataset – Independent Cell Line Validation  

HCT-8/WT (sensitive) and HCT-8/5-FU (resistant cells) were sourced from 

Keygentec (Nanjing, China). These cells were cultured in the lab using  RPMI-1640 

medium  (10% fetal calf serum and 1% penicillin–streptomycin solution). HCT-

8cells were incubated at 37 °C with 5% CO2.Verification of sensitivity to 5-FU was 

performed using the standard MTT assay (Please refer to GSE42387 Dataset –  

Independent Cell Line Validation for MTT assay method) HCT-8/WT and HCT-8/5-

FU cells were cultured in 5-FU free medium for 48 hours and later transferred to 5-

FU containing medium with a half maximum inhibitory concentration (IC50).  The 

untreated cells were labeled 0 hours and the treated time points were labeled 24 

hours and 48 hours respectively 189. Cells were then subsequently lysed and 

underwent RNA isolation and purification for subsequent gene expression 

microarray analysis. All RNA samples underwent quality control checks such as UV 

spectrophotometry and formaldehyde denatured agarose gel electrophoresis. The 

experiments were performed according to the manufacturers protocol. High quality 
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RNAs were then hybridized to Affymetrix GeneChip PrimeView Human Gene 

Expression Array (3420 Central Expressway, Santa Clara, CA 95051). This data was 

then uploaded to the Gene Expression Omnibus database and stored with the 

accession number GSE42387. The series matrix file was download for subsequent 

analysis. 

 

2.4 Generation of GSE72970 Dataset - Validation using patient samples 

Data from three separate clinical studies were amalgamated into one dataset 

consisting of 143 tumour samples. Data for the three independent cohorts were 

obtained from the REGP, COSIVAL and BIOCOLON studies 142,188,190. The 

prospective single-center study REGP had 19 patients enrolled, all of whom had 

stage IV metastatic disease (data stored as GSE62322), the retrospective multi-center 

study COSIVAL had 68 patients (data stored as GSE62080) and the prospective 

multi-center study BIOCOLON had 56 patients (data stored as GSE72970). All 

studies were approved by ethical committees and all eligible participants provided 

written informed consent.  

The inclusion criteria for these clinical studies necessitated that patients had 

histologically-proven adenocarcinoma of the colon, advanced and bidimensionally 

measurable disease, had an age range of between 18–75 years old and WHO (World 

Health Organisation) performance status of 2 or less. All participants consenting to 

the studies had undergone a primary tumour surgical resection or endoscopic biopsy 

prior to the administration of chemotherapy. Participants received different 

combinations of chemotherapy/immunotherapy (Table 2.2). Tumour response was 

measured based on the RECIST 1.0 criteria for the assessment of cancer treatment in 

solid tumours. Superior first line response to treatment was used to gauge clinical 

performance and assign patients.  

Patients not meeting the above criteria were excluded, leaving  tumour samples from 

124 patients for analysis. Next, cells were lysed and underwent RNA extraction and 

purification using a commercial kit and following the manufacturer’s instructions. 

High quality RNAs were then hybridized to Affymetrix Human Genome U133 Plus 

https://www.sciencedirect.com/topics/medicine-and-dentistry/adenocarcinoma
https://www.sciencedirect.com/topics/medicine-and-dentistry/colon
https://www.sciencedirect.com/topics/medicine-and-dentistry/endoscopy
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2.0 Array (Montpellier Cedex 5, France). The dataset was deposited in the GEO 

database under the accession number GSE72970.  

 



 

Treatment FOLFIRI FOLFIRI FOLFIRI+bevacizumab FOLFIRI+bevacizumab FOLFOX FOLFOX Other Other
FOLFIRI n=79 (%) n=22 (%) n=32 (%) n=10 (%)
FOLFIRI + bevacizumab 0 0 22 100 0 0 0 0
FOLFIRI + cetuximab 0 0 0 0 0 0 1 10
FOLFOX 0 0 0 0 32 100 0 0
FOLFOX + bevacizumab 0 0 0 0 0 0 4 40
XELIRI + bevacizumab 0 0 0 0 0 0 1 10
FOLFIRINOX 0 0 0 0 0 0 3 30
FOLFIRINOX + bevacizumab 0 0 0 0 0 0 1 10
Tumour localisation
Right colon 15 19 8 36.4 6 18.7 3 30
Transverse colon 3 3.8 1 5 0 0 0 0
Left colon 41 51.9 6 27.3 15 46.9 3 30
Rectum-sigmoid junction 10 12.7 6 27.3 3 9.4 1 10
Caecum 2 2.5 0 0 1 3.1 0 0
Rectum 8 10.1 1 5 7 21.9 3 30
Synchronous metastases
Yes 68 86.1 17 77.3 28 87.5 8 80
pN
pN0 6 7.6 3 13.6 3 9.4 2 20
pN1 33 41.8 4 18.2 7 21.8 2 20
pN2 29 36.7 11 50 11 34.4 2 20
pNX 10 12.7 4 18.2 11 34.4 4 40
Missing 1 1.3 0 0 0 0 0 0
pT
pT1 1 1.3 0 0 0 0 0 0
pT2 5 6.3 0 0 2 6.2 0 0
pT3 39 49.4 9 40.9 11 34.4 6 60
pT4 24 30.4 9 40.9 8 25 0 0
pTX 10 12.6 4 18.2 11 34.4 4 40
Response
Complete response 7 8.9 0 0 1 3.1 0 0
Partial response 28 35.4 9 40.9 19 59.4 7 70
Stable disease 34 43.1 11 50 7 21.9 1 10
Progression disease 10 12.6 2 9.1 5 15.6 2 20
Group
Responder 35 44.3 9 40.9 20 62.5 7 70
Non-responder 44 55.7 13 59.1 12 37.5 3 30



 

2.4.1 Table 2.2  

Table 2.2 is a summary of the (A) Treatments received, (B) treatment response and (C) responder or non-

responder status of the patients in this cohort. (A) In the treatment received, the different treatments (FOLFOX, 

FOLFIRI, FOLFIRI- Bevacizumab, and other treatment combinations) are included. Patient numbers are 

included for each treatment option. (B) Treatment response was also included, indicating complete response, 

partial response, stable disease and progressive disease. (C) Patients were deemed responsive if they underwent 

either a complete or partial response and were deemed unresponsive if they had stable disease or progressive 

disease. Moreover, tumour location is also included in this dataset, for example, right and left sidedness along 

with synchronous metastasis status and other clinical factors.



2.5 Generation of GSE62080 Dataset - Validation using patient samples 

A clinical study was performed at the Val d’Aurelle Regional Cancer Center (Montpellier, 

France) from January 2000 to June 2004 191. This study utilized samples from 40 CRC patients 

with synchronous and unresectable liver metastases. The study had ethical aproval and all 

eligible participants were asked to provide written informed consent. The inclusion criteria 

required that patients have histologically proven adenocarcinoma of the colon, advanced and 

bidimensionally measurable disease, were aged between 18–75 years old and had a WHO 

performance status of 2 or less. All candidates were chemotherapy naive. Assessment of 

unresectable liver metastatic disease was determined when it was no longer feasible to 

perform a surgical resection of all lesions with clear demarcations, or when extrahepatic 

disease was present. All participants had undergone surgery for primary tumour resection  

which was independent of their symptomatic status. R0 resection was achieved for all 

candidates. Patients received 2 hour intravenous infusions of FOLFIRI based therapy and 

tumour response was subsequently evaluated using the WHO recommendations. Within the 

FOLFIRI arm, 10 patients received an increase in irinotectan concentration of 180 to 260 

mg/m2 to determine if patients with metastatic cancer benefited from the increased dose. The 

remaining patients were given a standard dose of 180 mg/m2. Clinical and pathological 

characteristics and drug infusion schedules employed are indicated (see Table 2.3). Patient 

response was assessed before and after each drug infusion cycle. There were 4 cycles in total 

over a course of a 3-week period for one patient population and 6 cycles for patients who 

underwent a 2-week course.  

 

Measurements of tumour size and mass were estimated before and after treatment, in 

conjunction with the use of a computed tomography (CT) scan to assess tumour 

responsiveness. Of the 40 enrolled candidates, samples from only 27 were evaluable for 

response to FOLFIRI, due to the fact that some patients were excluded if they received 

another treatment regime or had died. Additionally, 5 more samples were removed due to poor 

quality RNA. Moreover, two other samples were removed because one patient at the time of 

diagnosis had two different primary tumour sites. Participants with a reduction in tumour mass 

greater than or equal to 50% were classified as responders (sensitive) and patients with 

anything less than 50% or showing an increase in tumour mass or volume were deemed to be 

non-responders (resistant). All 21 tumour samples that met the eligibility criteria and 

https://www.sciencedirect.com/topics/medicine-and-dentistry/adenocarcinoma
https://www.sciencedirect.com/topics/medicine-and-dentistry/colon
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conformed to high quality RNA sample standards were subsequently lysed and RNA extracted 

for purification using a commercial kit (RNeasy® mini Kit (Qiagen).  High quality RNA was 

then fluorescently labeled. Next labeled cRNA was hybridized to an Affymetrix Human 

Genome U133 Plus 2.0 Array for analysis. The dataset was deposited in the GEO database 

under the accession number GSE62080. 

   

2.5.1 Table 2.3  

Table 2.3 summarises our patient population with clinical factors, drug infusions used and doses administered. 

Also included are the number of responders and non-responders. The patient cohort consisted of 21 metastatic 

CRC patients who were treated only with FOLFIRI therapy. Patients are listed as responders (FOLFIRI sensitive) 

or non-responders ( FOLFIRI resistant). Patient gender, tumour location, differentiation status, patient age, 

FOLFIRI dose used and tumour grade were also available.  

Characteristics Responders (n=9) Non-responders (n=12) Total (n=21)
Gender Numbers (%) Numbers (%) Numbers (%) p
Male 3 33 8 67 11 52 0.2
Female 6 67 4 33 10 48
Age (years), median [min-max] 57 [45–68] 62 [50–71] 60 [45–71] 0.14
Tumor localization
Right colon 1 11 0 0 1 5 0.83
Transverse colon 1 11 1 8 2 9
Left colon 7 78 10 84 17 81
Rectum-sigmoid junction 0 0 1 8 1 5
Differentiation
 Well 5 56 4 33 9 43 0.91
 Moderate 3 33 5 42 8 38
 Poor 1 11 2 17 3 14
 ND* 0 0 1 8 1 5
pN
 pN0 1 11 3 25 4 19 0.84
 pN1 2 22 2 17 4 19
 pN2 6 67 7 58 13 62
pT
 pT3 8 89 8 67 16 76 0.34
 pT4 1 11 4 33 5 24
Number of metastatic sites
 1 9 100 9 75 18 86 0.49
 2 0 0 2 17 2 9
 3 0 0 1 8 1 5
Chemotherapy schedule
 FOLFIRI 2 22 8 67 10 47.5 0.05
 High IRI 7 78 3 25 10 47.5
 UFT-CAMPTO 0 0 1 8 1 5
WHO performance status
 0 4 44 5 42 9 43 1
 1 5 56 7 58 12 57
CEA (pretherapeutic)
median [min-max] 112 [5–36812] 92 [1–1129] 102 [1–36812] 0.52
 ≤10 ng/ml 1 11 4 36 5 25
 >10 ng/ml 8 89 7 64 15 75 0.32
LDH (pretherapeutic)
median [min-max] 660 [259–3238] 534 [276–3992] 563.5 [259–3992] 0.71
 ≤480 U/l 3 43 3 33 6 37.5
 >480 U/L 4 57 6 67 10 62.5 1



72 | P a g e  
 

2.6 Generation of GSE39582 Dataset - Clinical Validation 

The GSE39582 dataset was generated following transcriptomic analysis of fresh-frozen 

primary tumor samples from a large multicenter cohort of 750 patients with stage I to IV CRC 

who underwent surgery between 1987 and 2007 144. Patients were treated preoperatively with 

chemo/radio therapy; data  from those with primary rectal tumours were discarded. Clinical 

and pathologic data were obtained from previous medical records. Patients were staged 

according to the American Joint Committee on Cancer (AJCC) tumour node metastasis 

(TNM) staging system and monitored for relapse (distant and/or locoregional recurrence; 

median follow-up of 51.5 months).  

 

There were 566 patients who underwent surgery and had primary tumour resections removed, 

all of which were stage I-IV. Clinical and pathological features are summarised in Table 2.4. 

Tumour specimens were stored (10 to 50 mg) under liquid nitrogen. RNA was isolated using 

RNAble (Eurobio, Courtaboeuf, France), and further purifed using RNAeasy (Qiagen, 

Courtaboeuf, France). Quality of  RNA was  validated using electrophoresis and quantified 

using Nano Drop ND-1000 (Nyxor Biotech, Paris, France). No RNA degradation had occurred 

and the quality of the RNA sample being analysed was deemed very high. RT-PCR was 

performed to generate high quality cRNA. The total RNA were amplified and labeled using a 

fluorescent probe conjugated to the target mRNA transcripts. Tagged cDNA was then 

hybridized to HG-U133 Plus 2.0 Affymetrix GeneChip arrays (Affymetrix). The publically 

available dataset was downloaded with batch effects removed and RMA normalisation already 

performed. The data is stored in the GEO database with the accession number GSE39582 and 

includes anotated clinical data.   

 

 



 

Characteristics CIT Cohort Patients (n = 750) CIT Discovery Dataset (n = 443) Validation Datasets CIT Cohort p-Value All Cohorts p-Value
CIT (n = 123) Public (n = 906)

Mean age (sd, range), years 67 (14, 19–97) 67 (14, 22–97) 68 (12, 42–90) 68 (13, 23–95) 0.21 0.25
Sex (male/female) (percent) 429/321 (57/43) 237/206 (53/47) 73/50 (59/41) 347/330 (51/49) 0.24 0.24
TNM stage (percent)
I 52 (7) 27 (6) 10 (8) 48 (11) 0.058 <0.001
II 351 (47) 198 (45) 66 (54) 205 (46)
III 265 (35) 164 (37) 41 (33) 113 (25)
IV 82 (11) 54 (12) 6 (5) 83 (18)
NA 0 0 0 457
Location (percent)
Proximal 305 (41) 176 (40) 48 (39) 125 (51) 0.97 0.014
Distal 445 (59) 267 (60) 75 (61) 122 (49)
NA 0 0 0 659
Adjuvant chemotherapy a (percent)
Yes 257 (42)b 161 (45)b 42 (40)b 91 (51) 0.42 0.31
No 357 (58) 200 (55) 64 (60) 87 (49)
NA 2 1 6 140
Median follow-up (sd, range), months 51.5 (37, 0–201) 50 (39, 0–201) 58 (37, 0–146) 48 (26, 0–143) 0.33 <0.001
Relapse a (percent)
Yes 179 (29) 109 (30) 30 (29) 75 (24) 0.81 0.08
Distant/locoregional/both 149/23/7 83/22/4 29/0/1 —
No 428 (71) 250 (70) 72 (71) 239 (76)
NA 9 3 5 4
dMMR (percent) 118/701 (17) 61/409 (15) 14/110 (13) 126/418 (30) 0.67 <0.001
CIMP+ (percent) 102/555 (18) 74/380 (19) 17/116 (15) — 0.3 —
KRAS -mutant (percent) 261/680 (38) 172/392 (41) 45/121 (37) — 0.57 —
BRAF -mutant (percent) 70/634 (11) 44/424 (11) 7/120 (6) — 0.12 —
TP53 -mutant (percent) 226/451 (50) 135/245 (55) 55/106 (52) — 0.66 —



 
2.6.1 Table 2.4  

Clinical and pathological characteristics of all stage I-V patients are summarised above. Patient age, tumour 

location, and gender along with treatment provided were all included. Treatment is indicated as Yes, No or NA. 

A number of treatment regimens are included in the study including FOLFOX, FOLFIRI, FOLFIRI-

cetuximab/bevacizumab or FOLFIRINOX etc. However, a number of patients only received oxaliplatin or 5-FU 

Importantly, clinical information was available for mismatch repair status (MMR) given as MMR-proficient or 

MMR-deficient. Chromosomal instability methylation phenotype was also present denoted as (+) positive or (-) 

negative. Moreover, mutational status for BRAF, KRAS and TP53 is indicated  as wild type (WT), mutant (MT) 

or NA.  

 

2.7 Generation of GSE14333 Dataset - Clinical Validation 

A total of 293 fresh-frozen tumour samples from CRC patients were obtained from the tissue 

banks of the Royal Melbourne Hospital, Western Hospital, and Peter MacCallum Cancer 

Centre in Australia, and the H. Lee Moffitt Cancer Centre in the United States 192. Patient 

samples which were treated with either chemotherapy or radiotherapy before surgery were 

removed. Moreover, individual tumour specimens that did not produce high quality RNA 

adequate for further analysis were also excluded from the investigation. Candidate’s eligible 

for enrollment and meeting the criteria for the study  provided informed written consent prior 

to participation. The median age for patient diagnosis was 67 years with patient age ranging 

from 26-92 years old.  All patient samples originated from primary tumours and were 

immediately stored in liquid nitrogen after surgical resection at −80°C. Patient specimens 

were compartmentalised using the Dukes staging system. 44 were stage A, 95 were stage B, 

93 were stage C, and 61 were stage D tumours. Moreover, 252 were situated in the colon and 

40 were confined to the rectum and 1 patient was lacking information relating to localisation 

of tumour.  

 

Patients received a variety of  chemotherapeutic regimes. Patients were administered adjuvent 

chemotherapy either as a single agent 5-fluouracil/capecitabine or 5-fluouracil and oxaliplatin) 

or postoperative concurrent chemoradiotherapy (50.4 Gy in 28 fractions with concurrent 5-

fluorouracil) following the standard operating procedure within the hospital. RNA extraction 

was performed using Trizol reagent (Invitrogen) from CRC specimens which contained 

greater than 60% malignant cells. RNA quality and integrity was assessed using a 2100 
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Bioanalyzer (Agilent Technologies) and was deemed to be of a very high standard. Purifed 

RNA samples were labeled and subsequently hybridized to HG-U133Plus2.0 GeneChip arrays 

(Affymetrix) following the manufacture’s protocol. The data was subsequently uploaded onto 

the GEO database with the accession number GSE14333.  

2.8 Generation of TCGA Dataset - Clinical Validation 

The TCGA CRC microarray  transcriptomics data and clinical data were downloaded from the 

TCGA Firehose database. Data from a total of  222 CRC samples (stage I-IV) were obtained 

after removing the normal samples. Clinical data are available at http://www.cbioportal.org 

and matching genomic data are available at https://gdac.broadinstitute.org.  

2.9 Generation of GSE75316 

Gene expression data was available using mRNA profiles from 59 CRC primary tumours 

which were treatment naive. mRNA specimens were purified using standard procedures and 

subsequently hybridized to HG-U133Plus 2.0 expression arrays 193. Mutational status of 

multiple genes, including BRAF and KRAS, were available. Additionally, MSI/MSS status was 

also present. The data was sourced from the GEO database and the series matrix file was 

downloaded for further investigation. The clinical data and transcritpomics are present in the 

seies matrix file available through the above accession number. 

2.11 Generation of GSE75315 

A total of 211 CRC primary tumour samples were available with expression data 146,193. 

Samples were surgically resected. Purified mRNA transcripts were isolated and hybridized to 

an Affymetrix GeneChip Human Exon 1.0 ST Array version 2. BRAF gene mutation status 

was determined using Sanger sequencing. MSI status was also available in the clinical data. 

The series matrix file was used for further analysis, which contains both the transcriptomics 

data and clinical data in the same file. 

  

 

2.12 Generation of GSE35896 

Expression data using mRNA profiles from 62 CRC primary tumour samples was publically 

available. mRNA was purified from these CRC samples and hybridized to Affymetrix 

http://www.cbioportal.org/
https://gdac.broadinstitute.org/
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HGU133 Plus 2.0 expression arrays 194–196. Log2 gene expression values were calculated. 

BRAFMT and  MSI status was available. The series matrix file was again downloaded. 

2.13 Generation of GSE39084 

Sporadic early-onset CRC (EOCRC) is a distinct clinicopathological and molecular entity. In 

this prospective study, clinicopathological features, genomic and gene expression profiles of 

sporadic EOCRC were compared with other well-defined groups of CRC. Seventy selected 

patients were divided into 4 groups according to age (< 45 or > 60 years) and mismatch repair 

status. In this study, patients who were younger than 45 years old were labeled MSS-young 

and MSI-young and patients who were older than 60 were labeled MSS-old and MSI-old 197. 

However, here as part of our investigation we were only interested in patients who were either 

MSS or MSI and patients who were either BRAFMT or BRAFWT. This clinical information 

was available for these tumour samples. Mutations of key genes involved in colourectal 

carcinogenesis (TP53, KRAS, BRAF, PIK3CA) and the methylator phenotype (CIMP) were 

available. Gene expression profiles (GEP) were obtained using pangenomic Affymetrix 

GeneChip. 

2.14 Generation of Colourectal Cancer Synapse Consortium (CRCSC) Dataset 

The CRCSC data set is an amalgamation of 11 different publically available CRC datasets 

with matching clinical data for patient samples. These datasets have Entrez IDs and have been 

normalised and processed using the same methods. The dataset is available through the below 

web portal. https://www.synapse.org/#!Synapse:syn2623706/wiki/67246. 

2.15 Generation of GSE17538 Dataset 

Procedures for the approval of this investigation were passed by the institutional review 

boards at the University of Alabama-Birmingham Medical Center, Vanderbilt Medical Center 

(VMC), the Veterans Administration Hospital (Nashville, TN), and the H. Lee Moffitt Cancer 

Center (MCC; Tampa, FL). Fresh primary CRC samples were stored under liquid nitrogen at 

−80°C for subsequent RNA purification 198. Quality testing slides were retrieved to both assess 

and confirm the diagnosis. Using RNeasy kit (QIAGEN, Valencia, CA) quality RNA was 

isolated and purified. RNA meeting quality control criteria was subsequently hybridized to an 

Human Genome U133 Plus 2.0 Affymetrix platform. The data was stored within the GEO 

database with the following accession number GSE17538 199–201. 

https://www.synapse.org/#!Synapse:syn2623706/wiki/67246
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2.15.1 Table 2.4  

Clinical and pathological characteristics of all stage I-V patients are summarised above. Patient age, gender, 

ethnicity, median follow up time including number of patient deaths are included. The cohort was split into a 

discovery and validation dataset. Numbers of patients in each of the catagores mentioned above are provided in 

each of the datasets used along with percentages. 

 

2.16 Generation of GSE100550 dataset 

Transcriptomic expression profiles of samples from microarrays were identified using the 

GeneTitantm MC system from Affymetrix using standard operating procedures from the 

Cologne Center for Genomics (CCG), University of Cologne, Germany 196,202,203. This data 

consists of 18 CRC cell lines, 15 primary cell cultures from the AMC/Palermo biobank, 18 

primary cell cultures from the Hubrecht Institute and data from 21 patients and 34 patient 

derived xenografts. All samples analysed underwent RNA extraction and isolation and 

purified RNA was hybridised to an Affymetrix HT HG-U133+ PM Array Plate platform. The 

data was normalised using RMA normalisation via the Affy R package (version 1.52.0). The 

ComBat method was used to correct residual batch effects using the sva R package (version 

3.22.0). This data is available thorugh the GEO database using the accession number 

GSE100550. 

Clinical Data Discovery Data Validation Data
Clinical characteristics VMC training dataset (n = 55) MCC testing dataset (n = 177)
Age, y, mean ± SD 62.3 ± 14.1 65.5 ± 13.1
Sex, male, n (%) 30 (54.5) 96 (54.2)
Stage I, n (%) 4 (7.3) 24 (13.6)
Stage II, n (%) 15 (27.3) 57 (32.2)
Stage III, n (%) 19 (34.5) 57 (32.2)
Stage IV, n (%) 17 (30.9) 39 (22) 
Median follow-up, mo (minimum–maximum) 50.2 (0.4–111.3) 48.1 (0.92–142.6)
No. of deaths (%) 20 (36.3) 73 (41.2)
White, n (%) 50 (90.9) 151 (85.3)
Black, n (%) 4 (7.3) 9 (5.1)
Other, n (%)b 1 (1.8) 17 (9.6)
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2.17 Generation of GSE33114 dataset 

Data from a small patient cohort consisting of 90 stage II CRC patients who had undergone 

surgical intervention to remove the primary tumour carried out at the Academic Medical 

Centre in Amsterdam, The Netherlands in the years 1997–2006 (AMC-AJCCII-90) were 

evaluated. Long-term follow-up clinical data was present for the majority of these patients 

with written informed consent. Both paraffin-embedded and fresh frozen tissue specimens 

were available 204,205. These samples were utilisied to obtain transcriptional expression profiles 

of these tumours. Furthermore, purified CRC stem cells from these same patients were also 

available for subsequent analysis. As a standard protocol RNA isolation was carried out and 

quality RNA was hybridised to an Affymetrix Human Genome U133 Plus 2.0 Array chip.  

This data  is available through the GEO database using the accession number GSE33114. 

 

2.18 Generation of GSE104645 dataset 

CRC specimens were gathered from patients who underwent surgical reection of the primary 

tumour using metastatic CRC cases in which formalin-fixed paraffin-embedded samples were 

available. The patient population comprised of 100 participants and received standard 

chemotherapy at the Tohoku University Hospital from 1998 to 2010 (TUH cohort) and 93 

were administered cetuximab based therapy in conjunction with chemotherapy at the National 

Cancer Hospital from 2005 to 2013 (NCCH cohort) 206,207. Informed consent was available, 

and the study was approved by an ethics committee. Expression profiles of these samples were 

obtained using a Whole Human Genome 4 × 44 K Microarray method (Agilent Technologies, 

Santa Clara, CA, USA). Raw data were normalised to a signal value of the 75 percentile for all 

probes. Moreover, probes were filtered by 20–100 percentile. Probes labeled “compromised” 

were excluded from further analysis. The data can be located using the accession number 

GSE104645 through GEO. 

2.19 Generation of GSE36335 dataset 

Transcritional signatures have been developed that are capable of differentiating between 

microsatellite instable (MSI) and microsatellite stable (MSS) CRC tumours. However, the 

transcriptional profiles of familial colourectal cancer type X (FCCTX) and Lynch syndrome 
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(LS) associated tumours are less well understood. This data was developed to elucidate the 

expression patterns of formalin-fixed paraffin-embedded (FFPE) tumours from FCCTX, LS 

and sporadic CRC in order to underpin the transcriptional differences between these different 

types of tumours.  RNA isolation from 132 FFPE specimens, which included 40 FCCTX, 42 

LS and 50 sporadic CRC tumours were assessed using whole genome cDNA-mediated 

annealing, selection, extension, and ligation (WG-DASL) assay containing 18626 genes 208,209. 

Purified RNA samples conforming to RNA quality control specifications were hybridised to 

an Illumina HumanHT-12 WG-DASL V4.0 R2 expression beadchip for subsequent analysis. 

The gene expression data is available using the accession number GSE36335. 

2.21 Generation of GSE21510 dataset 

A patient cohort of 378 patients received surgical intervention to remove primary CRC 

tumours between 2002 to 2007 at Tokyo Medical and Dental University Hospital 210,211. The 

approval of this investigation was carried out by the Institutional Review Board which 

mandated that all participants enrolled in this study provided informed consent. Laser capture 

microdissection (LCM) was performed using malignant tissue samples and was subsequently 

embedded in Tissue-Tek OCT compound medium (Sakura Finetek Japan) after resection. 

Sections were cut to a 9-μm thickness and transferred onto a foil-coated glass slide.  All RNA 

collected from LCM and bulk samples of malignant samples and adjacent non-malignant  

samples were isolated using the RNeasy mini Kit (QIAGEN) using a standard protocol from 

the manufacturer. Quality RNA was hybridised to an Agilent array and the data can be 

sourced through the GEO database using the following accession number GSE21510. 

2.22 Generation of GSE76402 dataset 

A study carried out at the Candiolo Cancer Institute, the Mauriziano Umberto I Hospital 

and the San Giovanni Battista Hospital (Torino, Italy) used 244 CRC patients who received 

surgery for liver metastasis 148,212. Matched normal samples were also available for these 

patients. Informed consent was mandatory for these patients and was approved through 

three different institutions (the ‘Comitato Etico Istituto di Candiolo—FPO IRCCS’, the 

‘Comitato Etico Azienda Ospedaliera Mauriziano Umberto I’ and the ‘Comitato Etico 

Azienda Ospedaliero-Universitaria Città della Salute e della Scienza’). Patient derived 

xenografts (PDX) were generated using the following procedures and protocols.  
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Specimens were prepared and fragmented for subsequent implantation into a mouse model. 

Non-obese diabetic/severe combined immunodeficient mice were used for tumour 

implantation. After two passages, specimens were profiled for gene expression - for 225 

tumours 2 samples were analysed for 13 tumours, 3 samples were analysed and for 10 

tumours, 4 samples were analysed. When possible (in 149/244 cases, representing  61% of 

the total) the specimens evaluated were sourced from independent propagation of regionally 

different areas of the primary tumour. The objective here was to take into consideration the 

intra-tumour heterogeneity evident in CRC 213. Furthermore, information relating to the 

sensitivity to cetuximab based therapy was available with the transcriptomics data.  

Ethical approval for the investigation was provided by the Animal Care Committee of the 

Candiolo Cancer Institute. RNA was isolated using a miRNeasy Mini Kit (Qiagen). Purifed 

quality RNA was later hybrisied to an Illumina array and scanned in a Beadstation 500 

(Illumina). See GEO database accession number GSE76402 for the dataset. 

 

2.23 Generation of GSE56699 dataset                                                                                                

A study involving 72 patients who had primary rectal cancer was analysed using formalin-

fixed, paraffin-embedded (FFPE) samples, which contained 58 patients who were treated 

preoperatively in the neoadjavent setting with either radiotherapy, chemotherapy or both. 

Moreover, 14 patients underwent a surgical resection and received therapy postoperatively 214. 

A comparison between patients treated pre/postoperatively with chemotherapy and or 

radiotherapy was performed. Additionally, this dataset contained clinically annotated data 

with matching transcriptomics data. In this clinical dataset, sensitivity status is available for 

patients undergoing chemo/radiotherapy. Sensitivity for radiotherapy is defined using the 

Mandard scoring system, where sensitive is referred to as a score of (1 – 2), intermediate 

sensitivity (3) and radiotherapy resistant (4 – 5). RNA was purified using a standard protocol 

and subsequently hybridised to a Illumina HumanHT-12 WG-DASL V4.0 R2 expression 

beadchip. See GEO database accession number GSE56699 for the dataset. 
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2.24 Generation of GSE103479 (Taxonomy) dataset 

A study performed by four different research institutions from European Centres (Barcelona, 

Dublin, Florence, Aberdeen) assembled a patient cohort containing 363 stage II/III CRC. 

From this group of patients, 194 with 50% or greater tumour purity were analysed and 

validated using Hematoxylin and Eosin (H&E) staining and selected for RNA extraction and 

purification.  Only patient samples with high quality RNA were retained for subsequent 

analysis and 156 patient specimens fulfilled this criteria. RNA was subsequentl hybridised to 

Almac Diagnostics Custom Xcel array(Almac Diagnostics, Craigavion, UK).                                        

See the GEO database accession number GSE103479 for the dataset and the link below. 

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi. 

 

2.25 Generation of GSE39396 data 

A total of 24 fresh CRC tumour samples was surgically resected from patients at a Barcelona 

hospital in Spain 215–217. In order to dislodge and separate cells of the TME, collegenase 

enzymes were used to break down collegens within the exracellular matrix of the tumour 

mass. In order to isolate specific cell types within the TME, a series of monoclonal antibodies 

was used to isolate purified cell populations. Monoclonal antibodies against specific markers 

for each cell type such as CD45 (+)  as a marker for leukocytes, CD31(+) for endothelial cells, 

Epcam (+) for epithelial cells and FAP (+) for the fibroblasts were employed.   Cell 

populations were separated using fluorescence-activated cell sorting(FACS) technology. Cells 

were then lysed and purifed RNA was extracted using standard procedures and hybridised to 

an Affymetrix 2.0 plus chip for further analysis. This data was downloaded from the GEO 

database using the accession number GSE39396.  

 

2.26 Statistical tests and methods  

 

Tukey's t-test 

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi
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Tukey's t-test or otherwise referred to as Tukey's (honestly significant difference) HDS test is 

a t-test used to determine if the difference between two or more means is significantly 

different. The Tukey's t-test can be applied to raw data or it can be used as a post-hoc analysis 

when generating an ANOVA table. It allows the comparison of all possible means. In essence 

it compares all treatment means to that of the means of every other treatment; that is, it applies 

simultaneously to the set of all pairwise comparisons. It reports any differences between any 

two means that exceeds the standard error. Assumptions surrounding the test include that the 

means found in the test follow a normal distribution. Moreover, all observations considered 

within and among groups must be independent. Finally, there must be equal variance within 

and across all groups, which must account for all means being considered within the test. This 

test was applied when multiple comparisons were encountered and one needed to determine if 

the difference between the means in one group was statistically different from the means 

found in other independent groups when conducting a 2-way ANOVA analysis. For example, 

when generating boxplots using the Prism software we investigating the level of GREM1 gene 

expression in the CMS4 CRC subgroups and compared its expression levels in other CMS 

subgroups such as CMS1, CMS2, CMS3 and NA/NOLBL. A 2-way ANOVA was used as 

multiple independent variables were identified.   

 

Unpaired student t-test 

The unpaired student t-test was used when two independent samples were used. These 

samples must be independent and for this we used a two sample t-test. The unpaired student t-

test is perfectly suited for this method for analysis. For example, when comparing levels of a 

gene expression between two independent groups such as sensitive versus resistant to 

chemotherapy or BRAFMT versus BRAFWT this test becomes ideal. It is also ideal for 

comparing a control group versus a treated group. The test aims to determine if the differences 

between the two means comparing the control and treated group are statistically significant. 

This method was also applied when using boxplots and its use will be stated whenever used 

throughout this Thesis.  

 

Fisher’s exact t-test  

Fisher’s exact t-test is used to examine if there are non-random associations between two 

variables. When working with the IPA software package one would be interested in 

determining if there is an association between a set of focus genes and genes found to be 

present in a reference list of genes. These focus genes are the genes discovered in our data 
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analysis, which may have been identified through a differential gene expression analysis. The 

reference list of genes are genes stored in the IPA gene set library which are known to be 

associated with a particular biological function, pathway or network. One might be interested 

in determining if there is an association between the genes found in for example, our analysis 

and genes known to be present in an immunological pathway or fibroblast signalling pathway. 

The more focus genes present in a reference gene list the more of an association between the 

two will be found. Importantly, the more association between the two the more statistically 

significant that test will be. <0.05 is significant, which indicates that there is less than a 5% 

chance that the association is significant due to random chance. This is called a right-tailed 

Fisher Exact Test and IPA provides this type of test for this type of analysis. For example, 

consider the following two experiments. Experiment 1. There are 10 focus genes in an 

immune pathway and 100 in total in the reference set. In experiment 2 there are 50 focus 

genes in a fibroblast signalling pathway and 100 in the references set. Therefore, there’s a 

greater degree of statistical significance discovered in experiment 2 compared with experiment 

1. One might also be interested in determining if a particular pathway is activated or inhibited. 

Again a Fishers exact t-test can be applied in such instances. However, in this case one would 

be interested in determining if there were more genes up-regulated in a particular pathway 

versus down-regulated. If more genes in that pathway were up-regulated and associated with 

that pathway then the test would indicate that the pathway was active and generate a p-value 

detailing the level of significance. Similarly, if more genes were down-regulated and 

associated with the pathway of interest then the t-test would indicate that the pathway was 

inhibited and generate a significance threshold as a result.   

 

ROC (receiver operating characteristic curve) 

The ROC curve illustrates graphically the performance of any given classification model such 

as SVM or LDAs models as two examples. It factors into account two values using the true 

positive rate (TPR) y-axis and false positive rate (FPR) x-axis. The TPR is calculated by 

dividing the TP by the TP plus the false negative (FN). Meanwhile, the FPR is calculated 

principally on the same basis, that is, the FP divided by the FP plus the TN. The ROC graph 

plots both the TPR and FPR in a 2 dimensional space to illustrate classification performance.  

 

Area under the curve (AUC) 

AUC is calculated by measuring the entire area under the curve that is generated using a ROC 

graph. It estimates this area under the curve in a 2 dimensional space by taking into 
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consideration both the true positive rate (TPR) y-axis and false positive rate (FPR) x-axis. 

TPR can also be interpreted as sensitivity, for example, BRAFMTs or FPR can be referred to 

as specificity such as our BRAFWT samples. These different terms can be used 

interchangeably. Essentially the AUC provides an aggregate measure of classification 

performance using any given classifier and estimates the probability that the classifier of 

interest can accurately predict any given class such as BRAFMT or BRAFWT. These 

probability values are always between 0 and 1 where 0 means 0% classification accuracy and 

1 means 100% classification accuracy.  

 

 

Confusion matrix  

The confusion matrix summarises the performance of classification obtained using any given 

classifier. It shows all correctly classified groups TP and misclassified groups FN. For 

example, we use a SVM and LDA classifier to assign BRAFMT and BRAFWT patient samples. 

Therefore, the TP are all the BRAFMTs we classified correctly and the FN are all the BRAFMT 

samples we misclassified or classified incorrectly. Furthermore, the TN is the BRAFWT 

samples we classified correctly and the FP is the BRAFWT samples that were classified 

incorrectly. These results are summarized below in a table format. The confusion matrix can 

be generated after using any classifier that operates within the CARET package available 

through R and is usually the most accurate and reliable summary of any classifier to determine 

classification performance overall. However, it is recommended that the confusion matrix be 

used in conjunction with a ROC graph and AUC parameters collectively to determine overall 

classification performance. Confusion matrix provides overall accuracy (AUC) values, 

sensitiviy and specificity values including p-values amongst others. The sensitivity and 

specificity are particularly important. 
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False discovery rate (FDR) 

The FDR is used to eliminate the number of false positives present in a test. For example, if 

one is interested in identifying a list of differentially expressed genes with a fold change in 

gene expression greater than 1.5 and a p-value <0.05. If this is used as the filtering criteria 

then what one is essentially saying is that there is less than a 5% chance (p = 0.05) that any 

one of those genes meets the criteria of being differentially expressed by chance. However, to 

further correct for the 5% of cases where a false positive enters the list of differentially 

expressed genes but in fact does not meet the criteria one can performance a Benjamini–

Hochberg post-hoc t-test. This is also referred to as a false discovery rate (FDR) for multiple 

testing corrections. It is calculated and adjusted using the following formula (i × 0.05/n), 

where i is the number of positive tests and t is the total number of tests to be carried out. If we 

have 1000 differentially expressed genes then this number will be 1000. The 0.05 is the DFR 

significance threshold. After a standard t-test is performed through differential expression 

analysis a p-value is generated. This p-value is calculated by assessing if the mean expression 

of any given gene is higher in one group compared with another. This could be comparing 

sensitive and resistant cell lines. To estimate the FDR value, firstly all p-values are ranked 

smallest to highest from our differential gene expression analysis. The smallest p-value is 

often referred to as the critical p-value and is ranked first. The second smallest p-value is 

ranked second and so on. These p-values represent the positive tests and above is labeled as 

http://www.google.com/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=2ahUKEwi74Kfbw_zeAhXTUxUIHczYAgEQjRx6BAgBEAU&url=http://rasbt.github.io/mlxtend/user_guide/evaluate/confusion_matrix/&psig=AOvVaw10P8-gIUMlUXWKNG7uK9ca&ust=1543681445690913
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(i). Therefore, one can apply the above formula to obtain these adjusted or corrected p-values. 

The FDR gives us less then a 5% chance that our positive tests are occurring purely due to 

chance and therefore once can say with a considerable deal of confidence that these are truly 

positive tests and were not differentially expressed purely due to chance.    

 

Wilcoxon t-test and Log Rank t-test 

Wilcoxon and Log Rank t-tests are among the most commonly used t-tests used to determine 

statistical significance for survival analysis. To generate the Kaplan Meier curves otherwise 

called survival curves the Prism software package was used. Prism automatically uses both 

tests to generate a p-value with a level of significance set as p = 0.05 as the threshold. When 

generating a survival curve one is seeking to evaluate if one group of patients has significantly 

more survival events over time compared with another independent group. One group could 

be treated versus untreated or for example, high GREM1 expression versus low GREM1 

expression using the median as a cut-off point to dichotomise both groups of patients. A 

survival event could be a patient having relapsed or a patient dying, which is usually the case 

when using relapse free and overall survival data respectively. These survival events occur 

over time and it may be important to know if more of these survival events occur in one of the 

patient groups compared with another over that time interval. Therefore, Wilcoxon and Log 

Rank t-tests provide us with the probability that one of the groups is having more events 

compared with another over a period of time. This is usually given in months and years. As 

part of this investigation we only reported the Wilcoxon t-test p-value and set the threshold of 

statistical significance as anything <0.05. The Wilcoxon t-test was reported as it gives more 

weight to patients who have survival events at early time points. This is important to note 

because patients who are deceased more than 5 years after diagnosis may not have died due to 

CRC. In fact if a patient is deceased 10 years or more after their initial diagnosis it is 

conceivable that the patient may not have died as a result of CRC but it could be due to death 

by natural causes, cardiovascular arrest or another unrelated CRC death. Therefore, survival 

events that occur within the first 5 years are of particular interest. This is because most 

patients who relapse are most likely relapsing within the first 5 years and most patients who 

die due to the disease die within the first 5 years. Survival events occurring after 5 years may 

not be due to disease therefore the Wilcox t-test is a more conservative measure for survival 

analysis.   

 

Hazard ratio (HR)   
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HR estimates the ratio of survival events between two groups and presents this difference as a 

ratio. For example, if there are twice as many events such as deaths in a control group versus a 

treated group then one can conclude that treating the patients is beneficial as long as this trend 

is statistically significant. More specifically, if there are twice as many events in one patient 

group compared with another then the HR will be 2. Thus if there are 3 times as many events 

in one of the groups compared with the other then the HR will be 3 and so on.  

 

Confidence interval (CI) 

The CI interval measures the confidence with which one can confidently conclude that the 

findings presented are a true representation of the data. CI tend be smaller or in other words 

much tighter when p-values are significant and there is a clear split between two different 

patient groups using survival curves. The threshold set by default in Prism is a 95% percent 

CIs, which is that we are 95% confident that our results are reliable, accurate and are within an 

acceptable tolerable range. Large CI can be problematic as these suggest problems and that we 

are not as confident or we cannot stand over our results.  

     

 

Hierarchical clustering  

Hierarchical clustering has been outlined in great detail in the general introduction of this 

Thesis. To reiterate in general hierarchical clustering identifies like genes with like genes and 

subsequently groups these genes together. This likeness is based on very similar or close 

expression patterns between genes.  

 

Euclidean distance  

Euclidean distance measures the distance between two different points in a 2 dimensional 

space. These points could be two different expression values from two different genes. The 

distance is calculated by using the equation of the line formula typically found when using 

geometry of the line equations. This is usually a straight line in a Euclidean space. This 

distance between two different points or two different gene expression values will be very 

close assuming there is little difference in expression values. Larger difference in expression 

values produces larger distances in Euclidean distances and hence the length of the line 

connecting two different points will be larger. A more formal definition is that the Euclidean 

distance between two different points, for example, p and q is the length of the line segment 

connecting them. In mathematical terms this equates to the following equation below. 
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Euclidean distance is a metirc used to form clusters of genes. 

 

 
 

Ward’s linkage method 

The Ward’s linkage method is commonly employed in conjunction with hierarchal clustering 

and was outlined in detail in the introduction section of this Thesis. The objective of the 

Ward’s method is to reduce the total variation found within clusters. The nature of the 

hierarchal clustering algorithm is to group like genes with like genes, that is, genes that are 

very similar in expression pattern. To carry out this technique, at each step of the process one 

must find a pair of clusters with the minimum increase in total within-cluster variation after 

merging. This increase is a weighted squared distance between clusters. The distance between 

initial clusters formed using the Ward's technique is thus defined to be the squared Euclidean 

distance between points. Therefore, the Ward’s linkage method seeks to reduce variation 

between different points in order to merge like genes within a cluster together. This is based 

on the assumption that genes with very little variation will fall into the same cluster and genes 

with significant variation will fall into different clusters. This results in the separation of 

different clusters across different patients. 

 

Recursive feature selection (RFS) 

RFS or sometimes otherwise known as recursive feature elimination (RFE) is a process that 

seeks to evaluate all candidates in a given gene signature and determine which candidates in 

that signature can most accurately predict classification. The algorithm utilises all features 

(gene candidates in a signature) and recursively assess all of them to evaluate their ability to 

accuratly assign any given set of class. In our case this is either BRAFMT/WT or MSI/MSS 

tumour samples. These features become smaller and smaller as all candidates are assessed for 

classification viability. Therefore, the RFS algorithm works like a process of elimination until 

all features are tested. Each feature is assigned a value (importance), which is an estimate of 

its classification performance. The higher the importance value the more accurate that 

candidate is at assigning the two different classes. Therefore, in the end the user retains the 
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best gene candidates for classification predication and eliminates the remaining candidates that 

are unviable or lack classification accuracy. This leads to a refinement of the original signature 

to one that is significantly smaller but ultimately has more classification power than the 

original starting signature.  

 

Leave one out cross validation (LOOCV) 

The LOOCV model usually works in conjunction with a classifier such as SVM or LDA as 

outlined in the general introduction to this Thesis. Herein, as part of chapter 4 the LOOCV 

algorithm was used in conjunction with the RFS algorithm using a SVM linear classifier to 

select the best gene candidates for prediction. LOOCV works by selecting one of the features 

in the gene signature. The model is then fitted using the remaining features (genes) in the 

signature to independently predict classification accuracy on the one feature that was selected 

at the beginning. In other words, the one feature that was selected acts as the test set and the 

model fitted on the remaining genes acts as the training set.  

 

2.27 Computational methods  

2.28 MAS5 Normalization 

Details of the first nucleic acid arrays (at the time referred to as macro-arrays) were originally 

published in 1981 218, which subsequently lead to the first computerised-based image systems 

to analyse the data 219. Since then, more modernised versions (termed DNA microarrays) were 

released on a commercial scale. Since their first inception in 1995, DNA microarrays most 

frequently employed a method of background correction, normalisation and summarisation 

called MAS5 normalisation220, which sought to remove redundant values, noise and artefacts, 

which may lead to a user drawing erroneous or misleading conclusions from the data. 

However, some reports have claimed that this more rudimentary method of normalisation 

actually increases background noise 221, although there are conflicting arguments to be made 

both in favour and against using MAS5 222.  

 

The probesets on the microarray have a perfect match and mismatch probe attached to a 

silicon or glass Affymetrix chip that correspond to all mRNA transcripts being analysed. The 

MAS5 algorithm normalises each array within the data frame separately and consecutively in 
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an independent manner. A mismatch probe MM (a mRNA transcript with one base change, 

usually the 13th base which is included for each gene being analysed in the array ) is subtracted 

from the perfect match PM probe (correct full sequence) in order to obtain a robust average 

expression value. The 2D computerized images (known as CEL files) store all of the data with 

an accompanying CDF file, which details more information relating to each probest attached 

to the Affymetrix chip such as matching gene symbol. A CEL file stores information relating 

to Affymetrix probeset expression values (intensity) corresponding to each hybridized mRNA 

transcript being analysed. This compact file stores tens of thousands of data points, which 

represent the entire transcriptome. The mismatch probe is part of the analysis because it 

enables one to identify problems with non-specific binding of mRNA transcripts , issues 

relating to RNA degradation, hybridization and background variation. This eliminates the 

possibility of introducing issues relating to non-specific binding into the user’s data analysis 

and by calculating the difference between MM – PM, the user consequentially removes 

background variation. The final expression set output after MAS5 normalisation produces data 

on a linear scale.   

2.29 RMA normalisation  

Nowadays, the most frequently employed method of normalisation when using Affymetrix 

DNA microarrays is robust multichip average (RMA) normalisation. RMA normalisation 

replaced MAS5 normalisation because of the issues pertaining to the introduction of potential 

false positives, especially when the user performs a differential expression analysis. False 

positives can arise due to background noise or technical artefacts and MAS5 is not best 

equipped to deal with this problem. However, RMA is better at reducing noise and artefacts. 

The RMA normalisation algorithm utilises three sequential steps in order to curate the data, 

provide background correction and allow quantile normalisation and summarisation.  

 

RMA normalisation is preferable when dealing with large datasets and analyses all arrays 

simultaneously, unlike MAS5, which analyses each array individually. Firstly, an estimation 

of the signal is calculated by taking into consideration the distribution parameters. Background 

alterations are corrected using PM values for each array. Furthermore, quantile normalisation 

is performed across all arrays. This forces all distributions to be the same and subsequently 

ensures that all arrays within the data follow a normal distribution, based on the assumption of 

a quantile-quantile (QQ) plot. If all points fall on the plot in a diagonal fashion, the data is said 
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to have a normal distribution. Non-linear normalisation compensates for array biases. Finally, 

summarisation is performed to adjust normalised PM values. This is performed using a log2 

scale. Median polishing is used to fit a linear model. The final product of RMA normalisation 

is robust to outliers and is thus the most popular and convenient method for analysing 

Affymetrix microarrays.    

2.31 Differential gene expression analysis 

Differential expression was performed using the  Partek® Genomics Suite™ 6.6software 

package.  The criteria set for the differential gene expression analysis was a fold change 

greater than or equal to 1.5+/- and a p-value <0.05. A total of  2 experiments were performed 

using the E-MEXP-390 human Affymetrix plus 2.0 DNA microarray data available from the 

Array Express database. Differential expression was calculated by comparing sensitive and 

resistant HCT116 CRC cell lines. More specifically, differential expression was performed by 

comparing what is up-regulated in the 5-FU resistant HCT116 CRC cell lines versus what is 

down-regulated in the sensitive HCT116 CRC cell lines. The same approach was used  to 

compare oxaliplatin  sensitive versus resistant oxaliplatin treated HCT116 cells. We assessed 

only the data from the cell lines that had developed long term resistance and received no 

further treatment. These cells were labeled 0 hours (See chapter 3 on drug resistance). Each 

sample was done in triplicates.    

 

In separate experiments (Using the GSE72970 and GSE62080 datasets), differential 

expression was also performed using patient tumour samples with annotated clinical data. The 

same filtering criteria was applied to these datasets for the differential expression analysis 

(that is a fold change of 1.5+/- and a p-value <0.05). (See chapter 3 on drug resistance). 

  

2.32 Hierarchical clustering  

The lists of differentially expressed genes that met the above filtering criteria were then 

investigated by generating a heatmap using Euclidean distance with the Ward’s linkage 

method. Hierarchical clustering was utilised continuously throughout the course of this thesis 

to either visually inspect if there was a robust separation between samples or to interrogate if 

there was an enrichment of biological signatures within a certain cell compartment or patient 

sample population. Partek Genomics Suite 6.0 was utilized in all cases for the Euclidean 
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distance with the Ward’s linkage method. Hierarchical clustering was applied to all the 

following datasets throughout the couse of this Thesis: E-MEXP-390, GSE42387 GSE81005, 

GSE72970, GSE62080, GSE39582, GSE14333 and many others to help delineate how gene 

expression signatures help define  CRC biology. (See generation of these datasets in materials 

and methods section outlined previously). 

 

2.33 Ingenuity Pathway Analysis  

The Ingenuity® Pathway Analysis (IPA®) (QIAGEN Bioinformatics) software package was 

used to investigate biologically relevant pathways associated with the list of differentially 

expressed genes that met our filtering criteria.  The IPA core analysis was run on each 

experiment using these lists of differentially expressed genes, allowing examination of  

multiple biological features. Pathway and networking analysis are the only components of IPA 

that were employed in this Thesis. IPA analysis was performed by estimating the percentage 

of gene overlap between the lists of differentially expressed genes identified and gene lists 

(stored as libraries in IPA) that have previously been associated with known biological 

pathways. These known pathways are based on publications that have cited a particular gene 

or group of genes that are known to activate or inhibite that particular biological pathways 

(e.g. immune pathways, DNA damage response repair pathways). A t-test was performed to 

calculated statistical significance. Activation status of a pathway of interest was also included 

as part of the analysis, based on fold change up or down regulation of specific genes or sets of 

genes. This allowed very precise evaluation of the regulation status of a particualar pathway. 

Thus, although for example there may be 20 or more genes up-regulated in the p53 pathway, 

however, if MDM2 (a negative regulator of p53 pathway) is also up-regulated, prediction of 

the overall status of the P53 pathway will be that it is inhibited. Our lists of differentially 

expressed genes generated when comparing sensitive versus resistant cell lines with a 1.5 fold 

change and p-value <0.05 is inserted into the IPA software and the core analysis was run on 

these lists of genes. 

 

 

Networking analysis was also frequently performed through the course of this Thesis. 

Networking analysis delineates the relationships between different genes that are the subject 
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of investigation. From these networks, one can determine the activation status of a particular 

gene within a certain network and the functional role of that network. Again, these are based 

on the fold changes and gene libraries that are stored in IPA. Networking analysis can help 

inform one of the interconnectivity between different genes based on expression patterns.  

Again the networking analysis option is availble when running the core analysis in IPA. One 

simply inserts the list of differentially expressed genes as outlined in the preceeding paragraph 

and submits to the core IPA analysis. The option to view networking analysis is then availble 

upon completion of the core analysis.  

2.34 Venn diagrams 

An online tool called “Venny” available through the following link 

http://bioinfogp.cnb.csic.es/tools/venny/ was used to investigate the uniqueness/overlap 

between the various transcriptomic signatures that were discovered during the course of this 

Thesis and that of transcriptomic signatures previously published by other groups. For 

example in Chapter 3, Section 3.4 a Venn diagram was constructing to determine the overlap 

between the 5-FU and oxaliplatin signatures. These signatures were identified by performing 

differential expression analysis between sensitive and resistant HCT116 cells treated with eiter 

5-FU or oxaliplatin. Both the 5-FU and oxaliplatin lists of differentially expressed genes were 

overlapped using a Venn diagram provided by Venny. A detailed description of the outputs 

generated  is provided in  Section 3.4.  

2.35 QC Analysis of Affymetrix (E-MEXP-390) drug resistant data 

Quality control is an essential and integral component of data analysis and is fundamental 

prior to the evaluation of any dataset. Multiple quality control assessments are available for 

gene expression data. However, for Affymetrix  microarrays, a publically available online tool 

called ArrayAnalysis.org is used to perform a gold standard systematic approach in evaluating 

the quality of gene expression data and is specifically tailored to the needs and specifications 

of Affymetrix microarrays. This approach was performed for all analysis described in the 

Thesis and is described in detail in sections 2.35 – 2.41.  

 

A series of software packages in R were utilised -  simpleaffy, affyQCReport, affy, limma and 

affyPLM. A summary report was produced, showing all results and recommended cut-off 

points to make an informed decision as to whether a gene expression analysis passed or failed 

http://bioinfogp.cnb.csic.es/tools/venny/
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the QC parameters. This approach also allowed decision to be made as to whether data 

relating to certain samples should be removed (as they failed the QC) or alternatively batch 

corrected to accommodate for batch effects.  

 

Performing quality control analysis of all data samples enables identification of technical 

variation or batch effects that may skew results. Batch effects constitute variation within the 

data that is due to technical error and does not represent actual biological variation due to for 

example tumour heterogeneity. These residual batch effects can be introduced due to scan 

date, to a lab technician generating array results with a particular set of reagents on one day 

and a different technician generating array results on a different day etc. Array results could 

also be generated in different labs leading to different data being generated. These residual 

batch effects if uncorrected and unadjusted can result in technical artefacts and background 

noise, which can have confounding effects/mask important biological variation and lead to 

erroneous conclusions. These batch effects can be deconvoluted by removing the source of 

batch effects that is overlapping with meaningful biological variation. In Section 2.35 – 2.41 

all of the QC checks that were perfomed are described, with details on how they influenced 

decision-making in relation to data quality. Principal component analysis (PCA) can be 

performed to determine the presence of residual batch effects. Parameters such as  scan date 

and time, technician involved, research group or laboratory generating the samples and the 

output data generated were plotted against known biological variables. If a significant 

separation was observed between for example 5-FU sensitive and resistant samples, but a 

similar separation  was also observed when comparing scan date,  then one can conclude that 

the separation or variation between the samples was not due to biological variation, but instead 

related to technical variation or batch effects. Samples affected by batch effects were corrected 

or discarded depending on the significance of the  variabiity. In all cases, the data was 

analysed extensively for the detection of batch effects using PCA plots. In Section 2.35 – 2.41, 

key quality control tests were performed for all 45 drug resistant/sensitive CEL files.   
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Figure 2.1 

2.35.1 Quality control (QC) parameters performed on the E-MEXP-390 dataset   

Figure 2.1  summarises all QC parameters that were performed on the (E-MEXP-390) drug resistant data (CEL 

file format was used) as an example, the same approach was employed for QC analysis of all datasets. The 

following software packages are used to compute the entire analysis, simpleaffy, affyQCReport, affy, limma and 

affyPLM. Below we summarise 5 key analysis and parameters that are used to test the overall quality of the data 

being analysed. This is critical to consider before using data for discovery analysis. The raw data quality control 

included testing for sample quality. Degradation plots were generated including degradation plots in the 5’ 3’ 

direction (see Section 2.35 – 2.41). As for signal and hybridisation quality, hybridisation plots and percentage 
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percent plots were analysed as two key plots to determine array quality. For signal comparability and biases 

diagnostics plots we plotted scale factors, NUSE and RLE plots to all 45 drug resistant CEL files. The above 5 

plots which are again summarised below in numbers 1, 2, 3, 4 and 5 assess the quality of raw samples and quality 

control. Next for data preprocessing the normalisation step takes place to correct samples that do not pass some 

of these tests such as NUSE plots or RLE plots. The normalisation step very often corrects these arrays that do 

not show good quality arrays according to NUSE or RLE plots. However, one must not discard an array if only 

one or two failed tests are shown because the normalisation step alone can often resolve these problems. The final 

stage of this process is to investigate preprocessing quality or in other words to determine if the normalisation 

step actually worked in correcting poor qaulity arrays. These include for example, plotting MA plots, PCA plots, 

density plots and heirachical clustering dendograms. Of note we plotted all plots summarised in Figure 2.1 to 

verify overall quality of all 45 drug resistant CEL files. However, we show only the 5 arguably most important 

and informative plots indicated just below. To summarise all 45 CEL files overall passed the QC tests. 

 

 

The 5 key parameters that have been evaluated are:  

1. 3’/5’ ratios for RNA Degradation quality 

2. Assessment of hybridisation quality  

3. Percentage present calls 

4. Scale factors 

5. Signal comparability and biases diagnostic plots 

 

2.36  3’/5’ ratios for RNA Degradation quality 

Beta actin (β-actin) and Glyceraldehyde-3-phosphate dehydrogenase (GAPDH) are genes that 

are ubiquitously expressed by the vast majority of cell types. These house keeping genes were 

employed as controls in our analyses. Separate probesets were designed that bind to the 3’ 

end, middle and 5’ end of these genes. By measuring the amount of signal being emitted from 

the 3’ end as a ratio with the mid or 5’ end signal, the quality of RNA hybridisation can be 
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determined. Truncated transcripts will be detected if ratios are high, which may occur due to 

incomplete mRNA transcription or if RNA degradation has occurred, leading to only partial 

hybrisation of the mRNA transcript to the probesets present on the Affymetrix array, 

culminating in expression values that are not truly representative of the actual  gene 

expression level 223. GAPDH has a shorter gene sequence and Affymetrix recommends that a 

ratio no more than 1.25 for GAPDH and a ratio no more than 3 for β-actin be used as the gold 

standard. These different ratios are due to the fact that both GAPDH and β-actin are two well 

categorized house keeping genes but ultimately vary significantly in terms of size and length 

of gene sequence. Ratios greater than the recommended values indicate poor sample quality 

and may necessitate correction or removal of certain samples from the analysis. Below in 

Figure 2.2 we investigate both of these house keeping genes to determine array quality. 

 

 
(A)                                                                                (B) 
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(C)        (D) 

2.36.1..Figure..2.2                                                                                                                                                                                                                                            

Beta- actin (Panels A and B and GAPDH (Panels C and D) 

RNA degradation of beta-actin plot (Panel A) and boxplot of beta-actin (Panel B) indicate that for all 45 CEL 

files, the beta-actin values  fall within the recommended cut-off point of < 3 and thus meet the quality control 

requirements. In order  to assess if any RNA degradation had occurred in the 3’ 5’ end of the beta-actin transcript 

or 3’ M (middle),  the maximum and minimum values were investigated to determine if these values fell within 

the recommended threshold. Looking at Panel A, all values fell within a range of 1 – 1.1 indicating no RNA 

degradation occurred at the 3’ or 5’ end. The same conclusion can be drawn when observing the boxplot (Panel 

B) for beta actin. No RNA degradation took place as all samples fell within the specified recommendations with a 

ratio less than 3. For GAPDH, (Panels C, D) the values fall within the recommended range of < 1.25. Thus, all 45 

CEL files passed the threshold indicating that no RNA degradation occured for any of the samples analysed. 

 

 

2.37 RNA Degradation Plot 

Additionally, an RNA degradation plot was plotted and the slope of the line was calculated to 

help determine RNA quality. Typically, for Affymetrix microarrays, the slopes of the lines 

deemed of good quality should be approximately 2 224–226. The upper limit is usually a value of 

3 and lower limit is approximately 1. Values outside this range indicate that RNA degradation 
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has occurred. It is important to note that other platforms such as Agilent or Illumina have 

different cut-off points. Steeper slopes are reflective of  a greater degree of RNA degradation 

occurring and conversely more moderate slopes indicate less RNA degradation. All 45 drug 

resistant CEL files were run through the affyQCReport package in R to generate an RNA 

degradation plot to determine the quality of the samples. Again all slopes of the line should be 

centered around 2. In our analysis below (See Figure 2.3 below) all 45 CEL files passed RNA 

degradation quality control and are of a very high quality.  
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Figure 2.3   

2.37.1  RNA Degradation plot  

Figure 2.3 illustrates an RNA degradation plot. All 45 arrays were analysed simultaneously. These data were 

composed of 0hr, 6hr 12hr and 24hr time points for sensitive versus sensitive treated with either 5-FU or 

oxalipltin using HCT116 CRC cell lines. Evaluation of the graph revealed that all slopes were within the range of 

1 – 3, indicating high quality performance with no significant RNA degradation. Slopes were investigated 

separately using the QCReport package in R to calculate the slopes. All slopes were centered around 2 indicating 

high quality samples for all 45 arrays. 
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2.38 Assessment of hybridisation quality  

Another frequently used method to determine hybridisation quality is to utilise spike in 

controls. Spike-in controls are probesets that are already present on the Affymetrix platform 

At the beginning of sample preparation, control  mRNA transcripts complimentary to the 

“spike-in” probesets are also included as part of the hybridisation cocktail. The probesets 

present on the array are compatible with the “spike-in” mRNA transcript control and bind 

through complementary base pairing. The spike-in controls used for Affymetrix chips are 

BioB, BioC, BioD and CreX, which are extracted from the bacterium Bacillus subtiliis. BioB, 

BioC are genes involved in the bacterial biotin synthesis pathway and CreX is a recombinase 

gene derived from the P1 virus bacteriophage. BioB is spiked in at a concentration of 1.5pM. 

Next BioC, BioD and CreX are spiked in at increasing concentrations 223,227–230.  

The incremental increase in expression of these genes can be observed by plotting the mean 

intensity expression of these genes across all arrays and comparing their expression pattern. 

The expression pattern observed on these plots should follow an increase in gene expression 

going from bioB > bioC > bioD  to > CreX. Samples that do not conform to this sequential 

expression pattern are of poor quality and removal of the sample or correction may be 

considered. Below in Figure 2.4 we assessed all 45 CEL files for spike in control. 

Our analysis revealed that the intensities values for bioB for all 45 CEL files analysed were 

centered around 7. For bioC most intensity values for all 45 CEL files were centered around 8, 

for bioD most had an intensity value of 10 and finally for creX most samples had an intensity 

value of ~11 (see Figure 2.4). These values are considered within the normal range and passed 

the quality control test.  
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Figure 2.4                 

2.38.1 Spike-in hybridization control intensities and calls 

Spike-in hybridization controls indicating  samples with increasing concentration going from bioB > bioC > bioD 

> creX Spike-in hybridization intensities and call intensity values for bioB for the majority of the 45 CEL files 

analysed were centered around 7. For bioC, the majority of  intensity values for all 45 CEL files fell between 8 

and 9, for bioD most had an intensity value between 10 and 11 and finally for creX, most samples fell into an 

intensity value of 12 to 12.5. It is evident from the above graph that all  samples have passed the analysis as all 

arrays are in concordance  with Affymetrix quality control requirements. Thus, overall quality of the samples is 

high and good quality hybridisation was achieved.  
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2.39 Percentage present calls 

The number of genes called present by the analytics software (which represents the mRNA 

transcripts that are actually present in the sample)  is determined by measuring the difference 

between the MM (mismatch) probes and PM (perfect match) probes for each probe pair in a 

probeset, which is estimated by subtracting  MM - PM. Transcripts that are not present will 

usually fail this test. The percentage is calculated by the amount present versus amount absent, 

again by subtracting the MM – PM probes 231–233. It is worth noting that there should be very 

little difference between the MM – PM as this is reflective of high quality and indicates that 

the probes are present and have hybridised successfully to the microarray chip. Again to 

reiterate a base pair in the mismatch probeset set has been removed usually base pair number 

13. The perfect match has the correct sequence complementary to the sequence of the mRNA 

transcript sample we are attempting to analyze. Assuming all our samples are of high quality 

very little difference should be seen between the PM and MM probesets. If a problem exists 

such as RNA degradation, which occurs in the 3’ 5’ direction the complete sequence of our 

mRNA transcript will be comprismised and may partially bind or may not bind at all to the 

corresponding probeset 234,235. This means large differences can be observed suggesting the 

samples are of poor quality. Small differences may indicate marginal calls and  larger 

differences may imply a complete absence of the particular mRNA transcript due to 

degradation or loss of sample during during preperation. Current guidelines for Affymetrix 

chips recommend a spread of < 10% variation. Differences greater than this range for example 

> 10% or more suggest poor sample quality. All 45 CEL drug resistant files were assessed for 

percentage present calls and fell within the allowable variation range of 10%. Thus all samples 

are of high quality. (See Figure 2.5 A) 

 

2.41 Scale factors 

There is an assumption with Affymetrix microarrays that the mean intensities of overall gene 

expression should be comparable between arrays 236–238. However, problems relating to overall 

sample quality, mRNA transcripts which may have been reduced in quality during sample 

preparation or quality-related issues of array manufacture may compronise overall results. 
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Moreover, labelling issues including  problems with binding of conjugated florescent probes 

to transcripts may also give misleading results  for mRNA transcript levels. Furthermore, 

scanning and RNA extraction approaches may contribute to abnormal scale factors. For 

example, RNA degradation will affect gene expression levels across multiple transcripts 

because the samples will not hybrize to the array and thus will not be detected through 

subsequent analysis. Inefficient labelling of probes will affect scale factors because mislabeled 

transcripts will not emit a florescent signal that is reflective of mRNA expression intensity. 

Scale factors between samples for Affymetrix arrays  should not be greater than a fold change 

of 3. Samples outside of this range are considered poor quality samples and may necessitate 

removal or correction through the normalisation process if possible. Again all 45 CEL files 

were assessed for scale factors and all fell with the recommended range. (See Figure 2.5 B) 
 

 
(A) 
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(B) 

Figure 2.5  

2.41.1 Percent present plots and Scale factors 

In Figure 2.5 (A) the percentage present is < 10%, as judged by the area within the grey shading, suggesting that 

all transcripts have acheved the approriate threshold for binding (as recommended by the manufacturers) and that 

minimal RNA degradation has taken place. In order to achieve this result, the average gene expressions detected 

by all probes are calculated for each sample.  All samples in Figure 2.5 Plot A are within the grey area indicated 

on the plot. The max is 44.55 and the min is 36.89 and the difference between both is 7.66 (under 10). This 

indicates that the samples have a spread no greater than 10%, are therefore within the allowable variation range 

for high quality samples. In Figure 2.5 B, a boxplot was generated, which summarises the overall spread of all 45 

samples analysed and indicates that all were within the 10% acceptance range (see scale on y-axis). In Figure 

2.5C, investigating log scale factors for all 45 samples analysed indicates a maximum of  – 0.49  and a minimum 

value of 1.62 (grey shaded area). The difference between these values is 1.13, placing them  within the acceptable 

range of 3 indicating that all samples passed the scale factors test criteria and are therefore of high quality. Figure 

2.5 D is a summary boxplot of the  scale factors for all 45 CEL files analysed, confirming  that they are within a 

range of 3 and thus meet the QC criteria.     
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2.42 Signal comparability and biases diagnostic plots 

Density histograms, boxplots, NUSE (Normalized Unscaled Standard Errors) and RLE 

(Relative Log Expression) plots are useful diagnostic plots for unveiling issues relating to 

background and signal 239. With Affymetrix chips, it is assumed that the overall mean 

expression of probesets for each array should not deviate by a considerable margin and the 

mean probeset intensity should be comparable between arrays. For NUSE plots, the allowable 

error range should be < 1.1 and for RLE plots all values should be centred around zero.  The  

NUSE and RLE plots are useful for identifying potentially poor quality samples. For density 

histograms, significant sample overlap with very similar distributions should be observed. 

Samples that do not conform may be outliers but in most instances can be easily corrected via 

the normalisation step. NUSE plots calculate the variation around the mean using the standard 

deviation. This variation is based on the variation in gene expression between all samples. The 

mean expression value for all genes on any given array is calculated. These values should be 

comparable between one another. However, the error rate based on the standard deviation that 

is tolerated for all samples should be no greater than 1.1. Samples below this value are of high 

quality. The relative log expression values were calculated by estimating the log ratio of all 

sample means. These values were plotted against each other for all 45 samples present in our 

analysis. These log ratio values should be centered around zero. Again using all 45 CEL files 

we generated a NUSE plot and RLE plot (See Figure A and B) below. All 45 CEL samples 

were comparable across arrays and are once again deemed to be of high quality. 
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(A) 

 
(B) 
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Figure 2.6  

2.42.1 NUSE and RLE boxplots 

The Normalized Unscaled Standard Errors (NUSE) plot (Figure 2.6 A) indicates the median intensity values for 

each array, which again should be comparable between all 45 samples analysed as indicated in the text. The 

NUSE cut-off point for all samples tested is < 1.1, indicating that all the arrays are of high quality. For the 

relative log expression (RLE) plot (Figure 2.6 B), all samples are centered around 0 (indicating high quality 

samples which is what has been demonstrated in the above graph). Therefore both the RLE and NUSE plots 

confirm that all arrays have passed  the QC criteria.  

 

2.43 Conclusions for QC analysis 

After evaluating all E-MEXP-390 HCT116 drug resistant CEL files through the approaches 

described above, it was concluded that overall all CEL files passed the QC assessment stage  

In summary, the key parameters  that must be assessed to ensure that   samples either pass of 

fail the QC criteria, are RNA degradation, hybridisation and percent present, all of which 

yielded good quality data. Furthermore, for any subsequent independent data analysis 

performed hereafter,  only publically available datasets where batch effects has been removed 

and normalisation already performed were utilised in this thesis. Series matrix files were 

downloaded through the GEO database. These series matrix files had already undergone QC 

assessment, batch correction (if required) and data normalisation. Data accession numbers are 

provided in all instance in the relevant dataset section of the chapter 

 

2.44 Differential Gene Expression Analysis 

Differential gene expression analysis was performed using the statistical software package 

Partek® Genomics Suite™ version 6.6 and will be stated throughout this thesis when used. 

The criteria used was a fold change greater than or equal to 1.5+/- and an FDR <0.05. If any 

other cireteria were used this will be specifed in the results section for each respective chapter. 
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2.45 1-Way ANOVA Analysis 

A 1-way ANOVA analysis is different from a 2-way ANOVA analysis in that a 2-way 

ANOVA compares multiple variables (usually more than two) whereas a 1-way compares a 

single variable only. Differentially expressed genes identified in the previous analysis 

comparing BRAFMT versus BRAFWT (See Chapter-4 results)  identified 2,105 probesets. 

These were then investigated in the GSE39396 FACS cell sorted dataset. A 1-way ANOVA 

analysis was performed comparing those genes that are up-regulated in the leukocytes versus 

those genes that are down-regulated in the epithelial, endothelial and fibroblast cell lineages. 

The 1-way ANOVA analysis criteria used was a fold change of 1.5 and a Benjamini & 

Hochberg post-hoc t-test or false discovery rate (FDR) of <0.05 was used to extract genes that 

were either significantly up/down-regulated in the leukoctyes.   

 

 

2.46 Recursive feature selection  

The leukocyte derived BRAFMT  associated signature from the 1-way ANOVA analysis 

resulted in 747 probesets being identified and this was further filtered using recursive feature 

elimination via the CARET package, which operates within the R statistical environment. This 

approach was performed in order to retrieve only the genes that act as the best candidates to 

predict classification, that is BRAFMT/WT samples with the highest degree of accuracy. The 

training set employed was the 724 probesets extracted from the leukocyte compartment from 

the 1-way ANOVA analysis and the validation test set was one gene (probeset left out) that is 

excluded from the training set and used as a test set to evaluate the performance of the 

recursive feature selection method (See results in Chapter 4 for details).  The measures chosen 

for running the recursive feature selection algorithm were a cross validation of 10, with the 

leave-one-out cross validation (LOOCV) method, followed by 1000 repeats to ensure 

reproducibility and stability of results. This method randomly assesses all genes in the 

leukocyte signature except for one (used as test set) and builds a classification model to 

predict on that one gene excluded from the analysis. The random sampling continues at each 

iteration of the process until the best gene candidates are computed and selected to yield the 

best classification prediction performance. As part of the CARET package and using this 

specific algorithm, one can choose to specify the exact model desired. For example, support 

vector machines (SVM), linear discriminate analysis (LDA), random forest (RF), partial least 

squares (PLS), quadratic discriminate analysis (QDA) and K-nearest neighbours (KNN).   
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This maximises classification performance because all methods can be compared and 

contrasted and the best one selected for further analysis is computed.   

 

In this analysis because there was an interest in building a support vector machine (SVM) 

model for classification prediction, the SVM-linear model was selected as part of the 

algorithm. The SVM model was chosen because it is a more complex classifier and works 

better for high dimensional data. Moreover, SVMs work both as a linear classifer and non-

linear classifer, which can be modified when testing the classifer by changing the kernel from 

a linear kernel to a polynomial, radial or sigmoid kernel as outlined in the introduction section 

under SVM. Adjusting the kernel enables one to change where the hyperplane splits the 

samples that the analyst is trying to classify based on the gene expression patterns. If a linear 

SVM kernel is being employed, the hyperplane will be a straight line that best separates the 

two classes (for example, BRAFMT and BRAFWT). The samples will fall on either side of the 

hyperplane.  The data was verified to follow a linear or normal distribution and therefore the 

SVM model was chosen as the best classifer. One can determine what genes within the 

leukocyte-associated signature will predict BRAFMT status with the highest degree of 

accuracy using this SVM model.  

 

2.47 Support vector machines and linear discriminate analysis 

The SVM model was built using the 16 probeset signature identified through recursive feature 

selection within the (e1071) package in R. The receiver operating characteristic curve (ROC) 

package was also used in R to generate the graphics and compute the area under the curve 

(AUC) value to determine overall accuracy of the signature. To accompany the development 

of the SVM model, the CARET package was also used to facilitate the successful 

establishment of the classifier.  

 

A confusion matrix was computed to evaluate classification performance in terms of overall 

accuracy, sensitivity and specificity of results. The confusion matrix provides essential 

information and statistics in order to evaluate classification performance. The characteristics 

that it measures include overall accuracy, sensitivity, specificity, dectection rate, positive 

prediction, rate negative prediction rate, detection prevalence, balanced accuracy, confidence 
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intervals and p-values.  The statistics are also provided as part of the output to help inform 

users of appropriate decisions to make about potential necessary adjustments or fine tuning of 

the signature to enhance performance. The most important statistics for the decision-making 

process are the sensitivity and specificity values. A McNemar’s test is a t-test used to 

determine statistical significance for each classification, but the test is highly dependent on the 

numerical balance of these classes. In our analysis, approximately 15% of cases are BRAFMT 

and 85% are BRAFWT. This means there is a strong imbalance between both classes, which 

compromise the performance of the t-test. Therefore sensitivity and specificity are more 

important in determining classification performance. Herein, our sensitivity analysis will  

relate to BRAFMT and MSI tumour samples while our specificity analysis will relate  to 

BRAFWT and MSS tumour samples. The confusion matrix also details how many BRAFMT 

and BRAFWT samples were classified correctly and how many were incorrectly classified, 

based on true positives and false positives rates. Moreover, the classifier can be fine-tuned to 

help facilitate and enhance classification performance. Some of these fine tuning methods 

include adjusting the cost and gamma values. Furthermore, cross validation (CV) fold 

numbers can be varied, here for our classifier we choose a CV of 10. Classification prediction 

was later performed on MSI and MSS tumour samples using the same leukocyte signature.  

 

 A LDA classifier was then built and trained using the GSE39582 discovery dataset (See 

Chapter 4 results section) and later tested on 5 independent datasets, again assessing the ability 

of the refined leukocyte signature to classify both BRAFMT/WT and later assessed to classify 

MSI/MSS status. The LDA classifier is a linear classifier and one of the most frequently 

published classifiers used due to its simplicity and classification power. LDA frequently yields 

high degrees of classification accuracy. Both LDA and SVM classifiers were compared and 

contrasted to determine which classifier showed the superior performance.  

 

Moreover, in the supplementary section, (See supplementary section Chapter 4) we also 

indicate the evaluation of  other non-linear classifiers such as RF, KNN, PLS and QDA to 

further validate our data and to determine which is the best classifier to utilise. The 5 

independent datasets used were the GSE75316, GSE75315, GSE35896, GSE39084 and the 

CRC synapse consortium (CRCSC) datasets. BRAFMT  and  MSI status were available for all 

patient sample cohorts. The series matrix files were downloaded from the GEO database and 

used for subsequent analysis. The CRCSC dataset is an amalgamation of 11 different patient 

cohorts with matching transcriptomics data and can be located throught the following link 
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below. (https://www.synapse.org/#!Synapse:syn2623706/wiki/67246)). 

2.48 Gene enrichment analysis through Enrichr 

The refined leukocyte signature was evaluated using a publicly available online tool called 

Enrichr to investigate the cellular origin of the signature. Genes were inserted into the 

database and distinct cell line lineages were produced with p-values and z-scores (indicating 

activation status). A p-value of <0.05 was deemed to be statistically significant, calculated 

based on a t-test. The z-score is the activation status, positive values indicate up-regulation 

(activation) of that pathway or cell type. Moreover, a negative z-score indicates down-

regulation (inhibition) of that pathway or cell type of interest. Cell lineages evaluated included 

T cells and B cells, epithelial cells, colon cancer cells, natural killer (NK) cells, lymphoma 

cells and adipocyte cells. Tables were generated summarising results. Additionally, an option 

was available to generate a clustergram, which details how many of the genes from the refined 

leukocyte signature were enriched within each cell type. Further details will be provided in the 

results section chapter 5. 

2.49..Hierarchical..clustering                                                                                                         

Hierarchical clustering was performed employing those genes that passed the filtering criteria 

of 1.5 fold change and an FDR  of <0.05, comparing BRAFMT/WT using the GSE39582 

cohort in stages II/III only. These filtered genes were interrogated using the GSE39396 FACS 

cell sorted dataset to determine if there was any enrichment of the genes in purified isolated 

cells of the tumour microenvironment, that is leukocytes, epithelial, endothelial and 

fibroblasts. The  Partek® Genomics Suite™ version 6.6 was employed to perform hierarchical 

clustering analysis using Euclidean distance with the Ward’s method. Hierarchical clustering 

was also used in other instances and where specified the method always adopted was with 

Euclidean distance and the Ward’s linkage method.  

2.51 Ingenuity Pathway Analysis  

The QIAGEN Bioinformatics Ingenuity® Pathway Analysis (IPA®) software package was 

used to further delineate the biology of the refined leukocyte signature. A full IPA core 

analysis was performed to determine what pathways were associated with the signature and to 

identify networks and relationships that were in common. Statistical cutoff points and 

parameters used for the analysis are provided in each results chapter (Chapter 3, 4 and 5).  

https://www.synapse.org/#!Synapse:syn2623706/wiki/67246
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2.52 Kaplan Meier curves investigating LAPTM4B expression  

The software GraphPad Prism 5.0 for Windows was used to generate the Kaplan Meier curves 

for overall survival (OS), relapse free survival (RFS) and disease free survival (DFS). Using 

the GSE39582 cohort, patients were ranked based on LAPTM4B gene expression intensity 

after calculating the mean of all 4 probesets. Patients were split into high and low LAPTM4B 

expression by using the median patient number as the cutoff point. (See Chapter 4). For 

example, using the GSE39582 cohorts in stage II/III there were 461 patients. Therefore, 230 

had high LAPTM4B expression and 231 had low LAPTM4B expression. Survival curves were 

generated and hazard ratios (HR), confidence intervals (CI) and p-values were determined. 

Any result with a p-value <0.05 was deemed statistically significant. As part of this 

investigation, the Gehan-Breslow-Wilcoxon t-test was used as a p-value but Logrank p-values 

are also reported in Prism 5.0 automatically for comparison. The Gehan-Breslow-Wilcoxon t-

test was chosen here as it lends more weight to patient deaths (events) at early time points. 

This is important because patients who die after 5 years are not necessarily dying as a result of 

their cancer. One could not rule out that the cause of death was due to other factors (e.g. old 

age, natural death or possibly cardiac arrest). However, patients who relapse before 5 years or 

have an event before 5 years are much more likely to have  an event purely related  to their 

cancer.  

2.55 Kaplan Meier curves investigating GREM1 expression 

The same methodology was applied to GREM1 expression as was outlined in section 2.51.  

2.56 Gene set enrichment analysis (GSEA) for GREM1 expression 

The GSEA software is available from the Broad Institute through the following web link 

http://software.broadinstitute.org/gsea/downloads.jsp. The entire GSE39582 dataset was 

inserted into GSEA with the phenotypes assigned as high GREM1 and low GREM1. Multiple 

signatures were tested for gene set enrichment. Statistics and enrichment scores are provided 

in chapter 5.  

2.57 Differential gene expression analysis and hierarchical clustering  

As before,  differential gene expression analysis was performed by dichotomizing GREM1 

expression using the median as was the case in section 2.51. The same filtering criteria were 

used as was the case in previous chapters. A 1.5 fold change in gene expression and an FDR 

http://software.broadinstitute.org/gsea/downloads.jsp.%20The%20entire%20GSE39582
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of <0.05 was used as the cut off. For hierarchical clustering, the Euclidean distance with the 

Ward’s method was employed. All analysis was performed using Partek Genomics Suite. (See 

Chapter 5). 
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CHAPTER 3  - Evaluation of in vitro derived drug resistance signatures in vivo 

                                                                                                                                                                          

3.1 Introduction  

5-Fluorouracil (5-FU) and oxaliplatin are chemotherapeutic agents commonly  used in the 

treatment of CRC. Patients receiving 5-FU typically have improved overall survival with 

response rates of approximately 10% - 15% 240-241. Moreover, 12% - 24% of patients receiving 

oxaliplatin experience improved survival and 10% to 11% of these patients with relapsed or 

refractory advanced CRC benefit from oxalipltin treatment242. This is usually seen in the 

metastatic disease stage. However, a combination of 5-FU, folinic acid and oxaliplatin, (also 

known as FOLFOX) has synergistic activity and has increased overall response rates to 40% - 

50% 243. According to one phase II clinical trial FOLFOX response rates were as high as 60% 

when used as a front line chemotherapeutic agents. FOLFOX is typically the first prescribed 

treatment regimen for patients with advanced CRC, followed by (5-FU, folinic acid and 

irinotecan) FOLFIRI treatment191. The combinatory agents involved in FOLFIRI treatment are 

frequently administered if patients relapse, as resistance to FOLFOX usually develops 187. 

Both of these treatments have shown promising results and are similar in terms of clinical 

outcome with an overall response rate of 40% - 50% 244. However, side effects differ, with 

oxaliplatin-based treatment showing more adverse side effects such as neuropathy, while 

irinotecan has significantly fewer side effects.  

 

Response rates can be measured in a number of ways such as improved survival or a reduction 

in tumour size or mass. However, FOLFOX is usually administered in the first instance in 

contrast to FOLFIRI therapy although there are more neurotoxicities associated with FOLFOX 

therapy. 5-FU targets an enzyme called thymidylate synthase and acts principally as an 

inhibitor 245–247 whereas oxaliplatin is an alkylating agent that forms covalent bonds through 

establishing a cross linking network and consequently disrupts DNA replication.248 Oxaliplatin 

therapy leads to breaks in the DNA strands as the strands try to pull apart but cannot due to 

covalent bonds being formed. Consequently, this results in DNA damage and the cells will 

therefore commit to the induction of apoptosis 249,250. Irinotecan on the other hand is a 

topoisomerase inhibitor and binds to the topoisomerase I-DNA complex, which again causes 

DNA strands to break 251. However, of note if FOLFIRI based treatment is administered as a 

second line chemotherapeutic agent after relapse it is usually less effective in contrast to the 
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first line treatment FOLFOX. This is because resistance to 5-FU may already have developed 

and 5-FU is common between both treatments regimes.     

 

A study published in 2005 summarized the findings of a randomized clinical trial that had 

taken place in Italy. This randomized phase III clinical trial contained 360 chemotherapy naive 

patients. The cohort was split into two arms. Arm (A) patients received FOLFIRI therapy and 

arm (B) received FOLFOX therapy. Arm (A) consisted of 164 patients and arm (B) contained 

172 patients, 24 patients were not assessable 252. The overall response rate for arm (A) was 

31% and 34% in arm (B) with a p-value of 0.6. Median time to progression in both groups was 

7 months and the duration of response was 9 months for arm (A) and 10 months for arm (B). 

Moreover, overall survival in arms (A) and (B) was 14 and 15 months respectively with no 

statistically significant difference. Alopecia and gastrointestinal irritation was a clinical 

manifestation observed in group (A) due to mild toxicity associated with FOLFIRI therapy. 

Patients receiving FOLFOX in arm (B) presented with thrombocytopenia and neurosensorial 

deprivation such as neuropathy. The study concluded that there were no differences in either 

group in terms of survival outcome. However, some differences were recorded in relation to 

the side effects associated with the different treatment regimes. 252 

 

A series of studies published  from our Colourectal Cancer Drug Resistance Group at Queen’s 

University Belfast has evaluated the underling mechanisms that govern drug-induced 

resistance in CRC and its potential clinical utility 253-187,254–257,258. Previously published work 

using these transcriptional profiles used an array of analysis tools that were available at the 

time, but have since been superseded by more updated analysis pipelines. In summary, the 

previous work incorporated MAS5 normalisation, followed by different computational 

methods (differential expression, pathway and regression analysis) to determine the degree of 

differential gene expression in sensitive versus resistant cell lines. These analyses were 

performed using the GeneSpring software (a statistical environment for analyzing gene 

expression data) followed by qPCR validation in HCT116 CRC cell lines 255.  

 

 

Herein, we employ a modern gold standard approach called RMA normalization with much 

more statistically robust software environments called Partek and Ingenuity Pathway Analysis 

(IPA). For the differential expression analysis, a p-value of < 0.05 (unadjusted) was employed 

to identify significance level, instead of a cross error model used previously by Wendy et el 
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259. We used an unadjusted p-value instead of an adjusted p-value as an adjusted p-value did 

not retain any genes meeting the criteria of a 1.5 fold change given the very small sample sizes 

used (3 sensitive HCT116 cell lines and 3 resistant variants, done in triplicates) 260–265. 

Moreover, we have dropped the fold change from 2 to 1.5 to pick up on potential gene 

candidates involved in drug resistance that could have been undected in the original study. In 

addition, IPA includes more detailed biological features compared to GeneSpring. For 

example, the relationships between different genes direct or indirect, activation or inhibition 

status including statistical thresholds are all included in IPA but not in GeneSpring. 

Additionally,  in IPA every known pathway that has been published is stored in its database 

with all genes known to be involved in that pathway. These can be compared to our gene lists 

identified through our analysis. This analysis pipeline should provide a significant advantage 

compared to the original study, enabling identification of  novel genes and biological 

pathways associated with drug resistance in CRC. All analysis was performed on gene 

expression data using these HCT116 CRC cell line datasets, available from 

(https://www.ebi.ac.uk/arrayexpress/experiments/E-MEXP-390/). See materials and methods 

section under datasets used. Herein, the goal was to become familiar with the various different 

bioinformatics techniques, specifically with the objective of identifying the best techniques to 

use in subsequent analyses. Finally, these identified drug resistant signatures would be 

validated in other independent cell lines, followed by further validation in clinically-annotated 

patient sample data. Another important goal of this investigation was to establish if drug 

resistance in cell lines could recapitulate drug resistance in patient samples. 

3.2 Aims and objectives 

1. To identify 5-FU and oxaliplatin drug resistant signatures using HCT116 CRC cell 

lines. 

2. To validate these signatures in other independent cell lines. 

3. To assess if any of these signatures can recapitulate drug resistance in a clinical setting. 

3.3 Rationale 

Solutions to 5-FU and oxaliplatin drug resistance remain challenging. In this study, emphasis 

was particularly focused on determining genes that were associated with long-term drug 

resistance in in vitro models (drug induced resistance developed over 10 months), to mimic 

what happens in a clinical situation, which may help influence and inform more effective 

https://www.ebi.ac.uk/arrayexpress/experiments/E-MEXP-390/
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treatment strategies in the future. Here the 0 hour time points represent cells that had 

developed resistance over the duration of 10 months by incrementally increasing drug 

concentrations but represent time zero for the study.  

 

3.4 Hypothesis 

Drug resistant cell lines do not recapitulate drug resistance in a clinical setting.  

   

A schematic diagram is provided below, which summarizes the experimental setup used to 

develop the HCT116 CRC cell lines. Moreover, we were only interested in identifying genes 

that were associated with long term resistance as these are deemed to be more clinically 

relevant. Clinically, if a patient undergoes an initial response to 5-FU-based therapy (such as 

FOLFOX) and later relapses, drug resistance to this regime usually follows. The 

transcriptional changes in gene expression that occur as a result of FOLFOX resistance or 

resistance to 5-FU or oxaliplatin are clinically important to understand from a therapeutic 

perspective. Patients who receive FOLFIRI after FOLFOX therapy may already be resistant to 

5-FU, as 5-FU is common between both treatments. Long term resistance is otherwise known 

as adaptive or constitutive drug resistance and immediate drug resistance is referred to as 

intrinsic or inherent resistance. We sought to better understand and unravel the complex 

molecular mechanisms and transcriptional changes that occur after 5-FU or oxaliplatin 

treatment.  
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Figure 3.1 

Schematic diagram summarizing computational experiments 

HCT116 CRC cell lines were employed as a model to facilitate drug resistant discovery using 5-FU and 

oxaliplatin. Cells were treated with incrementally increasing drug concentrations of either 5-FU or oxaliplatin 

over the duration of 10 months. Concentrations started with a dose of 0.8uM of either 5-FU or oxaliplatin to a 

final dose of 10uM. Cells were continually grown in increasing concentrations of each drug before the cells were 

profiled. These cells  developed resistance over the course of 10 months and from here on in are referred to as 

long term resistant cells. These long term resistant cells that were not treated at any time point after the 
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establishment of drug resistance were termed 0 hour time point cells. Furthermore, RNA was extracted and 

purified and hybridized to an Affymatrix chip using a standard protocol. After data curation and processing was 

performed we performed differential gene expression analysis using a filtering criteria of a 1.5 fold change in 

gene expression and a p-value <0.05 using the Partek Genomics Suit software. This was done for both 5-FU- and 

oxaliplatin-treated HCT116 cell lines. Next pathway and networking analysis was performed using the 5-FU and 

oxaliplatin generated gene signatures. Overlap between both signatures was identified via the construction of  

Venn diagrams. Key findings from these results, such as collegen expression, alteration of cell cycle regulation 

and pathways involved in DNA damage response repair are indicated above. Next the drug resistant signatures 

derived from these initial experiments were validated in independent LoVo, HT29 and  HCT8 CRC cells. These 

datasets were generated by independent research labs, which provided us with an independent dataset for our 

validation work.. Furthermore, these discovery drug resistant 5-FU/oxaliplatin signatures were further evluated in 

two independent clinical patient cohorts with drug resistant data documented for each patient.  

 

3.4 Results 

3.6 Biology of differential expression between sensitive versus 5-FU resistant cells 

The MTT assay was used to examine the percentage of cell viability at particular drug  

concentrations. The IC50 (inhibitory concentration required to reduce cell viability by 50%) for 

5-FU for the sensitive HCT116 cells  was 4.3μM . However, the IC50 of 5-FU for the HCT116 

resistant cell lines increased by a 3 fold to a concentration of 12.7 μM. This helps inform the 

clinically relevent dose required to induce cell death comparing these sensitive versus resistant 

cells. Using a differential gene expression analysis comparing these sensitive versus resistant 

cells with a fold change of 1.5 fold change and p-value of <0.05 a total of 341 differentially 

expressed probesets were identified. Table 1 shows the top 50 differentially expressed 

probesets with gene symbols, fold changes, p-values, gene names, location and functions is 

included. The top 50 were selected based on fold change of 1.5 and a p-value <0.05. In some 

instances multiple probesets bind to the same gene and therefore the same gene symbol will be 

observed twice or three times for certain probesets. This table indicates the genes that are up-

regulated (in red) in the 5-FU resistant samples and down-regulated (in green) in the sensitive 

samples. Certain gene candidates were identified which are known to contribute towards 

overall drug responsiveness such as collagens and RAS related proteins including fibroblast 

growth factors.  
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As expected, hierarchical clustering using Euclidean distance with the Ward’s linkage method 

revealed that the 341 differential expressed probesets could separate the sensitive samples 

from the resistant samples (see Figure 3.2 A). The biological pathways associated with these 

differentially expressed probesets were examined. The top pathways were extracted from the 

IPA analysis, based on a statistical significance threshold using a t-test with a p-value of 

<0.05. All genes we identified through our analysis were compared to all genes known to be 

involved in a particular pathway and available in the literature. A  t-test was calculated to 

determine statistical significance. These genes and pathways have been implicated in DNA 

damage response repair, cell cycle regulation and immune regulation amongst others. Genes 

and pathways are indicated below (Figure 3.2 B). Next networking analysis was examined and 

the top 5 are displayed in Figure 3.2 C. Moreover, a networking image is displayed showing 

the top network with the overall highest score. See Figure 3.2 D for further details.  

  



122 | P a g e  
 



123 | P a g e  
 

 

Table 3. 1 

Differential expression analysis for 5-FU resistant HCT116 cells at 0 hours 

Table 3.1 summarises table summarises the top 50 differentially expressed probesets using a 1.5 fold change and 

a p-value <0.05 for filtering. Up-regulated genes have fold changes indicated in red and down-regulated genes 

have fold changes indicated in green. Table 1 shows the top 50 differentially expressed probesets with gene 

symbols with fold changes p-values, probeset ID and the function of each respective gene in the table.. 
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(A) 

 

 
 (B)  
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(C) 

 

 
 

(D)  
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Figure 3.2 

Biology of differential expression comparing sensitive versus 5-FU resistant cells  

A total of 341 differentially expressed probesets were identified in the analysis. (A) Hierarchical clustering using 

the 341 probesets. The heatmap reveals that these probesets can distinguish between sensitive and 5-FU resistant 

samples at 0 hours with a strong visual separation between both entities. Probesets that are up-regulated are 

indicated in red and probesets that are down-regulated are indicated in green and black indicates intermediate 

expression. The overlay bar shows sensitive cells in blue and 5-FU resistant cells (FUR0) in red. Both sensitive 

and resistant cells were done in triplicates. (B) Table with the top pathways meeting the statistical threshold using 

the list of differentially expressed probsets. The statistical significance cut-off point is provided with a vertical 

orange line and information relating to the activation status of each respective pathway is also indicated in the 

analysis. or inhibited. Blue indicates the pathway is inhibited, orange indicates the pathway is activated, grey 

indicates pathway status cannot be determined, white refers to neutral and that its activation status cannot be 

determined. The orange line with squares that intersects each pathway demonstrates the ratio and an additional 

thin orange line that is vertical shows the p-value cutoff point, <0.05 is significant.  (C) Table listing the top 5 

networking analyses from the IPA core analysis. The top networking analyses were extracted from the list of 

differentially expressed probesets using the scoring system in IPA. IPA calculates a score for each network using 

a series of focus genes. These focus genes are the genes identified in the analysis. A p-value (Fisher’s exact t-test) 

is used to calculate the score and these scores are based on how well a fit each network is with these focus genes. 

The score derived from this p-value demonstrates the probability of these focus genes in any given network being 

discovered together purely due to chance. (D) Top network of the 5 presented in the previous table (C). Genes 

that are up-regulated are indicated in red and genes that are down-regulated are indicated in green. Networking 

analysis was also performed and is indicated, displaying the top 5 in a table. Dashed lines indicate an indirect 

relationship between genes; straight lines indicate a direct relationship. The location of where these genes are 

expressed is indicated, e.g. extracellular space, plasma membrane, cytoplasm and nucleus. Symbols indicate the 

functionality of the genes - diamond = enzymes, oval = transcription regulators, circles = others (not known) as 

specified under the IPA legends system. Loops around symbols demonstrate that the gene is self-regulatory and 

can both activate and inhibit itself.  

 

3.8 Biology of differential expression between parental versus oxaliplatin resistant cells 

For the oxaliplatin treated HCT116 cells, it was noted that the IC50 for the sensitive cells was 

0.3μM and increased to 9.4 μM in the resistant cell lines. Thus higher doses of oxaliplatin are 

required to reduce cell viability to 50%. Typically in a clinical setting, patients receive a dose 

of oxaliplatin at 85 mg/m2 and a dose of 5-FU at 600 mg/m2, which is administered 

intravenously along with leucovorin at 200 mg/m2. Infusions are typically administered in 2 

weekly cycles. A differential gene expression analysis was performed, comparing sensitive 



127 | P a g e  
 

versus oxaliplatin resistant CT116 cells. A fold change of 1.5 and a p-value < 0.05 was used as 

the filtering criteria. A total of 520 differentially expressed probesets were identified. Table 2 

shows the top 50 differentially expressed probesets. Genes of potential interest discovered 

from the analysis include collagens and fibroblast growth factors, such as COLO12A and 

FGF9, which are linked to drug resistance in CRC 266’267. Hierarchical clustering using the 

Euclidean distance with the Ward’s linkage method revealed that, as expected, the 520 most 

differential expressed probesets could separate the sensitive samples from the resistant 

samples as indicated before (see Figure 3.2). The biological pathways associated with these 

differentially expressed probesets were examined and the top pathways were listed as before 

(Table 3.2).  
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Table 3.2 

Differential expression analysis between oxaliplatin sensitive versus resistant  

Tabel 3.2 summarises the top 50 differentially expressed probesets using a 1.5 fold change and a p-value <0.05 

for filtering. Up-regulated genes have fold changes indicated in red and down-regulated genes have fold changes 

indicated in green. Probeset IDs, p-values, gene symbols/names are included. The location of where the gene is 

expressed is provided.  
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Figure 3.3  

Biology of differential expression between parental versus oxaliplatin resistant cells 

520 differentially expressed probesets were identified in our analysis. (A) Shows hierarchical clustering using the 520 

probesets. The heatmap demonstrates that these probesets can discriminate between sensitive and oxaliplatin resistant 

samples at 0 hours, as a strong separation was achieved  between the two samples. Probesets that are up-regulated are 

indicated in red and conversely probesets that are down-regulated are indicated in green with black representing 

intermediate expression. The overlay bar shows sensitive samples in blue and oxaliplatin resistant (OR0) samples in red, 

both samples were done in triplicate. (B) Shows a table with the top pathways meeting the statistical cut-off point using 

the list of differentially expressed probsets. (C) a table was constructed listing the top 5 networking analysis from the IPA 

core analysis. (D) The top networking analysis was extracted from Figure 3.3 (C) using the scoring system in IPA and in 

presented above.  

 

3.9 Overlap between 5-FU/oxaliplatin drug resistant signatures    

Figure 3.4 shows Venn diagrams (generated through Venny, online tool) representing the overlap 

between the above lists of differentially expressed genes in the 5-FU/oxaliplatin experiments. 

Percentages and number of genes are indicated, with a total of 62 overlapping probesets. These 

overlapping probesets were labeled a FOLFOX-like signature because they represent drug resistant 

genes that are common between 5-FU and oxaliplatin resistant cells, which are both combined as part 

of FOLFOX therapy. (Table 3.3 and Table 3.4) show the gene overlap and top pathways associtated 

with these lists of genes that were found to be in common from the Venn diagram. 
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Figure 3.4 

Overlap between 5-FU/oxaliplatin drug resistant cell line (HCT116) CRC signatures                                                             

The above Venn diagram illustrates the overlap between the 2 lists of differentially expressed genes for both 5-FU 

induced drug resistance and oxaliplatin-induced drug resistance experiments using the HCT116 CRC cell lines. Numbers 

of gene overlap and percentages are included. 
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Table 3.3                                  

Gene summary from Venn diagram                                                                                                                        

The 2 lists of differentially expressed genes for both 5-FU induced drug resistance and oxaliplatin-induced drug 

resistance experiments were inserted into a Venn diagram. The above table sumarises the 62 probesets that overlaped. 

Only the actual gene symbols were shown. Cyclin genes involved in the cell cycle, collagens and zinc finger proteins 

were found to be in common between both lists of differentially expressed genes from both drug resistant cell line 

experiments.  

Gene_Symbol Function
ANXA10 annexin A10(ANXA10)
ARL4C ADP ribosylation factor like GTPase 4C(ARL4C)
c1orf43 chromosome 1 open reading frame 43(C1orf43)
CAPN6 calpain 6(CAPN6)
CARNMT1 carnosine N-methyltransferase 1(CARNMT1)
CCNG2 cyclin G2(CCNG2)
COCH cochlin(COCH)
COL12A1 collagen type XII alpha 1 chain(COL12A1)
CPEB2 cytoplasmic polyadenylation element binding protein 2(CPEB2)
DDX60L DEAD-box helicase 60-like(DDX60L)
DICER1 dicer 1, ribonuclease III(DICER1)
Dleu2 deleted in lymphocytic leukemia 2 (non-protein coding)(DLEU2)
FKBP4 FK506 binding protein 4(FKBP4)
GART phosphoribosylglycinamide formyltransferase
HAS2 hyaluronan synthase 2(HAS2)
HCG18 HLA complex group 18 (non-protein coding)(HCG18)
INSIG1 insulin induced gene 1(INSIG1)
IRS1 insulin receptor substrate 1(IRS1)
KIFC2 kinesin family member C2(KIFC2)
LHFP lipoma HMGIC fusion partner(LHFP)
MAST4 microtubule associated serine/threonine kinase family member 4
MBNL3 muscleblind like splicing regulator 3(MBNL3)
METAP2 methionyl aminopeptidase 2(METAP2)
MIR15A microRNA 15a(MIR15A)
NOP16 NOP16 nucleolar protein(NOP16)
NRIP1 nuclear receptor interacting protein 1(NRIP1)
NUP35 nucleoporin 35(NUP35)
NUP58 nucleoporin 58(NUP58)
PALLD palladin, cytoskeletal associated protein(PALLD)
PELI2 pellino E3 ubiquitin protein ligase family member 2(PELI2)
PROSER2 proline and serine rich 2(PROSER2)
RASGRP1 RAS guanyl releasing protein 1(RASGRP1)
RGS2 regulator of G-protein signaling 2(RGS2)
RNF138 ring finger protein 138(RNF138)
SCAF11 SR-related CTD associated factor 11(SCAF11)
SCARA3 scavenger receptor class A member 3(SCARA3)
SELENOT selenoprotein T(SELENOT)
SGK1 serum/glucocorticoid regulated kinase 1(SGK1)
SNORD50A sapiens    small nucleolar RNA, C/D box 50A(SNORD50A)
SUN3 Sad1 and UNC84 domain containing 3(SUN3)
syne3 spectrin repeat containing nuclear envelope family member 3
TAF5 TATA-box binding protein associated factor 5(TAF5)
TNPO1 transportin 1(TNPO1)
Umad1 UBAP1-MVB12-associated (UMA) domain containing 1(UMAD1)
ZBED2 zinc finger BED-type containing 2(ZBED2)
ZBTB20 zinc finger and BTB domain containing 20(ZBTB20)
ZMAT1 zinc finger matrin-type 1(ZMAT1)
znf268 zinc finger protein 268(ZNF268)
ZNF283 zinc finger protein 283(ZNF283)
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Table 3.4 
 
KEGG Pathways asscoiated with the drug resistant signatures  

The above table shows the top pathways associated with the 62 probesets displayed in the proceeding Table 3.3. The 

analysis was performed using an online tool called DAVID pathways analysis. P-values and adjusted p-values are also 

shown. FoxO signalling was found to be the top pathway asscitated with the overlapiing genes, follwed by Aldosterone-

regulated sodium reabsorption and microRNAs in cancer.  

 
 

3.5, 3.6 and 3.7 Validation of drug resistant signatures in GSE42387 cell line data 

The GSE42387 drug resistant cell line dataset was utilised to independently validate the findings 

presented from the discovery HCT116 cell line work. The data set was generated from three 

independent CRC cell lines, HT29, LoVo  and HCT116 which were treated with either oxaliplatin or 

SN-38 (irinotecan). SN-38 is a metabolite of irinotecan and is a topoisomerase inhibitor, which 

induces DNA damage breaks. These cells were all long term resistance cells created by again 

incrementally increasing the drug concentration over the duration of 9 months according to the 

author’s protocol 188. Sensitive and matching resistant samples experiments were done in triplicate 

and were all included in the analysis. Hierarchical clustering was used with Euclidean distance and 

the Ward’s method to assess all three drug resistant signatures (the 5-FU signature, the oxaliplatin 

signature and the overlap between the two representing a potential FOLFOX-like signature) 

identified in the discovery (See Figure 3.5, 3.6 and 3.7). Summarising the data from Figures 3.5, 3.6 

and 3.7, it can be concluded that all three drug resistant signatures could identify all three 

independent drug resistant cell lines (HT29, LoVo and HCT116 cells). Interestingly, all three 

signatures could further distinguish between not only the sensitive versus resistant samples but also 

the SN-38 treated cell lines. This suggests that drug resistance in cell lines is not necessarily 

dependent on the compound evaluated but may represent a universally adopted mechanism, given 

that  our drug resistant signature could identify the SN-38 resistant cells also. It was also noted that 

these genes grouped together according to cell line and resistant/sensitive samples.

Category Term P-Value Benjamini
KEGG_PATHWAY FoxO signaling pathway 2.60E-02 5.70E-01
KEGG_PATHWAY Aldosterone-regulated sodium reabsorption 7.10E-02 7.00E-01
KEGG_PATHWAY MicroRNAs in cancer 9.90E-02 6.80E-01
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Figure  3.5 

Validation HCT116 5-FU resistant signature in GSE42387 data 

The HCT116 5-FU resistant signature we discovered in our discovery analysis was validated in the GSE42387 

independent cell line dataset. The data contained HCT116 parental (sensitive) cells, HCT116 oxaliplatin resistant 

cells and HCT116 SN-38 (irinotecan) resistant  cells. All samples were done in triplicate. The same sensitive 

cells, oxaliplatin resistant cells and SN-36 resistant cells were also available for LoVo and HT29 cells. Resistance 

in these cell lines developed over the course of 9 months (all long term resistance). An overlay bar with matching 

colour legends is indicated for each cell line and drug used.  Hierarchical clustering was carried out using 

Euclidean distance with the Ward’s method. High gene expression intensity is indicated in red, black with 

intermediate expression and green indicates low expression. Based on the evidence provided above, it is evident 

that the 5-FU drug resistant signature we discovered can discriminate between all three independent drug 

resistant cell lines. A strong separation was observed particularly in the HCT116 cell lines as was expected. 

Nevertheless, the 5-FU signature showed strong separation with both the HT29 cells and LoVo cells, indicating 

the identification of resistance in independent cell lines.     
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Figure.3.6                                                                                                                                                   

Validation of HCT116 oxaliplatin resistant signature in GSE42387  dataset  

Our HCT116 oxaliplatin resistant signature was validated in the GSE42387 independent cell line dataset. Overlay 

bars with matching colour legends are indicated for each cell line and drug used.  Hierarchical clustering was 

performed using Euclidean distance with the Ward’s method. High gene expression intensity is indicated in red, 

black with intermediate expression and green indicates low expression. Based on the above heatmap it is evident 

that the oxaliplatin signature showed a strong separation between all cell lines irrespective of the type of drug 

resistance. Therefore, drug resistant mechanisms and signalling across multiple cell lines may be universal 

regardless of the compound used to induce resistance and in vitro drug resistance models can recapitulate other 

independent in vitro drug resistant models such as using cell lines. 
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Figure 3.7                                

Validation HCT116 FOLFOX-like resistant signature in GSE42387  dataset  

The HCT116 FOLFOX-like resistant signature was validated in the GSE42387 independent cell line dataset. An 

overlay bar with matching colour legends is indicated for each cell line and drug used. Hierarchical clustering 

was carried out using Euclidean distance with the Ward’s method. High gene expression intensity is indicated in 

red, black with intermediate expression and green indicates low expression. Based on the above heatmap one 

could draw the same conclusions as before that the FOLFOX-like signature could differentiate between all three 

independent drug resistant cell lines.  
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3.8, 3.9 and 3.11 Validation of drug resistant signatures in GSE81005 data  

The GSE81005 dataset was used to further validate the drug resistant discovery work. This 

data contains HCT8 cell lines treated with 5-FU with matching sensitive and resistant cells for 

0 hours (long term resistance), 24 hours and 48 hours time points 189. These time points 

represent immediate intrinsic drug resistance Summarising the data from the  three different 

drug resistant signatures we discover in our analysis (Figures 3.8, 3.9 and 3.11) indicates that 

there was a strong separation between sensitive and resistant cell lines. Moreover, looking at 

the different time points, it can be seen that the signatures may also discriminate between the 

different time points used to treat the cells such as 0hr, 24 and 48hr. This suggests that long 

term resistance is quite different to short term resistance at least at the transcriptional level. 

Therefore, from a clinical perspective, it may be more relavent to consider only these genes 

that are linked to long term chemotherapy resistance as indicated at the begining of this 

chapter.  
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Figure.3.8                                                                                                                                                                                                                                 

Validation of 5-FU drug discovery signatures in GSE81005 cell line data  

Heatmap depicting the expression of our 5-FU drug resistant signature in the GSE81005 cell line data set using 

Euclidean distance with the Ward’s method. Long term resistance was established by exposing the cell lines to 

incremental increases in 5-FU drug concentration over the duration of 8 months. This long term resistance is 

represented as 0 hours. HCT8 cells were also treated with 5-FU for 24 hours and 48 hours respectively to 

represent immediate drug resistant changes. (HCT8/WT) represents the sensitive samples and the (HCT8/5-FU) 

represent the resistant samples. Each cell line sample analysis was performed in triplicate. Above the heatmap 

legends are provided with corresponding colours for samples used. High gene expression is indicated in red, 

black with intermediate expression and green indicated low gene expression. It is evident that the 5-FU signature 

can distinguish between sensitive and resistant samples using these independent HCT8 cell lines. However, 

expression intensity of some of these genes appears to vary across different time points suggesting that long term 

and short term drug resistance may be different. 
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Figure.3.9                                                                                                                                                        

Validation of oxaliplatin resistant signatures in GSE81005 cell line data                                                        

Heatmap depicting the expression of the oxaliplatin drug resistant signature in the GSE81005 data set using 

Euclidean distance with the Ward’s method. Long term resistance was established over the course of exposing 

the cell lines to incremental increases in 5-FU drug concentration over the duration of 8 months. This long term 

resistance is represented as 0 hours. HCT8 cells were also treated with 5-FU for 24 hours and 48 hours 

respectively to represent immediate drug resistant changes. (HCT8/WT) represents the sensitive samples and the 

(HCT8/5-FU) represent the resistant samples. Each cell line sample is shown in triplicate. Above the heatmap 

legends are provided with corresponding colours for sample used. High gene expression is indicated in red, black 

with intermediate expression and green indicated low gene expression. It is evident that the oxaliplatin signature 

can distinguish between sensitive and resistant samples using these independent HCT8 cell lines. Again 

expression intensity of some of these genes varied across different time points. 
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Figure 3.11                              

Validation of FOLFOX-like signatures in GSE81005 cell line data  

Heatmap depicting the expression of the FOLFOX-like drug resistant signature in the GSE81005 data set using 

Euclidean distance with the Ward’s method. Long term resistance was established over the course of exposing 

the cell lines to incremental increases in 5-FU drug concentration over the duration of 8 months. This long term 

resistance is represented as 0 hours. HCT8 cells were also treated with 5-FU for 24 hours and 48 hours 

respectively to represent immediate drug resistant changes. (HCT8/WT) represents the sensitive samples and the 

(HCT8/5-FU) represent the resistant samples. Again each cell line sample is shown in triplicate. Above the 

heatmap legends are provided with corresponding colours for sample used. High genes expression is indicated in 

red, black with intermediate expression and green indicated low gene expression. It is evident that the FOLFOX-

like signature can distinguish between sensitive and resistant samples using these independent HCT8 cell lines.  
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3.12, 3.13 and 3.14 Validation of drug resistant signatures in GSE72970 

A clinically annotated transcriptional  dataset, consisting of 124 patient samples 268. Detailed 

information was available relating to the type of response the patient underwent, for example, 

partial response, complete response, progression with disease and stable disease. The response 

rate was evaluated using the RECIST criteria. The GSE72970 dataset was retrieved to verify 

and validate the findings previously observed in CRC cell lines. The patients  known to be 

responsive or non-responsive to a spectrum of routinely used chemotherapy-based regimes 

included either FOLFOX or FOLFIRI based therapy. Patients had also been treated with a 

number of  biological agents e.g. bevacizumab and erbitux. It is evident from figures 3.12, 

3.13 and 3.14 that none of the three drug resistant signatures generated in the cell line models 

had the capacity to identify any responsive or non-responsive patients or to even determine the 

kind of response that the patient experienced or the chemotherapy regime used. This strongly 

suggests that the HCT116 cell line signatures are not able to predict clinical responses using 

patient data. 
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Figure 3.12  

Validation of 5-FU signature in GSE72970 clinical patient cohort data          

Heatmap indicating the expression of the 5-FU drug resistant signature using the GSE72970 patient cohort using 

Euclidean distance with the Ward’s method. Above the heatmap is a series of colour corresponding legends 

located above the overlay bars for each type of treatment used (FOLFOX or FOLFIRI based therapy). 

Additionally, colour legends are provided for response and specifically what type of response the patient 

underwent. The first overlay bar above the heatmap indicates the type of chemotherapeutic compound used. The 

second line indicates the patient’s response to this therapy that is, responder (yellow) or non-responder (blue). 

Finally, the third line indicates the type of response, with partial response, complete response etc. Our 5-FU drug 

resistant signature showed no enrichment for any of the transcriptional data from the non-responsive patients nor 

was the signature able to identify any response specifically. In line with this observation, the signature did  not 

enrich for any of the chemotherapeutic regimes used. This suggests that drug resistance in HCT116 cell lines is 

very different to drug resistance in patient samples. 

 



 145 

 
Figure 3.13                           

Validation of oxaliplatin signature in GSE72970 clinical patient cohort  

 Heatmap depicting expression of the oxaliplatin drug resistant signature in the GSE72970 dataset using 

Euclidean distance with the Ward’s method. Above the heatmap is a series of colour corresponding legends 

located above the overlay bars for each type of treatment used (FOLFOX or FOLFIRI based therapy). Colour 

legends are provided for response and specifically what type of response the patient underwent. The first overlay 

bar above the heatmap indicates the type of chemotherapeutic compound used. The second line indicates the 

patient’s response to this therapy that is, responder (yellow) or non-responder (blue). The third line indicates the 

type of response, with partial response, complete response etc. The oxaliplatin drug resistant signature showed no 

enrichment for any of the transcriptional data from the non-responsive patients nor was the signature able to 

identify any response specifically, for example partial response or progressive disease. In line with this 

observation the signature did not enrich for any of the chemotherapeutic regimes used. This again suggests that 

drug resistance in HCT116 cell lines is very different to drug resistance in patient samples. 
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Figure 3.14 

 

 Validation of FOLFOX-like signature in GSE72970 patient cohort                                                

Heatmap conveying the expression of the FOLFOX-like drug resistant signature in the GSE72970 dataset using 

Euclidean distance with the Ward’s method. Above the heatmap is a series of colour corresponding legends 

located above the overlay bars for each type of treatment used (FOLFOX or FOLFIRI based therapy). Colour 

legends are provided for response and specifically what type of response the patient underwent. The first overlay 

bar above the heatmap indicates the type of chemotherapeutic compound used. The second line indicates the 

patient’s response to this therapy that is, responder (yellow) or non-responder (blue). The third line indicates the 

type of response, with partial response, complete response and so on) as indicated before, please see preceeding 

figure. Using the FOLFOX-like signature no enrichment was observed for transcriptional data from the any of the 

patient samples, again demonstrating that in vitro drug resistance does not recapitulate in vivo drug resistance.  

 

3.15, 3.16 and 3.17 Validation of drug resistant signatures in GSE62080 data 

To reaffirm that cell line generated signatures cannot be employed to evaluate resistance in 

clinical samples, a second patient cohort transcriptional dataset was identified and analysed. 

This dataset (GSE62080) consisted of transcriptomic data from 21 patients with metastatic 

disease and had clinical information about whether or not patients were sensitive or resistant 
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to FOLFIRI-based treatment 269. Evaluation of the dataset was performed to determine if our 

identified drug resistant signatures could enrich for the FOLFIRI-resistant patient samples. 

Based on the results from  Figures 3.15, 3.16 and 3.17, it is clear that the signatures do not 

preferentially select chemotherapy resistant patient samples. Thus drug resistant HCT116 cell 

line signatures do not predict resistance to FOLFIRI therapy, providing further credence to the 

hypothesis that in vitro drug resistance does not recapitulate in vivo drug resistance.  
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Figure.3.15                                                                                                                                                             

Validation 5-FU drug discovery signatures in GSE62080 patient data 

Heatmap showing expression of the 5-FU drug resistant signature in the GSE62080 clinical patient cohort using 

Euclidean distance with the Ward’s method. The data contained transcriptional profiles of patient samples that 

were either sensitive or resistant to FOLFIRI therapy. Located directly above the heatmap is the overlay bar. 

Yellow samples are FOLFIRI resistant and blue samples are FOLFIRI sensitive. It is evident based on the data 

provided that the 5-FU drug resistant signature was unable to identify any of the FOLFIRI resistant samples as no 

enrichment of the signature was observed in the patient sample transcriptional data. This provides further 

credence that cell line drug resistance profiles do not reflect drug resistance observed in patient samples. 
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Figure.3.16                                                                                                                                                                   

Validation of oxaliplatin drug signature in GSE62080 patient data 

Heatmap showing expression of the oxaliplatin drug resistant signature in the GSE62080 clinical patient cohort 

using Euclidean distance with the Ward’s method. The data contained patient samples that were either sensitive 

or resistant to FOLFIRI therapy. Located directly above the heatmap is the overlay bar. Yellow samples are 

FOLFIRI resistant and blue samples are FOLFIRI sensitive. It is evident based on the transcriptomic data 

analysed that the oxaliplatin drug resistant signature was unable to identify any of the FOLFIRI resistant samples 

as no enrichment of the signature was observed.  
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Figure 3.17                                          

Validation of FOLFOX-like signature in GSE62080 patient data 

Heatmap showing expression of the FOLFOX-like drug resistant signature in the GSE62080 clinical patient 

cohort using Euclidean distance with the Ward’s method. The data contained patient samples that were either 

sensitive or resistant to FOLFIRI therapy. Located directly above the heatmap is the overlay bar. Yellow samples 

are FOLFIRI resistant and blue samples are FOLFIRI sensitive. It is evident based on the data provided that the 

FOLFOX-like drug resistant signature was unable to identify any of the FOLFIRI resistant samples as no 

enrichment of the transcriptomic signature was observed. 
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(A) (B) 

 
Figure 3.17.1 
 
 
T-test confirms in vitro drug resistant signatures do not rrecapitulate in vivo drug resistance 

(A) The mean expression of the oxaliplatin signature was plotted using a boxplot with a student unpaired t-test 

demonstrating that the oxaliplatin signature does not discriminate between responder and non-responder using a 

clinical patient cohort. The t-test was not statistically signifficant which indicates that the cell line derived 

oxaliplatin signature does not recapitulate drug resistance in a clinical setting. (B) Shows the mean expression of 

the 5-Florouracil signature using a boxplot. Again the oxaliplatin signature could not discriminate between 

responder or non-responder. The unpaired t-test was not statistically significant and reaffirming that cell lines 

cannot minic drug resistance observed in a clinical setting.  

 

3.18 and 3.19 Discovery of clinically relevant drug resistant genes in GSE72970  

Given that our analysis failed to indicate a relationship between drug resistance in cell lines 

and in patient samples, it was decided  to focus on patient samples with matching 

transcriptomic and clinical  data. It was invisioned that this would more accurately reflect 

transcriptional changes and mechanisms of resistance associated with chemotherapy 

treatment. Moreover it may help explain why in vitro drug resistance does not recapitulate in 

vivo drug resistance and help put our results into context. We employed the GSE72970 dataset 

(Figure 3.12, 3.13 and 3.14)  to perform a differential gene expression analysis between data 
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from responsive and non-responsive patients using a fold change of 1.5 and an FDR <0.05. A 

total of 25 differentially expressed probesets were detected. There is a strong connection 

between GREM1 expression and other genes differentially expressed when comparing 

responders versus non-responders and for this reason we choose to investigate GREM1 further 

(Table 3.3). Pathway analysis was performed on these 25 probesets (Figure 3,18 (A) 

Gremlin1, DAN Family BMP Antagonist (GREM1) and Secreted Frizzled-Related protein 4 

(SFRP4) were selected for further analysis. Boxplots and Kaplan Meier curves of GREM1 

expression were generated (where red equals high and blue equals low GREM1 expression). 

Using progression free survival (PFS) data, low GREM1 expression was found to be 

prognostic and marked the responsive patients to FOLFIRI (See Figures 3.18, 3.19).  

 

A second differential gene expression analysis was performed using the GSE62080 

transcriptomic data, comparing FOLFIRI sensitive samples versus FOLFIRI resistant samples 

(Table 3.4). The same filtering criteria are used, a 1.5 fold change and p-values of <0.05. In 

this analysis, we discovered approximately 300 differentially expressed probesets (Table 3.4). 

Many of the genes detected are implicated in fibroblast function and can contribute towards 

drug resistance in CRC. Certain genes  including BMPR1 (bone morphonogenic protein type 

1B) including WLS (WNT ligand secretion mediator) were found to be differentially 

expressed. Additionally, collagens and RAS-related proteins also emerged from the analysis. 

Several insulin like growth factors, fibroblast growth factors and prostaglandins, matrix 

metalloproteases and a number of interleukins were also detected (Tables 3.3, 3.4). GREM1 

expression is linked to these genes and therefore GREM1 may be a potential drug resistance 

target.
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Table 3.3   

Gene expression analysis in GSE72970 dataset     

Table 3 shows differential gene expression analysis using the GSE72970 dataset comparing responders versus non-responders to FOLFOX and FOLFIRI based therapy. Only 

25 differentially expressed probesets met the filtering criteria of a p-value of <0.05 and a FC of 1.5.  
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(A) 

  
(B)        (C)   

Figure 3.18  GREM1 is a potential marker of response to therapy 

(A) shows the top pathways associated with  the 25 differentially expressed genes. (B) Shows a Kaplan Meier 

curve splitting GREM1 expression into high and low based on the patient median number. Hazard ratios 

(HR), confidence intervals (CI) and p-value are indicated. High GREM1 expression is associated with better 

progression free survival (PFS). (C) Boxplot of GREM1 expression comparing responders versus non-

responders. Higher GREM1 expression was observed in the responsive group of patients.
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P-value Fold Change ID Symbol Entrez Gene Name
0.0350578 4.17772 217109_at MUC4 mucin 4, cell surface associated(MUC4)
0.0359275 3.45242 219759_at ERAP2 endoplasmic reticulum aminopeptidase 2(ERAP2)
0.0336581 3.44685 227462_at ERAP2 endoplasmic reticulum aminopeptidase 2(ERAP2)
0.000177827 2.15854 230774_at PTGR2 prostaglandin reductase 2(PTGR2)
0.00908747 2.08596 208998_at UCP2 uncoupling protein 2(UCP2)
0.0202684 1.96929 228988_at ZNF711 zinc finger protein 711(ZNF711)
0.0494426 1.93487 205229_s_at COCH cochlin(COCH)
0.0128293 1.91188 225368_at HIPK2 homeodomain interacting protein kinase 2(HIPK2)
0.0242125 1.89268 208997_s_at UCP2 uncoupling protein 2(UCP2)
0.0487497 1.87564 223235_s_at SMOC2 SPARC related modular calcium binding 2(SMOC2)
0.0214932 1.86655 205891_at ADORA2B adenosine A2b receptor(ADORA2B)
0.0348574 1.84222 216542_x_at IGHA1 immunoglobulin heavy constant alpha 1(IGHA1)
0.0179317 1.83278 212415_at Sep-06 septin 6(SEPT6)
0.00802677 1.81955 206295_at IL18 interleukin 18(IL18)
0.0339515 1.78901 225421_at PM20D2 peptidase M20 domain containing 2(PM20D2)
0.0450539 1.78009 214157_at GNAS GNAS complex locus(GNAS)
0.011962 1.77487 218298_s_at c14orf159 chromosome 14 open reading frame 159(C14orf159)
0.0435224 1.76936 212590_at RRAS2 related RAS viral (r-ras) oncogene homolog 2(RRAS2)
0.0145709 1.76268 225062_at LOC102724951 uncharacterized LOC102724951(LOC102724951)
0.0250064 1.75371 223302_s_at ZNF655 zinc finger protein 655(ZNF655)
0.0117467 1.74998 229812_at USP48 ubiquitin specific peptidase 48(USP48)
0.02849 1.74637 228144_at ZNF300 zinc finger protein 300(ZNF300)
0.0211178 1.71454 204971_at CSTA cystatin A(CSTA)
0.032587 1.70558 204891_s_at LCK LCK proto-oncogene, Src family tyrosine kinase(LCK)
0.0421752 1.69418 1553132_a_at TC2N tandem C2 domains, nuclear(TC2N)
0.0248255 -2.00422 202708_s_at HIST2H2BE histone cluster 2 H2B family member e(HIST2H2BE)
0.028765 -2.00625 202388_at RGS2 regulator of G-protein signaling 2(RGS2)
0.00915636 -2.01025 208798_x_at GOLGA8A golgin A8 family member A(GOLGA8A)
0.0272055 -2.05812 223278_at GJB2 gap junction protein beta 2(GJB2)
0.014357 -2.07413 201116_s_at CPE carboxypeptidase E(CPE)
0.039436 -2.08428 206638_at HTR2B 5-hydroxytryptamine receptor 2B(HTR2B)
0.00958781 -2.08918 232099_at PCDHB16 protocadherin beta 16(PCDHB16)
0.0468646 -2.10846 205547_s_at TAGLN transgelin(TAGLN)
0.0474475 -2.11003 202917_s_at S100A8 S100 calcium binding protein A8(S100A8)
0.0294968 -2.11985 206907_at TNFSF9 tumor necrosis factor superfamily member 9(TNFSF9)
0.0255076 -2.17686 228370_at SNORD116-4 small nucleolar RNA, C/D box 116-4(SNORD116-4)
0.0403409 -2.19662 213943_at TWIST1 twist family bHLH transcription factor 1(TWIST1)
0.0495924 -2.19725 205174_s_at QPCT glutaminyl-peptide cyclotransferase(QPCT)
0.00533817 -2.2354 39248_at AQP3 aquaporin 3 (Gill blood group)(AQP3)
0.0232525 -2.34114 229927_at lemd1 LEM domain containing 1(LEMD1)
0.0297094 -2.38467 227061_at LINC01279 long intergenic non-protein coding RNA 1279(LINC01279)
0.031127 -2.3967 202291_s_at MGP matrix Gla protein(MGP)
0.0183717 -2.4032 201117_s_at CPE carboxypeptidase E(CPE)
0.00308616 -2.51912 227812_at TNFRSF19 TNF receptor superfamily member 19(TNFRSF19)
0.0329841 -2.52198 227051_at BACE2 beta-site APP-cleaving enzyme 2(BACE2)
0.0382198 -2.54209 221974_at SNORD116-4 small nucleolar RNA, C/D box 116-4(SNORD116-4)
0.0047511 -2.64998 212657_s_at IL1RN interleukin 1 receptor antagonist(IL1RN)
0.0103321 -3.05218 1554997_a_at PTGS2 prostaglandin-endoperoxide synthase 2(PTGS2)
0.00701265 -3.47923 229947_at PI15 peptidase inhibitor 15(PI15)
0.00704581 -3.7349 204748_at PTGS2 prostaglandin-endoperoxide synthase 2(PTGS2)
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Table.3.4                                                                                                                                                     

Identification of potential drug resistant markers of FOLFIRI treatment          

Table 3.4 shows DGEA in the GSE62080 dataset comparing transcriptomic data from sensitive versus 

resistant FOLFIRI patient samples. The top 50 differentially expressed probesets meeting the threshold (a p-

value of <0.05 and a fold change greater than or equal to 1.5) are displayed. 

 

  

Figure.3.19                                                                                                                                        

Overlap between drug resistance in cell lines versus in-vivo datasets 

(A) Venn diagram displaying drug resistant gene overlap between 5-FU resistant HCT116 

cells versus resistance to chemotherapy determined in clinical samples using the 

GSE62080 and GSE72970 datasets. (B) Venn diagram displaying drug resistant gene 

overlap between oxaliplatin resistant HCT116 cells versus resistance to chemotherapy 

determined in clinical samples using the GSE62080 and GSE72970 datasets. In each 

diagram, there is minimal overlap, suggesting that drug resistance in cell lines does not 

recapitulate the type of drug resistance that is observed in a clinical setting.
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3.17 Discussion 

3.18 Discovery cell line work 

The first section of this chapter described a series of experiments to  familiarise onself with 

the different bioinformatic techniques frequently employed to analyse transcriptomic  

datasets. Different computational approaches were evaluated for analysis of drug resistance 

signatures in HCT116 CRC cell lines. It was sought to test whether transcriptomic data 

generated from HCT116 revealed similar drug resistance mechanisms and pathways to that 

identified in independent cell lines and in patient samples. 

 

Using the HCT116 CRC cell lines, DGEA was performed between 5-FU and oxaliplatin 

resistant/sensitive samples. Genes revealed in the drug resistant cell line experiments 

included collagens such as COL12A1 (collagen type XII alpha 1 chain). Collagen is known 

to promote drug resistance in ovarian cancer cell lines 270 by increasing cell-to-cell 

adhesion, which in turn increases the strength of cell-to-cell interaction and consequently 

makes it more difficult for chemotherapy-based drugs to diffuse across cell membranes 266. 

Other gene candidates that were identified include RASGRP1 (RAS binding proteins) and 

CCNG2 (Cyclin G2, involved in cell cycle regulation) 271.  

 

RASGRP1 is part of the  MAPK signalling pathway which is  implicated in promoting drug 

resistance. For CCNG2 and DNA damage response repair pathways, following exposure to 

5-FU or oxaliplatin, a common cellular response is to up-regulate DNA damage response 

repair pathways such as Purine Nucleotides De Novo Biosynthesis 272–276 . This pathway is 

up-regulated to compensate for the loss of purines incurred by these DNA damaging agents 
277. As was observed in our oxaliplatin experimental data these cells will try to recycle and 

replenish lost purines and pyrimidines by synthesizing new nucleotides which then insert 

themselves into new strands of DNA by intercalating between base pairs. Evidence for a 

role in the DNA damage response for these factors, was identified in our pathway analysis 

(this can be found in Figure 3.2, 3.3). Purine Nucleotide De Novo Biosynthesis II pathway 

was the top most statistically significant pathway in the oxaliplatin-resistance experiment. 

The cell up-regulates this pathway in order to increase ATP output required for cellular 

energy and also increases the quantity of nucleotides available after exposure to DNA 
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damaging agents such as 5-FU/oxaliplatin 278. According to a recent study in triple 

negative breast cancer, an increase in the activation of the Purine Nucleotide De Novo 

Biosynthesis pathway was implicated in promoting chemotherapy-related resistance. 

Conversely, upon pharmacological inhibition of this pathway, sensitivity to chemotherapy 

was restored 279. Data presented in this chapter supports the hypothesis that a similar 

treatment strategy could be beneficial in CRC, as purine nucleotide synthesis is ubiquitous 

in carcinogenesis and is frequently activated to circumvent DNA damage.  

 

Additionally, we noted another top pathway that is involved in 5-FU resistance was the 5-

aminoimidazole Ribonucleotide Biosynthesis I pathway (Figures 3.2, 3.3). A search in the 

literature indicates  that this pathway is another intermediate involved in the production of 

purines and other salvage pathways 280. After perfoming hierarchical clustering analysis 

using the 5-FU and oxaliplatin drug resistant signatures, it is evident that both signatures 

were able to discriminate between the senstive and resistant HCT116 CRC cell lines. Many 

of the networks identified by networking analysis were implicated  in cellular movement, 

drug metabolism, activation of DNA damaging response repair pathways and cell cycle 

alterations.  

 

Finally, a FOLFOX-like signature was identifed by using both lists of differentially 

expressed genes from the 5-FU/oxaliplatin experiments and a Venn diagram was plotted. 

The probesets that overlapped (62 in total) were hypothesised to be representative of genes 

that are likely to reflect the types of gene expression changes that occur in longer term drug 

resistance to either 5-FU or oxaliplatin.  

3.19 Validation using independent cell lines 

We next sought to verify and validate if the three drug resistant signatures (5-FU, 

oxaliplatin and FOLFOX-like) were similar  in other independent CRC cell lines. To 

address this question, the GSE42387 dataset was used, which consisted of LoVo, HT29 

and HCT116 cells. These cells were rendered resistant to either oxaliplatin or SN-38 

(irinotecan metabolite). The results indicated that all three drug resistant signatures were 

associated with drug resistance  in the independent cell lines (Figures 3.4- 3.6),  suggesting 

similarities in drug resistance mechanisms in different cell lines. The GSE42387 dataset 

also contained samples that were SN-38 (irinotecan) resistant providing some evidence that 



 159 

the gene expression changes induced by different therapeutic compounds (routinely used in 

the clinic) are similar across multiple cell lines.  

 

Taking this observation one step further, it was decided to interrogate the GSE81005 

dataset to determine if this similarity  was maintained  over time. The GSE81005 dataset 

comprises HCT8 CRC cell lines, treated with 5-FU at different time points, (0 hours, 24 

hours and 48 hours). The three discovery drug resistant signatures were tested in this 

dataset. While all three signatures could discriminate between HCT8 sensitive and resistant 

cell lines at time zero, this was not maintained at different time points (Figure 3.7- 3.9).  

3.20 Evaluation of  drug resistant signatures in patient datasets 

Another important question to address was to assess if any of the cell line drug resistant 

signatures could identify drug resistance in patient samples. To investigate this question, 

the GSE72970 dataset was utilised. This cohort consists of transcriptomic data from 154 

patients. All patients received either FOLFOX or FOLFIRI based therapy. Several clinical 

factors were examined and the type of therapy the patient received, overall response 

(responder or non-responder) and specifically what type of response the patients 

underwent, for example, complete response, partial response, stable disease or progressive 

disease. The GSE72970 dataset was interrogated using the three signatures but none of the 

signatures could discriminate between responders and non-responders (Figures 3.11- 3.13). 

Moreover, none of the signatures could identify any patient response type, suggesting that 

drug resistant signatures generated from cell lines are not predictive patient responses to 

chemotherapy in a clinical setting.  

 

To further validate this observation a second smaller patient dataset was identified 

(GSE62080). This dataset contained samples from 21 metastatic patients (either FOLFIRI 

sensitive or FOLFIRI resistant). As before hierarchical clustering was performed using the 

cell line signatures and none of the signatures could identify the FOLFIRI resistant 

samples (Figures 3.14-3.16). These results indicate that drug resistance in vitro does not 

recapitulate drug resistance in vivo. A number of factors may contribute to this difference. 

Recent data from a study of exposing 27 different strains of the MCF7 cell lines to 55 

different therapeutic compounds showed significant differences in  drug resistance and 

could be attributed to cell line passaging, cell line storage and cell line mutational profiles 
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281. Of note the HCT116 cell lines used in this chapter are MSI-high. Differences in gene 

expression patterns observed in the current  investigation when comparing HCT116 cells 

with HCT8, LoVo and HT29 most likely reflect the different mutational and molecular 

profiles of these cell lines as well. To what extent these factors effect transcriptional 

changes remains difficult to say.  

 

Given these reservations, DGEA was performed using the GSE72970 dataset comparing 

responders and non-responders to FOLFOX or FOLFIRI therapy. A total of 25 

differentially expressed probesets met the filtering criteria. Two relevent genes identified 

were Secreted Frizzled-Related Protein 4 (SFRP4) and Gremlin 1, DAN Family BMP 

Antagonist. SFRP4 modulates WNT signallingand also plays a role in cell growth, 

differentiation and bone morphogenesis. The initiation of the WNT pathway involves a 

WNT signaling ligand binding to the Secreted Frizzled-Related receptors located on the 

surface of colourectal tumour cells. WNT ligand protein modulates Rac1-dependent 

nuclear translocation of beta-catenin and this leads to the up-regulation of target genes 

such as c-myc and cyclin D1, which increases cell proliferation 282.  

 

GREM1 was also discovered in the top 25 differentially expressed genes. Moreover, there 

is some evidence to suggest that GREM1 and WNT signaling collaborate to orchestrate 

increased proliferation and cause disruption to cell differentiation 283. GREM1 is a bone 

morphonogenic protein (BMP) antagonist, which specifically attenuates BMP2 and BMP4 

signaling, thus inhibiting cell differentiation. GREM1 has also been implicated in 

influencing WNT signalling in CRC in a mouse model.  

 

Employing the GSE62080 dataset, a second  DGEA was performed between FOLFIRI 

sensitive versus FOLFIRI resistant patient samples (Table 3.4). BMPR1 (bone 

morphonogenic protein type 1B) including WLS (WNT ligand secretion mediator) were 

found to be differentially expressed. GREM1 is known to impede cell differentiation by 

interacting with and inhibiting multiple BMP ligands. Furthermore, inhibition of BMPs by 

GREM1 consequently induces an increase in numerous fibroblast growth factors 284. 

GREM1 has been reported to mark the fibroblasts in the stromal cell compartment and 

these fibroblast cells increase collagen production 285.  
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Interestingly, many fibroblast-associated genes were identified in our drug resistant in vitro 

and in vivo datasets. Fibroblast growth factor 7 (FGF7) was differentially expressed in the 

GSE62080 data and FGF9 was found in our cell lines 267. It is known that there is interplay 

and dependency between cancer associated fibroblast cells and multiple fibroblast growth 

factors. This has been well documented and perhaps GREM1 expression is central to all of 

this especially considering the emergence of BMP receptors, fibroblast growth factors, RAS 

related genes, collagens and other genes involved in the extra cellular matrix and matrix 

metalloproteases (MMPs). All of these processes were recored in our anlaysis. It is known 

that fibroblast cells increase invasion and metastasis by increasing MMPs and collagens 

encompass these fibroblast cells. There is interplay and dependency between cancer 

associated fibroblasts (CAF) and multiple fibroblast growth factors as well. GREM1 

expression may be a key component, especially given our observation on  BMP receptors, 

fibroblast growth factors, RAS related genes, collagens, genes involved in the extra cellular 

matrix and matrix metalloproteases (MMPs). CAF cells increase invasion and metastasis 

by increasing MMPs, while also  promoting drug resistance and reduced patient survival 
286. It has also been reported in the literature that these fibroblast cells promote resistance 

to therapy and decrease patient survival. Therefore a lot of the transcriptional changes 

occuring using clinical patient data appear to be coming from the TME specifically these 

fibroblast cells. 

 

Pathway analysis was performed on the 25 differentially expressed genes between 

responding/non-responding patient samples (Figures 3.17, 3.18) and Interleukin-17A (IL-

17A) emerged as the top pathway. IL-17A promotes inflammation in the colon and has 

been correlated with drug resistance in CRC 287. Moreover, abolishing the expression of 

IL-17A in mice has been shown to enhance tumour progression. Specifically, in APC 

deficient tumours, over-expression of IL-17A induces the up-regulation of ERK, p38, 

MAPK and NF-κB, which stimulates cell proliferation in transformed enterocytes 288. 

Interestingly, chemotherapy causes an up-regulation in IL-17A expression and 

consequently increases IL-17A signaling. However, monoclonal antibodies against IL-17A 

in conjunction with chemotherapy restored sensitivity to unresponsive colon tumours 289. 

Over expression of IL-17A has also been shown to attenuate anti-tumour responsiveness in 

colon tumours. Therefore, targeting IL-17A signaling in the context of CRC may in the 

future enhance chemotherapy-induced cytotoxicity and reactivate the anti-tumour response 

in a clinical setting.  
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GREM1 has also been reported to be over expressed in other inflammatory diseases such as 

Rheumatoid arthritis through the disruption of BMP signalling pathways 290. Additionally, 

Osteoarthritis was the top pathway in the GSE72970 data and GREM1 was present in this 

pathway. Both of these inflammatory pathways (IL-17A and NF-κB) were observed in drug 

resistance using data from two independent patient cohorts. Given that GREM1 has been 

implicated in inducing the activation of pro-inflammatory pathways, it is therefore 

conceivable that GREM1 may be a relevant marker of response to chemotherapy. Finally, 

GREM1 was investigated using progression free survival data by splitting GREM1 

expression into high and low values using the median patient number as the cut-off point 

(see figure 3.17). Low GREM1 expression was prognostic using PFS data and is 

identifying responsive patients. The data generated in this chapter provides a strong 

justification for interrogating GREM1 in more detail and a comprehesive GREM1 analysis 

forms the basis of Chapter 5.  

3.21 Conclusions 

The data generated from these analyses indicated  that drug resistance using the HCT116 in 

vitro (cell line) datasets can recapitulate drug resistance identified in other independent in 

vitro (cell line) datasets. However, there was no evidence for significant overlap of gene 

expression profiles in  in vivo (patient) datasets. Thus, transcriptional changes implicated in 

the development of drug resistance in cell lines are different from those that occur within 

the clinical setting.  

 

This difference presumably  reflects the role that the tumour microenvironment plays in 

modulating gene expression and drug resistance in the patient. Different cells within the 

stromal compartment (which is comprised largely of tumour infiltrating immune cells and 

cancer associated fibroblasts (CAFs) that harness an arsenal of secretetory cytokines, 

chemokines and growth factors can underpin these transcriptomic changes 151. Some of the 

molecules produced within these CAFs include collagens, fibroblast growth factors, RAS 

related proteins, insulin like growth factors, prostaglandins, MMPs, BMP receptors/ligands, 

secreted frizzled related proteins and TGFβ. It has been reported that many of these factors   

work in concert to orchestrate the establishment and mainatenance of the TME and in the 

promotion of drug resistance 291,292. Establishment of the extracellular matrix (ECM) is 
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supported by the presence of excess collagens, which contributes to increasing cell 

adhesion and interaction in nearby neighboring cells such as fibroblasts. This increases cell 

adhension and interaction making it significantly more difficult for chemotherapeutic 

compounds to diffuse through the ECM, thus cytotoxicity is significantly reduced 293. 

Therefore, using such an approach to identify potential drug resistance therapeutic targets 

is unlikely to lead to fruition and thus one should use only in vivo patient samples to 

identify targets in patient samples. Using patient tumour samples with well annotated 

clinical data, which takes into consideration tumour stroma and the tumour 

microenvironment, we identified GREM1 as a potential drug resistance biomarker. GREM1 

will be evaluated in Chapter 5 in order to give a more granualar understanding of the gene. 
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Evaluating the role of the tumour microenvironment in classifying BRAF and MSI 

tumours using a leukoctye derived BRAF mutant associated signature 

4.1 Introduction 

The mitogen-activated protein kinase, (MAPK) signalling pathway has long been considered 

a viable therapeutic option with potential clinical utility in the treatment of colorectal cancer 

(CRC) 31 . Several components of the MAPK pathway have already been subjected to clinical 

evaluation, for example, targeting MEK and BRAF targets with inhibitors has produced 

positive results in melanoma but very limited clinical benefit in CRC 294. The MAPK 

signalling pathway is activated when a growth factor ligand binds to a growth factor receptor 

such as the epidermal growth factor receptor (EGFR) (Figure 4.1). However, there is a 

repertoire of receptors that instigate the activation of the MAPK pathway such as tyrosine 

kinase receptors. Ligands engaging with these receptors trigger the dimerisation and 

subsequent phosphorylation of tyrosine kinase domains located on the transmembrane region 

of the receptor. This instigates the recruitment and activation of growth factor receptor-bound 

protein 2 (GRB2) through further phosphorylation. Activated GRB2 recruits and activates 

sons of sevenless (SOS) which in turn activates membrane bound RAS through the transfer of 

inactive GDP (guanosine diphosphate) to active GTP (guanosine triphosphate) creating an 

active RAS signalling complex 109. Activated RAS can then interact with downstream 

signalling molecules such as BRAF, which culminates in the phosphorylation of BRAF. 

Furthermore, BRAF can then activate MEK1/2, which leads to the activation of ERK1/2 

through further phosphorylation activity. This in turn results in the recruitment of 

transcription factors Jun and Fos which later translocate to the nucleus to stimulate the 

induction and expression of multiple genes such as cyclin D and c-myc involved in increasing 

cell proliferation 295.  
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Figure 4.1                                                                                                          

MAPK signal transduction pathway in CRC                                                                                            

The above diagram summarises the MAPK signalling pathway in CRC as outlined above. A growth factor ligand 

engages with tyrosine kinase receptors through phosphorlyation of tyrosine kinase domains. Next GRB2 

activates SOS, which in turn interacts with membrane bound RAS. Activated RAS leads to the activation of 

BRAF/MEK1/2/ERK1/2 signallingmolecules. Transcription factors Jun and Fos are then activated and 

translocate to the nucleas to induce, for example, Cyclin D1 expression. This stimulates cell proliferation in 

CRC. 

 

Another promising therapeutic target is the EGFR that is inhibited by the recombinant 

human/mouse chimeric monoclonal antibody cetuximab. However, following a series of 

clinical trials in metastatic CRC 296–298 clinical benefit is only observed in patients with 

KRASWT status. Patients with a KRASMT, which account for approximately 40% of  all CRC 

tumours, do not benefit from cetuximab as downstream activation of the EGFR pathway by a 

mutation in the RAS gene, confers intrinsic resistance to this treatment approach. In line with 

this resistance mechanism, recent evidence is also demonstrating a lack of efficacy in BRAF 

and other RAS mutant CRC tumours 299-300–302. Approximately, 8 – 15% of CRC patients 

harbour BRAF mutations and the oncogenic activating mutation (usually resulting in a V600E 
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transition) is known to negatively influence clinical outcome 303.  This poor prognosis was 

confirmed in the PETACC-3 clinical trial of 1,404 stage II/III colon cancers that had matched 

mutational data with transcriptional profiling using DNA microarray technology. The study 

focused on comparing FOLFOX and FOLFIRI therapy 304–306. Therapeutic tumour response 

using the above drugs from patients with either BRAFMT or BRAFWT status were evaluated 

using relapse free and overall survival data 303. The BRAFMT patients only did worse after 

relapse had occurred and no significant difference was observed when the patient was 

initially diagnosed with the disease 304–306. The difference in prognosis was even more 

pronounced when patients were further stratified based on microsatellite stability (MSS) and 

microsatellite instability (MSI) due to the favourable survival outcome for patients with MSI 

status in stage II/III CRC 307. When microsatellite status was accounted for no difference in 

patient prognosis for disease free survival and overall survival was observed further 

validating that BRAF mutational burden becomes a useful clinical biomarker for patient 

stratification after relapse has occurred 168-170-172. In other words BRAF mutations have a 

significantly worse survival outcome than BRAF wild type patients when only MSS patients 

were considered 307. Molecular signatures capable of classifying both BRAF mutant 

(BRAFMT) versus wild type (BRAFWT) patients and MSI versus MSS patients have been 

developed and subsequently published 309-310.  

 

Both studies used the PETACC-3 clinical trial data as the discovery dataset and both studies 

identified signatures in stage II/III CRC. One signature could assign patients into a 

BRAFMT/BRAFMT-like and BRAFWT category with a high degree of accuracy and 

sensitivity. The BRAF signature using the PETACC-3 data as the discovery and training data 

produced a sensitivity of 95.78% and specificity of 86.52%. Meanwhile, the independent 

validation of the signature in other datasets produced sensitivity values ranging from 

approximately 85 to 100% and specificity values of 54 to 91%. For both the discovery and 

test datasets, the error rate varied from 8 to 25. The lower the errror rate the more accurate the 

classifier is at detecting the molecular subtype of interest.  

 

In  the second  study the same group devised a signature to classify MSI versus MSS with an 

MSI-like group also discovered. The discovery cohort used to identify the MSI signature 

yielded a sensitivity of 93.1% and specificity of 87.9%. Validation cohorts had sensitivities 

ranging from approximately 90 to 95% and specificities of approximately 83 to 90%. The 
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signature again demonstrated a high degree of classification power as measured by the 

sensitivity and specificity values indicated above 310-309.  

 

Recently, six studies have been published, identifying the different molecular subtypes of 

CRC (Chapter 1 section 1.22). Each research publication stressed the potential clinical 

translational relevance of these subtypes, emphasizing unique biological properties and 

prognostic features associated with each subtype. As indicated in the Introduction (Chapter 

1), four consensus molecular subtypes (CMS) were identified. CMS1, an immune subtype 

with a more favourable prognosis; CMS2, an epithelial subtype, CMS3 a metabolically 

deregulated subtype, (both CMS2 and CMS3 had an intermediate prognosis, CMS4, a 

stromal subtype with high presence of fibroblasts and the poorest prognosis).  

 

These subtypes have been extensively validated, employing over 3000 retrospective tumour 

samples with clinical outcome in the CMS classification and have since been published, 

identifying the different molecular subtypes of CRC 147. (Please see general introduction, 

chapter 1 for details of each investigation after section 1.22). As indicated in the previosuly 

(scetion 1.22) a collaboration was later formed between these different research groups with 

the aim of defining a consensus for these molecular subtypes. This led to the identification of 

four consensus molecular subtypes (CMS). To recap the first discovered subgroup was CMS1 

(~85% are MSI and ~65% have BRAFMT), which is an immune subtype with a more 

favourable prognosis, CMS2 an epithelial subtype, CMS3 a metabolically deregulated 

subtype both of which had an intermdiate prognosis and finally CMS4, a stromal subtype 

with the poorest prognosis and high presence of fibroblasts.  

 

Therefore, it is conceivable that an immune-derived signature may be capable of classifying 

patients into BRAFMT/WT and at the same time may also align with MSI and MSS status. It 

has long been thought that MSI tumours lead to the abberant expression and presentation of 

tumour associated antigens (neoantigens), which consequentially mounts an immune 

response. This is possible because MSI tumours frequently carry a higher burden of 

mutations. This leads to increased expression levels of proteins present on the tumour cell 

that are identified as foreign antigens to the immne system. Therefore the immune system 

recognises these foreign antigens and subsequently attacks the tumour. Thus, given the 

importance of the immune filtrate coming from the TME we evaluated the potential of an 

immune derived signature to classify both BRAF and MSI status. Herein it was sought to add 
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additional value to the work that has already been published and potentially uncover novel 

tumour biology.  

 

Certain patients may benefit from a more targeted approach such as immune-based therapy 
311. However, their potential clinical utility for prospectively assigning prognosis is yet to be 

fully tested in a randomised controlled clinical trial. Interestingly, approximately 60%–65% 

of the CMS1 patient subgroup harbour BRAF mutations and approximately 85% are MSI 

high. The potential clinical application of such a signature might in the future facilitate 

patient stratification and complement the transcriptional signatures that have already been 

reported. Moreover, an immune signature that could classify both BRAF mutational status 

and MSI status may help elucidate the biology underlining BRAF and MSI tumour samples 

that are classified by these signatures. This is because both BRAF mutations and MSI 

tumours are enriched in CMS1 and have a high infiltration of B cells and T cells in particular. 

These MSI patients as a result have improved survival. Thus the TME influences patient 

survival and also response to treatment and therefore warrants further investigation 202-314. 
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Figure                             

4.2                                                                                                                                                                         

Biological and clinical features of the different molecular subgroups of CRC 

Table 4.2 summarises the four different consensus molecular subtypes (CMS) of CRC, identified through the 

pooling of data in an international collaboration. CMS1 represents 14% of all tumour samples classified by the 

CMS classifer. CMS1 is MSI and chromosomal instability methylation phenotype (CIMP) high. Moreover, 

these groups of patients are hypermutated, possess a high infiltration of active immune cells and have the best 

overall and relapse free survival but do worse after relapse. CMS2 makes up 37% of all CRC samples and has 

high somatic copy number alterations (SCNA). The  CMS2 group is of epithelial origin and has a high 

activation of the WNT signalling cannical pathway, leading to uninterrupted cell prolifereation. Also, MYC is 

highly active in this subtype and acts as a transcription factor to increase cell proliferation. CMS3 is a 

metabolically dysregulated subgroup, which makes up 13% of the population and has mixed MSI status with 

low SCNA and CIMP status. Additionally, CMS3 has a strong enrichment for KRAS mutations. CMS4 has a 

high infiltration of stromal cells particularly fibroblasts and consequently has the worst overall and relapse free 

survival of all CMS subtypes. CMS4 represents 23% of all CRC samples and has high SCNA with the up-

regulation and activation of tumour growth factor beta (TGFβ) and increased angiogenesis.  

 

 

4.2 Aims and Objectives  

1. To identify and extract an immune-derived transcriptional signature, with the ability 

to stratify tumours into robust molecular groups, using tumour samples originating 

from patients with either BRAFMT or BRAFWT disease. 
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2. To build a linear classifier to identify the transcriptional signalling associated with 

BRAF mutational status. 

3. To utilise this immune derived signature to classify tumour patient samples into 

BRAFMT/WT and align this signature with MSI status. 

4. To delineate the biology associated with this signature.  

4.3 Rationale  

Patient stratification is highly relevant in the clinical setting in order to achieve maximum 

therapeutic efficacy 315–318. Patients with different mutational and molecular profiles may 

require different treatment strategies, as described above in the case of EGFR targeting in 

CRC. Therefore, a transcriptional signature capable of discriminating between both BRAF 

and MSI status in CRC patients may have relevance. More importantly, it will also help 

advance our knowledge of the underlying biology.  

4.4 Hypothesis  

An immune-derived BRAFMT associated transcriptional signature can complement current 

knowledge by providing a more comprehensive insight into the biology underpinning CRC.  

 

4.5 Results  

4.3 and 4.4 BRAF signature expression in cell populations of the TME 

4.3 Using the GSE39582 data cohort which contains transcriptional profiles of 461 stage 

II/III tumour patient samples with BRAFMT and WT samples available, (see Materials and 

Methods chapter 2), DGEA was performed between BRAFMT and BRAFWT samples. A total 

of 2,128 differentially expressed probesets were identified using a 1.5 fold change and FDR 

<0.05. (Figure 4.3). DGEA was performed through the Partek software using a 1-way 

ANOVA analysis with the FDR post-hoc adjusted t-test of <0.05.  

 

These differentially expressed probesets were then interrogated using the GSE39396 dataset. 

The GSE39396 dataset was obtained from the GEO database, which contained transcriptional 

profiles from multiple individual cell lineages (leukocytes, endothelial cells, epithelial cells 

and fibroblast cells). All cell types were isolated from fresh CRC tumour samples using 
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fluorescence-activated cell sorting (FACS) technology with  monoclonal antibodies against 

specific markers for each cell type. CD45 (+) was used as a marker for leukocytes, CD31(+) 

for endothelial cells, Epcam (+) for epithelial cells and FAP (+) for the fibroblasts. Using the 

2,128 differentially expressed probesets as a signature to interogate the GSE39396 dataset, 

hierarchical clustering was performed with Euclidean distance and the Ward’s linkage 

method. An enrichment of genes was observed across all cell compartments but was largely 

confined to the fibroblast, epithelial and leukocyte cells, with few genes being associated 

with endothelial cell expression. 
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Figure 4.3    

Hierarchical clustering using BRAFMT/WT signature in stages II/III CRC 

Figure 4.3 shows hierarchical clustering using the differentially expressed genes from BRAFMT/WT samples in 

stage II/III CRC (GSE39582 data). A total of 2,128 differentially expressed probests were identified using a fold 

change of 1.5 and FDR <0.05. The differentially expressed probesets were able to separate out the BRAFMT 

samples from the BRAFWT samples, suggesting a substantially different expression profile between WT and 

MT samples. A group of BRAFMT samples is enriched in the far right of the heatmap and another is enriched in 

the centre of the heatmap, possibly indicating the existence of different transcritional signallingevents ocurring 

within the BRAFMT samples. High expression levels are indicated in yellow, intermediate expression are in 

black and low expression is in blue. The overlay bar shows BRAFMT samples in yellow and BRAFWT samples 

in blue.  
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Figure 4.4   

Expression of BRAFMT signature in cells of the tumour microenvironment  

Differential expression between BRAFMT and BRAFWT samples in stage II/III CRC was performed using the 

GSE39582 cohort. A total of 2128 differentially expressed probesets were identified as indicated in the 

proceeding Figure 4.3. The expression of these genes were then investigated using the GSE39396 dataset, which 

contained purified stromal cells (leukocytes, epithelial, endothelial and fibroblasts cells isolated from primary 

CRC tumour samples). Hierarchical clustering was performed using the Euclidean distance with the Ward’s 

linkage method. High gene expression is indicated in yellow, black indicates intermediate expression and blue 

shows low expression intensity. An overlay bar is provided, outlining the various different cell types examined 

with matching colours for each cell. Varying expression levels of the BRAFMT signature were observed in the 

different cell populations, suggesting that the signature is also highly expressed in tumour microenvironment 

(TME) and is not soley confined to the tumour epithelial cells. 
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4.6 Identification of a leukocyte derived BRAF mutant associated signature 

4.5 and 4.6 Given the aspiration to predict BRAFMT/WT and align this with MSI/MSS status, 

a gene expression signature was extracted from the leukocyte cell compartment; this 

approach was taken  because samples from the majority of CMS1 (immune) patients are 

BRAFMT and are MSI high. To obtain an immune-derived signature specifically emanating 

from the leukocytes, a 1-way ANOVA analysis was performed. The FACS cell sorted dataset 

(GSE39396) was utilised once again to interrogate the 2,128 differentially expressed 

probesets using a 1-way ANOVA analysis. We compared what genes were up-regulated in 

the leukocytes versus those genes that were down-regulated in the other cell types (epithelial 

cells, endothelial cells and fibroblast cells) using a fold change of 1.5 and an FDR of <0.05 as 

a post-hoc t-test for multiple adjustment corrections. This leaves us with genes that are either 

significantly up or down-regulated in the leukocytes. As a result, 747 probesets met the 

threshold and were subsequently extracted. This signature was termed a leukocyte derived 

BRAFMT  associated signature. Another heatmap was generated using the same clustering 

criteria as above, employing these 747 probesets. Based on the heatmap, it is evident that a 

much greater concentration of these genes was significantly higher or lower in the leukoctyes 

as opposed to the other cell populations. (See figure 4.5). This was important as we were 

interested in refining the original 2,128 probesets from the previous analysis with an 

emphasis on obtaining refined genes from the leukocyte cells. Both up-regulated and down-

regulated genes are crucial to obtain in a signature for classification purposes as both 

contribute to the phenotype. When both are used as opposed to purely up-regulated genes an 

increased performance in classification accuracy is noted.  

 

Using the same 747 probesets, an assessment was performed using the GSE39582 cohort 

again to determine if these probesets would be enriched within CMS1 samples. A heatmap 

was generated and a strong enrichment of the signature was identified within the CMS1 

subgroup, with significant overlap for both MSI high patients and BRAF mutations (Figure 

4.6)   
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Figure 4.5 

Identification of a leukocyte-derived BRAF mutant associated signature 

1-way ANOVA analysis was performed, investigating up-regulated genes in the leukocytes and down regulated 

genes in the epithelial, endothelial and fibroblasts cells to extract and retain only genes that were associated with 

the leukocyte cell compartment. A fold change greater than 1.5 was utilised and a Benjamin Hochberg or false 

discovery rate (FDR) for multiple test corrections was applied using an FDR <0.05.  A total of 724 probesets 

met the criteria from the original 2,128 probesets. A heatmap was then generated as before using these 724 

probesets in the GSE39396 FACS cell sorted dataset. High gene expression is indicated in yellow, black 

indicates intermediate expression and blue shows low expression intensity. An overlay bar is provided with a 

colour corresponding scheme for each cell type. Based on the results from the heatmap, it is evident that 

approximately half of these 747 probesets are up-regulated in the leukocytes and half are down-regulated in the 

leukocytes. Using both up-regulated and down-regulated genes for the development of a gene expression 

signature  for classification purposes maximises classification accuracy. Therefore, it was decided to take these 

gene candidates forward for further analysis and validation. 
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Figure 4.6   

 

Evaluation of the leukocyte derived BRAF mutant signature in CMS subgroups 

Using the 724 probesets derived from the leukocyte cells, hierarchical clustering was performed in relation to 

the different CMSs of CRC. This was overlapped with BRAFMT status and MSI/MSS status along with the 

potential drug resistant target GREM1 identified in the previous chapter. The leukocyte signature showed a 

strong enrichment within the CMS1 (immune subtype); there was also a strong enrichment of the signature 

within the MSI high group and BRAFMT patients. 
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4.7 Recursive feature selection identifies a 16 probeset signature                                                                        

Recursive feature selection (RFS) was performed using a support vector machine (SVM) 

linear model, with the leave-one-out cross validation (LOOCV) algorithm to select the best 

gene candidates for classification performance.  The area under the receiver operator curve 

(ROC) is used to indicate overall accuracy of the classifier, with higher ROC values being 

optimal for classification. Sensitivity data are also provided, which in this case reflects the 

classification accuracy for predicting BRAFMT samples. Specificity data indicates accuracy 

for predicting the BRAFWT samples. The recursive feature selection algorithm was run on all 

724 probesets identified from the 1-way ANOVA analysis (Figure 4.6). This allows  further 

refinement of  the leukocyte associated list of genes from the previous analysis to obtain the 

best candidate signature  for the prediction of both BRAFMT and BRAFWT status.  Of these 

724 probesets, a 16-probeset signature produced the best results with the highest overall 

ROC, sensitivity and specificity values (Figure 4.7, A and B) for gene selection and were 

brought forward for further analysis. Figure 4.7 (C) summarises the 16 probesets (which 

represent 11 genes) with matching gene symbols, fold changes (both up/down-regulated), p-

values are indicated and gene function is also provided.  
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(A) 

 

 
(B) 
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(C) 

Figure.4.7                                                                                                                                                               

Recursive feature selection identifies a 16 probeset signature    

(A) Recursive feature selection (RFS) was performed using SVM linear model with the LOOCV algorithm to 

select the best gene candidates for classification accuracy. A total of 724 probesets were used from the 

leukocyte derived BRAFMT associated signature. The x-axis represents the variables, which in this case is the 

probesets being tested to identify the best candidates for classification prediction. The y-axis is the ROC 

(LOOCV) model for the SVM classifier. This also represents the prediction accuracy of these gene candidates 

with the highest possible being an accuracy of 100%. This graph indicates that all 724 probests will provide the 

highest degree of accuracy. However, a caveat here is that this graph only represents ROC or AUC performance 

and tells us nothing about the sensitivity or specificity of the analysis. (B) Given that sensitivity and specificity 

are also very important parameters,  the recursive feature selection method was once again performed using a 

SVM linear model with LOOCV algorithm. However, this time we extracted a confusion matrix to obtain 

specificity and sensitivity values. The Area under the receiver operator curve (ROC) is indicated above, which 

reflects overall accuracy. Sensitivity is also provided, which reflects the classification accuracy for predicting 

BRAFMT samples. Specificity indicates accuracy for predicting the BRAFWT samples. The recursive feature 

selection algorithm was run on all 724 probesets identified from the 1-way ANOVA analysis. A 16-probeset 

signature produced the best results with the highest overall ROC, sensitivity and specificity values. (C) Indicates  

the probesets identified with fold changes and p-values obtained from the RFS analysis. Gene symbols and gene 

functions are also included.  
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4.8 Investigation and validation of refined leukocyte signature and its cell of origin                                      

The Enrichr online database  was used and the 16 probeset leukocyte associated signature 

was inserted into the database to determine the cell-of-origin of the signature. (Figure 4.8 A) 

http://amp.pharm.mssm.edu/Enrichr/. A total of  11 genes representing the 16 probesets were 

identifiable through the Enrichr database (Figure 4.8A). Enrichr database revealed that 3/11 

genes (STIM2, RHOF and ABTB38) found in the database using the leukocyte associated 

signature were of  natural killer (NK) cell origin (Figure 4.8B). This  was the only cell type 

identified in the analysis as being statistically significant (p = <0.007). with a  z-score of 

11.53, suggesting up-regulation and activation of this cell type.  

 

 

 
(A) 
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Figure.4.8                                                                                                                                                                  

The 16 probeset signature has genes of a CD56+ Natural Killer cell origin   

The leukocyte derived BRAFMT associated signature was refined to a total of 11 genes using the recursive 

feature selection algorithm. In order to provide biological insight into the signaling behind this classifier and its 

asscoated genes, the Enrichr database was investigated to determine the cell of origin that is associated with this 

list of genes. This signature was assessed through an online database called Enrichr  

http://amp.pharm.mssm.edu/Enrichr/). The Enrichr database stores thousands of gene set libraries, which are 

known to be involved in different biological processes such as signaling pathways, cell functions including 

others and can be used to determine cell of origin also. Specifically, the cell of origin was evaluated and three 

genes present within the signature (STIM2, RHOF and ABTB38) were enriched in CD56+ NK cells and were the 

only cell type that was statistically significant with a p-value <0.007. The z-score was 11.53, providing some 

evidence that some of these genes within this signature are associated with NK cell signaling.  

 

 

4.9 A linear classifier for classification using leukocyte signature                                                                

SVM and LDA classification plots were performed to demonstrate the performance of both 

classifiers. Hyperplanes (a line drawn in a two dimensional space that best separates the 

samples found in two classes, for example, BRAFMT and BRAFWT) are shown through the 

separation of light blue (cyan) to red (Figure 4.9). The greater the separation between samples 

found between the two classes, the higher the classification accuracy. Therefore the 

hyperplane margin is critical for performance estimation. These margins are dictated by 

differences in gene expression between the BRAFMT and BRAFWT samples. We used the 16 

probeset signature containg genes that were either signifficatly up/down-regulated in 

leukocytes to build the SVM or LDA classifiers. BRAFMT samples are illustrated by circles 

and wild type samples are illustrated by triangles. Based on both graphs, the linear classifiers 

(SVM and LDA) showed a strong separation with most samples present on one side of the 

hyperplane with little overlap. This suggests little misclassification Figure 4.9 A, B). ROC 

curves were generated using the SVM model to classify both BRAFMT  status (Figure 4.9 A) 

and MSI status (Figure 4.9 B) using the GSE75316 dataset, which had both BRAFMT  status 

and MSI  status available. Based on the results obtained, high AUC values were recorded 

when predicting BRAF status with an AUC of 0.9 or 90%, and MSI status prediction giving 

an AUC of 0.96 or 96%. This indicates high classification accuracy potential using the SVM 

classifier. Next, a linear SVM classification model was built and applied to predict both 

BRAFMT status and MSI status on five independent datasets (Figure 4.12). A similar 

approach was perfomed using the LDA classification. Classification performance of SVM 

and LDA classifiers are summarised in Figure 4.12 A, B. For example, the GSE75316 dataset 

http://amp.pharm.mssm.edu/Enrichr/
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using either the SVM or LDA classifer consistently gave the highest classification rate with 

sensitivity greater that 60% and specificity greater than 95%,  with overall accuracy higher 

than 90%. However results employing the  5 datasets were inconsistent (Figure 4.12 Tables 

(A and B).  
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(A) 

 
(B)
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Figure 4.9                                  

Classification training using leukocyte signature with SVM and LDA models  

(A) Shows the (SVM-linear model and the hyperplane, which best separates the BRAFMT samples from the 

wild type samples. The colour red including circles indicates the BRAFMT samples and the colour light blue 

including triangles indicates the BRAFWT samples. Each point plotted in the 2-dimensional space represents the 

mean expression of the refined leukoctye signature (16-probsets) for each patient. Most BRAFMT samples are 

well separated and fall on one side of the hyperplane (red side). However, some BRAFMT samples fall into the 

BRAFWT category, suggesting the possiblity of misclassification of certain samples. Misclassified samples can 

be seen with surrounding halos for both circles and triangles. The halos are high lighted with a grey protruding 

out from each shape. This indicates that some BRAFMT samples have similar expression patterns to that 

observed in the wild type samples. In (B) comparing LDA model, a similar pattern is seen. 
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(A) 

 
(B)
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Figure 4.11                                          

Classification performance using SVM model on both BRAF/MSI status 

(A) Shows a receiver operating curve (ROC) using the SVM-linear model for BRAF mutational classification. 

The false positive rate (specificity) is plotted on the x-axis and the true positive rate (sensitivity) is plotted on the 

y-axis. The area under the curve (AUC) is indicated and when using the refined leukocyte signature to test in the 

GSE75316 independent dataset, the AUC was 0.9 (90% accuracy). (B) Displays the (ROC) curve using the 

SVM-linear model for the classification of  MSI status. The AUC in this case improved slightly with a value of 

0.96 (96% accuracy). 
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(A)

(B) 

 

Table 4.1    (Support Vector Machines) 

 

(A)

(B) 
Table 4.2   (Linear Discriminate Analysis)  

 

Classification prediction performance of linear classifiers using SVM and LDA                                                             

Support Vector Machines (A) Summarises the classification performance of the leukocyte-like classifier. 

Sensitivity indicates classification accuracy in BRAF mutant samples and specificity relating to accuracy in 

predicting wild type samples. Overall accuracy or (AUC) is also provided with samples sizes for each of the five 

independent data sets that were used for testing. Linear Discriminate Analysis (B) shows results when using 

the same leukocyte-like signature to try to predict MSI and MSS status. Again sensitivity, specificity and overall 

accuracy are indicated. Finally, using the same signature, the entire analysis was re-run except this time using an 

LDA classifier. Results summarising the performance of the LDA classifier are shown in Linear Discriminate 

Analysis (A) and (B). Results for both classifiers vary considerably and some sensitivity values were as low as 

0 – 10% especially when predicting on BRAF mutant samples, indicating that our potential classifier does not 

have universal applicability. 
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Pathway and networking analysis of the refined leukocyte signature                                                            

Given the lack of success in defining a universal classifier, it was decided to focus more on 

the biology that can be revealed from the leucocyte classifier. Pathway and networking 

analysis was performed to delineate relevant  biology (See Figure 4.14). Ingenuity Pathway 

Analysis (IPA) identified the Sumoylation (SUMO) Pathway as the top pathway. The SUMO 

pathway (otherwise known as proteins of the small ubiquitin-related modifier family) 

involves  proteins implicated in the modulation of numerous cellular activities such as 

nuclear transport, transcription, chromosome segregation and DNA repair 15. These ubiquitin-

like proteins modify the role of multiple proteins via post-translational modifications and 

have been associated with many cell functions such as cell-cycle progression, apoptosis, 

differentiation, intracellular targeting and responses to stress. Additionally, the SUMO 

pathway has been implicated in driving a more aggressive phenotype in CRC through the 

interaction with the RAS signalling pathway. In the networking analysis, lipid metabolism 

was identified as the top network in the analysis (Figure 4.14). Interestingly, LAPTM4B is 

involved in lipid metabolism and 4 of the 16 probesets within the signature bind to the 

LAPTM4B gene (Figure 4.14). We decided to investigate this gene because its expression 

intensity appeared to identify both BRAFMT/WT samples as can be seen when looking at 

Figure 4.15 heatmap. LAPTM4B and its expression levels can seperate out most of the 

MT/WT samples. 
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(A) 

 
 
(B) 
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Figure 4.14  

Pathway and networking analysis of refined leukocyte signature                                                

Pathway and networking analysis was performed in IPA using the 16-probeset signature. The top pathway from 

the analysis was the Sumoylation Pathway (A). In  the networking analysis, the top network emerging from the 

IPA core analysis was lipid metabolism (B). LAPTM4B was present in the lipid metabolism network. 

 

 

4.12 Refined leukocyte signature identifies CMS1/BRAF/MSI patient samples                                             

Using the leukocyte derived BRAFMT  associated signature (16 probesets), hierarchical 

clustering was performed using the GSE39582 dataset. Half  of the genes in the signature 

showed a strong enrichment within the CMS1 (immune subtype) and in particular showed a 

strong enrichment within the BRAF mutant population and MSI high patient samples. Our 

oringinal analysis used genes that were either significantly up or down-regulated in the 

leukoctye compartment to identify the best gene candidates for classification prediction. High 

gene expression intensity is indicated in yellow, intermediate expression is black and low 

expression is blue. The data suggest that the refined list of genes still retains the capacity to 

identify the immune group of patients with both BRAF mutations and MSI features.  

LAPTM4B gene expression alone appeared to separate out a high proportion of the BRAFMT 

from BRAFWT samples. High LAPTM4B expression (yellow) was associated with BRAFWT  

and low LAPTM4B was associated with BRAFMT ( Figure 4.13). 
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Figure 4.15                                                                             

Refined leukocyte signature enriches for CMS1, BRAFMT and MSI patients                                                          

The leukocyte derived BRAF mutant associated signature was refined to 16-probesets. The signature was 

evaluated using the GSE39582 data set. Hierarchical clustering was performed using Euclidean distance with 

the Ward’s method. The signature showed a strong enrichment within the CMS1 (immune subtype) and in 

particular showed a strong enrichment within the BRAF mutant population and MSI high patient samples. High 

gene expression intensity is indicated in yellow, intermediate expression is black and low expression is blue.  An 

overlay bar is provided with a colour code CMS1 in yellow, MSI in black and BRAF mutant in yellow. 

LAPTM4B expression levels appear to differentiate between BRAF/MSI samples. High LAPTM4B expression 

identifies BRAFWT/MSS samples and low expression identifies BRAFMT/MSI samples.  

 

 

 

 

CMS4 BRAFMT BRAFWT dMMR/MSI pMMR/MSS CMS1 CMS2 CMS3 
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4.13 High gene expression levels of LAPTM4B predict a favourable CRC prognosis                                                                                                

Given the potentially interesting biology that seemed to be emerging from the LAPTM4B 

gene expression data, boxplots were generated looking at the average expression level of all 4 

LAPTM4B probesets across BRAF mutant and wild type patient samples (Figure 4.16 A). We 

also investigated the expression of the same gene in MSI and MSS samples (Figure 4.17 A). 

The boxplots indicate that LAPTM4B expression can discriminate between BRAFWT and 

BRAFMT (p = <0.001) with high expression in the WT samples p = <0.001. Again another 

boxplot was generated and (Figure 4.17) and high LAPTM4B gene expression levels were 

noted in the MSS patient samples p = <0.001. Survival curves were plotted by splitting 

patients into high and low LAPTM4B gene expression levels using the median as a cut off 

point. LAPTM4B was prognostic for  both RFS and OS data (See Figures 4.16 B, C and D 

and Figure 4.17 B, C and D) using the GSE39582 cohort in stage II/III.   

 

Kaplan-Meier curves using relapse free survival data showed high LAPTM4B expression 

(blue) versus low LAPTM4B expression (yellow) across the entire GSE39582 cohort in stages 

II/III (p <0.029), (Figure 4.16B). Patients samples were split based on expression levels for 

the treated population only and high LAPTM4B expression was associated with a survival 

benefit (p-value = 0.003) (Figure 4.16 C). For the untreated population, LAPTM4B 

expression was no longer associated with a survival benefit (p = 0.97) (Figure 4.16D).  

Kaplan-Meier for overall survival (OS) in the GSE39582 cohort was also associated with   

high LAPTM4B expression (p <0.03) (Figure 4.17 B). Patients were again split based on 

expression levels as before for the treated population only and high LAPTM4B once again 

was associated with  a survival benefit (p = 0.02) (Figure 4.17 C) (D). This association was 

not seen in the  untreated population (p = 0.41) (Figure 4.17 D). Lastly, in Figure 4.18 the 

prognostic value of LAPTM4B was once again evaluated using again the GSE39582 cohort 

but this time in stage II and III independently. It was discovered that the prognositc value of 

LAPTM4B expression is associtated with stage III only and in perticular stage III treated 

suggesting that this gene is potentially prognostic in a later more advanced disease setting.  
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Figure 4.16  

LAPTM4 expression intensity is associated with  survival benefit in stage II/III CRC                                   

(A) Boxplot of the GSE39582 data in stage II/III CRC reveals that LAPTM4B is poorly expressed in the 

BRAFMT samples (yellow) and predominately expressed in the BRAFWT samples (blue and black respectively 

(p <0.001). (B) Kaplan-Meier curve using RFS data showing high LAPTM4B expression (in blue) versus low 

LAPTM4B expression (in yellow) across the entire GSE39582 cohort in stages II/III CRC.  Patients were split 

evenly using the median patient number as a cutoff point. Hazard ratios, confidence intervals and p-values are 

provided, and were statistically significant(p <0.029). (C) Patients were split based on expression levels as 

before for the treated population only. High  LAPTM4B expression is associated with  survival benefit (p-value 

= 0.003). (D) LAPTM4B expression levels are not associated with   survival benefit in the untreated population 

(p = 0.97).  
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Figure 4.17  

LAPTM4B expression intensity shows survival benefit using OS data                                         

(A) Boxplot of GSE39582 data in stage II/III CRC reveals that LAPTM4B is poorly expressed in the MSI 

samples (black) and predominately expressed in the MSS samples (white) (p = <0.001). (B) Kaplan Meier curve 

using overall survival (OS) data showing high LAPTM4B expression (in blue) versus low LAPTM4B expression 

(in yellow) across the entire GSE39582 cohort in stages II/III CRC. Patients were split evenly using the median 

patient number as a cutoff point. Hazard ratios, confidence intervals and p-values are provided, (p = <0.03) and 

were statistically significant. (C) Patients were split based on expression levels as before for the treated 

population only and high  LAPTM4B was associated with a survival benefit (p = 0.02) (D) LAPTM4B expression 

levels, were not  associated with  a survival benefit in the untreated population (p = 0.41).  
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(A)           (B) 

 
(C)       (D) 

Figure.4.18                                                                                                                                                                 

LAPTM4B expression is prognostic in stage III CRC                                      

(A) Kaplan Meier curve using overall survival (RFS) data showing high LAPTM4B expression (in blue) versus 

low LAPTM4B expression (in yellow) using the GSE39582 cohort in stages II CRC only. Patients were again 

split evenly using the median patient number as a cutoff point. Hazard ratios, confidence intervals and p-values 

are provided. In stage II LAPTM4B is not prognositic as the p-value was not signifficant. (B) Patients were split 

based on expression levels as before for LAPTM4B expression levels in stage III only. High LAPTM4B 

expression is prognostic in stage III with a p-value of 0.0047. This indicates that LAPTM4B is prognostic as a 

leter stage of the disease. (C) LAPTM4B expression levels were not associated with a survival benefit in the 

untreated population (p = 0.7465). However, in (D) high expression was prognositc in stage III treated patients.
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4.15 Discussion 

4.16 Defining a leucocyte signature in CRC 

The first objective of this chapter was to identify and extract a leukocyte signature to help 

predict BRAF and microsatellite status, given their significant representation within the 

CMS1 immune subgroup of CRC. Using the FACS cell sorted dataset, a leucocyte signature 

was developed. A recursive feature selection algorithm was performed on the 724 probesets 

that were extracted from the leukocyte cell compartment using a 1-way ANOVA analysis. 

Using the recursive feature selection method the list of 724 probesets were filtered to 16 

probesets for testing as a candidate signature to determine  both BRAF and microsatellite 

status. Initial analysis showed good accuracy with accuracies as high as 90% recorded.    

 

Testing of  the leukocyte signature was performed in five independent datasets. Two linear 

classifiers were developed using SVM and LDA machine learning models and were applied 

to the five independent datasets. The SVM model produced high AUC values using the ROC 

curve, which indicates that the performance of the classifier was satisfactory. However, when 

the confusion matrix was generated to extract the sensitivity and specificity values, results 

were variable. While in certain datasets the prediction results were reasonably strong 

(sensitivity > 90; specificity > 70), this did not hold across the datasets. In a number of  

datasets the results were disappointing (sensitivity > 90; specificity > 5). Overall,  the trend 

was similar for predicting BRAF and microsatellite status, although prediction of 

microsatellite status was marginally better, presumably reflecting the higher incidence of MSI 

patients within (~80%) CMS1, when compared  to BRAFMT patients (~60 - 65% within 

CMS1). The LDA classifier proved more accurate  than  the SVM classifier. However, the 

lack of consistency when analysing different datasets means that neither classifier satisfies 

the criteria as a classifier to be rountinely applied to different patient datasets. 

   

Choice of transcriptomic platform may be an issue. While the initial data was generated  from 

an Affymetrix platform, other platforms were employed in a number of the validation cohorts 

such as illumina and older versions of Affymetrix chips prior to the development of 

Affymetrix 2.0.  Lack of  matching gene symbols for probesets on different platforms  would 

compromise the performance of the original 16 probeset signature in other datasets. 
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Nonetheless, it was possible to classify two independent datasets using the 16 probeset 

signature for both BRAF and microsatellite status, emphasising the potential for a single 

transcriptional signature in this context. When comparing and contrasting multiple classifiers 

for example, linear discriminate analysis (LDA), random forest (RF), partial least squares 

(PLS), quadratic discriminate analysis (QDA) and K-nearest neighbours (KNN) against 

SVM, it is evident based on the results provided (see supplementary section Tables 4.3, 4.4, 

4.5 and 4.6) that the linear classifiers produced superior results.  

 

The analysis in this thesis indicates that the SVM and LDA models gave the highest 

prediction accuracy of all of the classifiers used. This is because the data is linear and hence a 

linear classifier will yield higher prediction accuracy when using linear classifiers. Groups 

have also published data attempting to sub classify BRAFMT  samples into different subtypes 

through pooling of all publically available data containing BRAFMT across multiple 

platforms 193.  The advantage of this approach is that multiple platforms are represented in the 

discovery and test phase. This means that all genes in the signature in the discovery phase 

will also be present on the test data. Perhaps a limitation to the work presented here is that 

this approach was not used. Had this approach been adopted it is conceivable that superior 

classification performance may have been achieved. Nevertheless, comparing and contrasting 

results presented here versus what has been previously published, it is evident that the two 

separately published BRAF mutational classifier and microsatellite status classifier had 

overall higher detection rates for the respective classes. This indicates that our classifier is not 

as good as what has already been previously published. However, we did notice some 

interesting novel biology whilst assessing the biology of a gene called LAPTM4B. 

 

4.18 Investigating the biology of the leukocyte signature 

In delineating the biology of the leukocyte signature for BRAFMT, it was noted that high 

expression of the LAPTM4B gene was associated with BRAFWT  (Figure 4.14). There was a 

difference in gene expression in both BRAFMT/WT samples and MSI/MSS samples (p = 

<0.001). Moreover, when splitting LAPTM4B into high and low expression using the median 

patient number as the criterion for dichotomizing the two groups, it was clear that low 

LAPTM4B expression was associated with a poor prognosis using both RFS and OS data (p = 

<0.05). However, the prognostic value of LAPTM4B expression was even more pronounced 
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in the treated group only. One caveat to dichotomizing LAPTM4B expression using the 

median is that our classifier was designed to only ID approximately 15% of patient samples, 

(i.e. BRAFMT patients). However, given that LAPTM4B expression levels were able to 

visibly separate BRAFMT and BRAFWT samples based on hierarchical clustering analysis, it 

was decided to investigate this interesting biology further as it was already well established 

that there is a significant prognostic difference between both BRAFMT/WT and MSI/MSS 

samples and this gene could help to identify these two different groups of patients.   

 

Current clinical practice is to test for MSI markers such as MLH1 and others using 

immunohistochemistry staining analysis as previously outlined. Aberrant expression of 

MLH1 and other mismatch repair proteins identifies MSI patients, which are also enriched for 

BRAFMTs. Therefore, conceivably aberrant expression of LAPTM4B may also identify 

MSI/BRAFMT patients. However, this observation necessitates further investigation. Perhaps 

one approach may be to perform deep sequencing of tumour samples that are MSI and assess 

if these tumours have a higher mutational burden. Aligning this data with data with those 

tumour samples that have aberrant expression levels of LAPTM4B may provide more 

evidence for LAPTM4B as a potentially prognostic biomarker and identifier of MSI or 

BRAFMT. However, this is only speculation.  

 

4.19 LAPTM4B biology and function  

LAPTM4B according to one study was able to immobilise anthracycline compounds in the 

cytosol and prevented the migration of these drugs to the nucleus thus inhibiting genotoxicity 
319–322. Additionally, LAPTM4B was able to promote resistance by preventing DNA damaging 

agents from entering the nucleus rendering these compounds ineffective 321,323. Interestingly, 

LAPTM4B has been found to be over expressed in multiple malignancies such as breast, liver, 

lung, ovarian, 320–322,324,325 uterine and gastric cancers 326. Evidence supports the claim that 

LAPTM4B promotes chemotherapy resistance through autophagy, a prosurvival mechanism 

modulated by lysosomes 325–328. Autophagy stimulates resistance to metabolic and genotoxic 

agents and consequentially induces more rapid tumour growth 326,329. Whilst this activity has 

been demonstrated in breast cancer, no evidence was revealed in this present study to support 

a similar role in CRC. As part of this study, LAPTM4B was evaluated for its ability to 

promote drug resistance by interrogating its expression in the previously evaluated drug 
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resistant patient cohorts in Chapter 1. No association between the 16 probeset leukocyte 

signature or LAPTM4B expression was observed when evaluating these drug resistant patient 

sample cohorts. No enrichment of the signature or LAPTM4B genes was found in any of the 

resistant patient samples.  

4.22 Independent validation of LAPTM4B mRNA expression levels 

During independent validation of these results, LAPTM4B mRNA expression failed to be 

prognostic in other independent datasets. Survival benefit was not found to be significant 

using multiple patient cohorts across all stages. This result probably reflects  the fact that the 

GSE39582 cohort employed in the initial study consists of 202 patients all of whom were  

treated. The independent validation cohorts contained much smaller sample numbers 

compromising the analysis and one cannot validate these findings with a considerable degree 

of confidence. Taking these results as a whole, one can only speculate that there may be a 

survival benefit from LAPTM4B expression particularly in the treated population. However, 

this is only true of stage III. Indicating that’s its prognostic value is more than likely 

associtated with a more advanced disease setting. A larger sized cohort is required to validate 

and verify this hypothesis; unfortunately given the lack of data with sufficient sample sizes, 

this hypothesis could not be assessed any further in this thesis.  

4.23 Conclusions 

In this chapter, we identified a transcriptional  signature  that in certain datasets could classify 

both BRAFMT/WT samples and MSI/MSS samples. However, when applied to a series of 

different datasets, the results generated from the analysis were inconsistent, indicating that 

this signature  is not as efficient or as accurate as previously published signatures). However, 

our data indicates the importance of  leukocyte driven biology in CMS1 CRC. As indicated  

in the introduction chapter, a study using patient derived xenograpfts eliminates the 

possibility of any stromal contamination and removes the TME bias from the analysis. 

Perhaps redeveloping signatures to classify both BRAFMT/WT samples and MSI/MSS 

samples using this approach is warranted. This may lead to development of improved 

transcriptional signatures for use in both diagnostic and prognostic applications.  
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Supplementary Figures  
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Figure 4.18   Classification training using the leukocyte signature with SVM models for non-linear SVM kernels                                                                                                              

Left hand side (LHS) Graph shows the non-linear SVM polynomial kernel; Right Hand Side (RHS) graph shows the radial kernel. Both of these hyperplanes are tailored for 

data that does not follow a linear distribution. Orange shows BRAFMT samples with circles and cyan shows BRAFWT samples with triangles. Hyperplanes are formed based 

on the best seperation possible for non-linear classifiers. LHS graph is trained using a polynomial kernel and RHS graph is trained using a radial kernel. Based on the two 

graphs both kernels can separate samples quite well.                      
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Figure 4.19 Classification training using leukocyte signature with non-linear SVM sigmoid kernel and QDA classifer                                                                                                             

LHS Graph shows the non-linear SVM sigmoid kernel;  RHS graph shows the QDA classifer. Both of these hyperplanes are tailored for data that does not follow a linear 

distribution. The LHS graph performs very poorly and cannot discriminate between wither the BRAFMT/WT samples and would likely perform poorly as a classifier. 

However, the QDA was able to discriminate between both samples very well and would likely out perform the SVM signmoid classifer.                                   
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Figure 4.21  

Classification training using leukcyte signature with Random Forest and KNN classifiers                                                                                                        Graph to the 

left shows the Random Forest classifer and the graph to the right shows the KNN classifer. Both of these hyperplanes are tailored for data that does not follow a linear 

distribution and both appear to perform well in seperating both sample types. Although it is difficult to discern accurately without further testing.    
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(A)

 (B) 

Table 4.3   (Random Forest) 

(A)

 (B) 
Table 4.4   (Quadratic Discriminate Analysis)  

 

Figure 4.22     

 

Classification prediction performance of non-linear classifiers                                                         

Table 3 (A) Summarises the classification performance of the leukocyte-like classifier using the Random Forest 

prediction algorithm. Sensitivity indicates classification accuracy on BRAFMT samples and specificity relating 

to accuracy on predicting BRAFWT samples. Overall accuracy (AUC) is indicated, together with sample sizes in 

each of the five independent data sets that were used for testing. Table 3 (B) Shows that using the same 

leukocyte-like signature for predicting on MSI/MSS tumour samples is also possible. Again sensitivity, 

specificity and overall accuracy are indicated. Finally, using the same signature, the entire analysis was re-run 

except this time using a QDA classifier. Results summarising the performance of the QDA classifier are shown 

in Table 4 (A) and (B). 
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(A)

 (B) 

Table 4.5   (K-Nearest Neighbour) 

(A)

 (B) 
Table 4.6   (Partial Least Squares)  

 

Figure 4.23         

Classification prediction performance of classifiers                                                            

Table 5 (A) Summarises the classification performance of the leukocyte-like classifier using the KNN 

prediction algorithm. Sensitivity indicates classification accuracy on BRAF mutant samples and specificity 

relating to accuracy on predicting wild type samples. Overall accuracy (AUC) is indicated, together  with 

samples sizes in each of the five independent data sets that were used for testing. Table 5 (B) Shows that using 

the same leukocyte-like signature approach for determining  prediction of MSI/MSS status is also possible.  

Sensitivity, specificity and overall accuracy are indicated. Finally, using the same signature the entire analysis 

was re-run except this time using the PLS classifier. Results summarising the performance of the PLS classifier 

are shown in Table 6 (A) and (B). 
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Figure 4.24    

Independent validation of LAPTM4B expression using DFS data                                                                                              

LAPTM4B expression was not found to be prognostic in any of the independent validation datasets. P-values, 

confidence intervals and hazard ratios are presented on each graph above in Figure 4.29 (A – D). 
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High GREM1 gene expression is associated with poor prognosis in CRC 

5.1 Introduction 

GREM1 (Gremlin 1, DAN Family BMP Antagonist) is a stem cell self-renewal marker and 

bone morphogenetic protein antagonist, which preferentially binds to BMP2 and BMP4 283. 

BMPs are important in cell differentiation and have been shown to support limb bud 

development in vertebrates. Moreover, BMPs are involved in the development of bone 

formation and cartilage, in addition to facilitating the remodelling of bone structure 13.  The 

BMP pathway is activated when a BMP ligand binds to a BMP receptor located on the cell 

membrane (See Figure 5.1). The subunit II portion of the receptor in turn phosphorylates 

subunit I of the receptor through a serine/threonine kinase domain. Following this event, 

Mothers Against Decapentaplegic Homolog (SMAD1, SMAD5 and SMAD8) signalling 

complex is recruited to subunit I of the BMP receptor, where it is activated through 

phosphorylation. This in turn recruits and phosphorylates SMAD4 330. The complete SMAD 

signalling complex acts as a transcription factor and then translocates to the nucleus, where it 

interacts with target genes to increase gene expression  involved in bone and cartilage 

formation including ventralization of mesoderm (relating to the core or centre of the 

mesoderm, which is composed of three complex tissue types such as muscles, circulatory and 

other reproductive tissues)331.  

 

In the embryo, BMP4 helps establish dorsal-ventral axis formation in Xenopus embryos 

through the induction  of ventral mesoderm 332.  GREM1 binds to these BMPs and inhibits 

cell differentiation and normal bud and limb development alongside bone remodelling 333. 

BMP4 is part of a subfamily of TGFβ (transforming growth factor beta) proteins and TGFβ 

also plays a role in bone and cartilage development, specifically tooth and limb bud 

development. TGFβ and BMPs signal through the same pathway, however, both require the 

recruitment and activation of different SMADs. Furthermore, elevated expression of GREM1 

culminates in the down-regulation of BMP signalling, which consequently leads to the up-

regulation of multiple fibroblast growth factors such as FGF-7 (involved in the maintenance 

of fibroblasts). Additionally, increased activity of SHH (sonic the hedgehog signalling, 

involved in embryonic stem cell development) has been reported upon elevation of GREM1 

expression 334.   
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Along the gastrointestinal (GI) tract is a layer of self-renewing epithelial tissue. Embedded in 

this layer of epithelium are intestinal stem cells. A well-established biomarker of these 

intestinal stem cells is Lgr5 the (Leucine Rich Repeat Containing G Protein-Coupled 

Receptor 5) and these cells feature high WNT signalling activation 335. Lgr5 stem cells are 

located in the crypt base columnar cells (CBCs), within the crypt base stem cell niche 

compartment. These cells are also enveloped by surrounding Paneth cells and intestinal 

subepithelial myofibroblasts. These Paneth cells are in essence epithelial cells that are 

resident just below intestinal stem cells at the base of the crypt 336. Paneth cells participate in 

promoting intestinal health against microbes, by secreting numerous anti-bacterial agents 

from granules located in the Paneth cells cytoplasm, which facilitates host defence and the 

gastrointestinal barrier 337. Under normal homeostatic conditions, stem cells exit the niche, 

initially as proliferating transit-amplifying cells prior to differentiating into enterocytes, 

colonocytes, goblet cells and other mature specialised post-mitotic cells. This process is 

tightly regulated by stringent bone morphological protein gradients, which are responsible for 

maintaining checks and balances in differentiating cells 204. Proliferating transit-amplifying 

cells and dividing stem cells have high WNT activity and low BMP signalling further down 

the crypt. (See Figure 5.1 for further details). 

 

Conversely, differentiating cells are mediated by low WNT signalling and high BMP activity 

at the luminal surface. This balance of BMP/WNT activity is controlled by BMP antagonists 

such as GREM1, GREM2 and noggin 338,339. GREM1 is expressed by myofibroblasts 

originating from the subcrypt. GREM1 antagonism can disrupt BMP/WNT gradients, thus 

promoting the persistence and/or reacquisition of stem cell properties. Moreover, GREM1 has 

been thought to initiate intestinal carcinogenesis through the secretion of GREM1 ligands into 

local cell microenvironment where it consequently disrupts the BMP/WNT gradients, leading 

to the acquisition of multiple mutations in genes such as KRAS, BRAF etc. Once these 

mutations have been established, intestinal tumourgenesis progresses 340. 

 

Recently, a study of tissue from human mixed polyposis syndrome (HMPS), which is a rare 

precursor to CRC and represents approximately 1% of all CRC related incidences, was used 

to study the effects of aberrant epithelial GREM1 expression. To model this disease, the 

investigators generated a colonic epithelial-specific GREM1 overexpression model with a 

wild type control. These cells were then transplanted into a mouse model. The study 

concluded that aberrant mouse epithelial GREM1 expression impeded normal BMP/WNT 
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activity and inhibited cell differentiation, whilst increasing cell proliferation and subsequently 

promoted the development of stem cell properties. The researchers hypothesised that these 

stem cells exit the niche, proliferate and accumulate somatic mutations which culminate in 

intestinal carcinogenesis resulting in ectopic crypt formation.  

 

CRC stem cells, located in the base of the crypt, are proposed to be the cell-of-origin that 

give rise to all subtypes within CRC. These stem cells become genetically corrupt, 

accumulate somatic mutations and proliferate, which may lead to various different subtypes 

of the disease. This hypothesis is referred to as the bottom-up approach and is still widely 

considered as the main mechanism that gives way to the series of sequential steps and 

changes in pathogenesis that results in intestinal carcinogenesis 334. However, the above study 
283 , examining overexpression of GREM1, demonstrates that these stem cells are not the only 

possible progenitor cells that are responsible for inducing malignancy. The top-down 

approach was considered a more feasible explanation by these investigators and likely driver 

of carcinogenesis. The study suggested that the release of the GREM1 sequestering-ligand 

disrupts these morphological gradients in nearby neighbouring cells located in the niche 

compartment such as goblet cells, colonocytes, enterocytes etc. These cells develop multiple 

somatic mutations, proliferate at the luminal surface and then descend down along the 

vertical villi axis to the base of the crypt where intestinal malignancy continues to thrive and 

flourish 341. Given what is known about GREM1 biology and the data that we generated in 

Chapter 3 regarding its role in predicting a more favourable drug response to FOLFIRI 

therapy, we felt it would be interesting to evaluate GREM1 in more detail in human CRC 

datasets. In patient samples, high GREM1 expression was associated with a good prognosis 

using PFS data and interestingly high gene expression seemed to identify the chemotherapy 

FOLFIRI responsive patients. Therefore, as part of this chapter, GREM1 biology will be 

interrogated for its potential prognostic value in CRC. Moreover, we will also assess if 

GREM1 is prognostic in the different molecular subgroups of CRC using the CMS 

classification system and later delineate its associated biology. We will also evaluate GREM1 

expression in the different intrinsic molecular subgroups of CRC (CRIS), with the aim of 

establishing if this contributes to intratumoural heterogeneity in CRC. To reiterate very 

briefly, these intrinsic subgroups were identified by purifying and removing all stromal cells 

and other cells of the tumour microenvironment from the epithelial tumour 213, using patient 

derived xenografts, leaving only the purfied epithelial tumour for subsequent analysis. Then 
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unsupervised clustering (using the non-negative matrix factorisation algorithm) was 

performed to derive the different intrinsic molecular subgroups within CRC 342. 

 

 
 

 

 

(A) 
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Figure 5.1  

Summary of BMP/GREM1 pathway and its role in HMPS 

The top diagram (A) summarises the BMP pathway and how the secreted GREM1 ligands interacts with and 

subsequently inhibits activation of this pathway as detailed in the proceeding text. The bottom schematic 

diagram (B) illustrates the role of GREM1 in human normal colon, HMPS and TSA. GREM1 is expressed by 

fibroblasts located at the base of the crypt within the colon under normal and premalignant (HMPS) conditions. 

In HMPS, GREM1 is secreted and migrates along the vertical axis (upwards) of the intestinal villi and 

subsequently disrupts normal BMP gradients at the surface luminal located at the top of the villi as detailed in 

the diagram. These cells acquire somatic mutations with the potential to initiate intestinal carcinogenesis. Colour 

corresponding legends are provided and directionality of GREM1, BMP and WNT signalling are indicated. The 

thickness of each legend bar is indicative of a higher concentration gradient and thinner bars indicate a decrease 

in concentration gradient.     

 

 

5.2 Aims and objectives     

1. To provide further evidence for the role of GREM1 in CRC patient cohorts instead of  

using a mouse to model HMPS disease with overexpression of GREM1 as 

demonstrated by (Davis, H et al. 2015, Nat Med).  

2. Herein GREM1 biology will be evaluated using CRC tumour patient samples with 

well annotated clinical data. 

3. To investigate the potential prognostic value of GREM1 gene expression and to 

interrogate specifically GREM1 gene expression in different molecular subtypes of 

CRC (CMS, CRIS). 

(B) 
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4. To delineate the biology underpinning GREM1 expression and determine the cell-of-

origin of GREM1 expression. 

5.3 Rationale  

Based on a single study by Davis, H et al. 2015, Nat Med, 283 GREM1 was reported to be 

prognostic in a stage II untreated CRC cohort using the GSE33113 data. Here, we expand this 

observation to transcriptional data from larger patient cohorts, representing all stages of the 

disease with treatment and survival status available. Additionally, we sought to determine if 

GREM1 poor prognosis was associated with a specific CRC subgroup and to define its 

biology. 

5.4 Hypothesis 

GREM1 is expressed by cancer associated fibroblasts and is associated with poor prognosis.  

 

5.5 Results  

GREM1 is prodominately expressed by the primary tumour compared to normal tissue 

We examined the origins of GREM1 expression in multiple datasets from the GEO repository 

(Figure 5.2). GREM1 has been implicated in collaborating with WNT signalling and is a 

known stem cell self-renewal marker. GREM1 has also been postulated to be aberrantly 

expressed in epithelial cells within CRC precancerous lesions such as HMPS. Therefore, liver 

metastasis samples, primary tumour samples, CRC spheroids cultures, cell lines and 

xenograft samples were all evaluated for GREM1 mRNA expression levels using the 

GSE100550 dataset (Figure 5.2 A). Based on the data generated, GREM1 has higher 

expression levels in liver metastasis and in primary CRC tumour samples when compared to 

other samples, strongly suggesting that GREM1 expression is more pronounced in tumour 

samples that contain all components of the TME, particularly the stromal-rich fibroblast 

components, compared to epithelial cells. Furthermore, data from a second patient cohort 

(GSE33113), which consisted of purified CRC stem cell samples and tumour samples with 

resected matching normal colonic tissue, was assessed for GREM1 expression. Previously, 

work has suggested that GREM1 may be a stem cell self-renewal marker 343. Therefore, we 

assessed its expression in purified CRC stem cells. Results in Figure 5.2 (B) indicate that 
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GREM1 is predominately expressed in CRC tumour samples, with no evidence to suggest 

that GREM1 expression is coming from the CRC stem cell population. These results were 

found to be statistically significant with a p-value of <0.001. In multiple malignancies, 

GREM1 gene expression has been found to be fibroblast-derived, although this remains to be 

definitively proven in CRC. What has been shown using the HMPS mouse model is that its 

expression is of an epithelial cell origin. Therefore, in order to address these somewhat 

conflicting arguments further, we employed the GSE17538 human CRC dataset with 232 

stage I/IV samples with 6 benign samples. This will enable us to determine if GREM1 

expression has altered expression levels in premalignant intestinal legions (benign samples) 

versus CRC across all stages. 

 

The GSE17538 dataset was also chosen to evaluate if GREM1 gene expression was stage 

dependent, given indications in the literature that GREM1 expression is lost after intestinal 

tumorigenesis has been established, indicative of early stage disease 344,345. The benign 

samples where composed of tubulovillous adenoma samples, villous adenoma samples and 

adenoma samples, all of which are potential precursors to CRC. HMPS samples were not 

available in any of the GEO repositories. The analysis indicated that GREM1 expression is 

significantly higher in CRC samples compared to benign samples (Figure 5.2 (C)) p = 

<0.001.  

 

Thus, whilst GREM1 expression is aberrantly expressed in HMPS according to the literature, 

based on the data presented here, its expression in precancerous lesions is much lower than in 

CRC samples. Moreover, GREM1 expression was evaluated in patient samples that included 

differentiation status. Differentiation status was examined given that previous work shows 

that GREM1 disrupts cell differentiation. Furthermore, it was revealed that GREM1 

expression was slightly higher in the poorly differentiated samples compared to the 

moderately and well differentiated samples using the GSE17538 dataset. (See Figure 5.2 D).



 216 

     

 
 

Figure 5.2 

GREM1 is largely expressed by primary tumour samples 

(A) GREM1 is largely expressed in the primary tumour samples and liver metastatic samples, compared to 

xenografts, CRC spheroids, organoids and cell lines p = <0.001 using 2-way ANOVA Tukey’s t-test. (B) 

GREM1 is predominately expressed in the primary tumour versus normal cells and is not expressed in the 

purified CRC stem cell population p = <0.001. Purification and isolation of CRC stem cells was achieved 

through antibody staining for specific CRC stem cell markers. (C) GREM1 expression is significantly more 

highly expressed in malignant CRC samples (stage I-IV) versus benign samples (p = <0.001). (D) GREM1 

showed slightly elevated expression in the poorly differentiated samples compared to moderately and well 

differentiated samples. However, this was not statistically significant.

(A) 
 

(B) 
 

(D) 
 

(C) 
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5.6 Investigation of GREM1 expression in CMS subgroups and its prognostic role 

GREM1 expression was further investigated in the different molecular subgroups of CRC 

using the CMS classification system (Figure 5.3). The GSE17538 cohort was once again used 

for this analysis (see materials and methods generation of GSE17538 dataset for further 

details in chapter 2). This dataset consisted of 55 patient samples from the Vanderbilt 

Medical Centre (GSE17536) and 177 patients from the Moffitt Cancer Centre (GSE17537). 

Both of these clinical patient cohorts were merged together to create the GSE17538 dataset. 

The enrolment criteria for both of these studies were the same (see generation of GSE17538 

for details). It is evident based on Figure 5.3 (A) that GREM1 expression is predominately 

associated with the CMS4 stromal-fibroblast subgroup (p = <0.001). Of note it was not 

significant in the CMS1 subgroup. Additionally, GREM1 expression levels  were 

dichotomized into two groups (high and low) using the median patient number as the cut-off 

for splitting the two groups. Kaplan Meier survival curves were generated using disease free 

survival (DFS) data, Figure 5.3 (B) overall survival (OS) data, Figure 5.3 (C) and disease 

specific survival (DSS) data. Figure 5.3 (D). It is evident based on all three survival curves 

that high GREM1 expression has an unfavourable prognosis and all survival curves were 

statistically significant.  The DFS data Figure 5.3 (B)  generates a hazard ratio of 1.98 and p = 

0.01. This indicates that these groups of patients are almost twice as likely to relapse and 

have an event if they have high GREM1 expression. OS data Figure 5.3 (C) was also 

significant (p = 0.0061). For DSS data (Figure 5.3 (D), the hazard ratio was 2.6 and p = 

0.0012, which suggests that these groups of patients are approximately two and a half times 

more likely to have an event. All confidence intervals were ranging from 1 – 5, 

demonstrating the robustness of the data.  
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Figure 5.3                                                                                                                         

Investigation of GREM1 expression in CMS and its prognostic role 

(A) GREM1 expression is predominately expressed in the CMS4 (high fibroblast) subgroup, with statistical 

significance (p = <0.001) against all other subtypes except  CMS1. (B) Indicates that when patients were 

dichotomised into high and low GREM1 expression using the median as a cut off, high GREM1 expression 

predicts poor prognosis using DFS data (p = 0.01). (C) Shows that high GREM1 expression predicts poor 

prognosis using OS data (p = 0.0061) (D) the Kaplan Meier curve indicates that high GREM1 xpression was 

associated with poor prognosis using disease specific survival data (p = 0.0012). 

(A) 
 

(B) 
 

(D) 
 

(C) 
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5.7 GREM1 expression is associated with cancer associated fibroblasts 

Four independent datasets (Figure 5.4 A-D) were examined for GREM1 expression in each of 

the CMS subgroups. The datasets used were GSE39582, GSE14333, GSE33113 and TCGA, 

see generation of these datasets in the materials and methods section chapter 2. GREM1 was 

predominately expressed in CMS4/CMS1 and was statistically significant with p values of 

<0.001 unless otherwise stated, (ns = non-significant). Of note, NOLBL indicates  that the 

samples could not be assigned to any CMS category using the classifier, and NA means the 

data is not available. Furthermore, using the FACS cell sorted dataset (GSE39396), GREM1 

expression was evaluated in the four different cell types, purified from the primary CRC 

tumour stroma, fibroblasts, epithelial, endothelial and leukocytes. Based on the data indicated 

in Figure 5.4 (E), it is evident that GREM1 is highly expressed in the fibroblasts p = <0.001.  

 

Next using the GSE104645 dataset (see generation of GSE104645 dataset in the materials 

and methods section chapter 2), GREM1 expression was assessed in samples from patients 

who had different therapeutic responses to either FOLFOX or FOLFIRI based therapy, as 

previous data provided in the drug resistance results chapter 3 indicated that high GREM1 

expression was associated with responsive patients to FOLFIRI. Moreover, in chapter 3 we 

demonstrated that high GREM1 expression was associated with good prognosis using PFS 

data. This seems paradoxical to the data presented above where high GREM1 expression is 

associated with poor prognosis. We address this in the discussion section of this chapter.  

 

Cancer Associated Fibroblasts (CAF) are known to promote resistance to chemotherapy and 

given that GREM1 was predominately expressed in CMS4, a high fibroblast CRC subgroup 

Figure 5.4 (F), it was decided to investigate this finding in more detail. The GSE104546 

dataset contains post-treatment samples (from patients who  underwent surgery before 

receiving chemotherapy). Patients samples are listed as having one of four different 

therapeutic responses, that is, complete response, partial response, stable disease or 

progressive disease. A significant difference in GREM1 expression was observed when 

comparing patients that underwent a complete response versus progressive disease patients 

Figure 5.4 (F) p = <0.05. However, for comparison of all other treatment 

responses/categories, no differences were seen were p = ns. This suggests that high GREM1 

expression could potentially predict a complete response.  
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Figure 5.4 

High GREM1 expression is associated with cancer associated fibroblasts 

Figures (A-D) show the validation of GREM1 expression in four independent clinical patient sample cohorts 

(GSE39582, GSE14333, GSE33113 and TCGA). It is evident that GREM1 had consistently higher expression 

levels in CMS4/CMS1 than any of the other subgroups. Statistical tests were evaluated by comparing levels in 

CMS4 with the other CMS categories across all four cohorts Figure 5.4 (A-D) with p-values varying from p = 

<0.001 – <0.05. *** indicates (p = <0.001), ** indicates (p = <0.01) and * star indicates (p = <0.05) with ns = 

non-significant. Figure (E) demonstrates that GREM1 is highly expressed in cancer associated fibroblasts 

compared to leukocytes, epithelial and endothelial cells with a p-value <0.001. Figure (F) addresses GREM1 

expression and chemotherapy sensitivity, the GSE104645 dataset was sourced which had patient therapeutic 

response information available. GREM1 expression was evaluated in four different therapeutic response 

categories, complete response, partial response, stable disease and progressive disease, all determined using the 

RECIST criteria. The data indicates that GREM1 expression is higher in patients who had a complete response 

to chemotherapy (FOLFOX or FOLFIRI) versus patients who experienced a lesser response or were non-

responders. However, only when comparing complete response versus progressive disease was the difference 

statistically significant (p=<0.05).  
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5.8 The potential prognostic value of GREM1 in CMS 

The prognostic value of GREM1 gene expression levels was evaluated using a large patient 

cohort with well annotated clinical data (GSE39582, see generation of GSE39582 materials 

and methods section chapter 2). KM curves were generated for GREM1 expression by further 

dichotomizing patients into different subgroups and examining the effects of treatment on 

prognosis (Figure 5.5). High GREM1 expression was associated with poor prognosis across 

the entire cohort, using relapse free survival data and was trending towards significance p = 

0.06 in the CMS2 treated population. The Wilcox t-test was chosen as more weight is given 

to patients who had events at earlier time points and this is considered to be more statistically 

robust. When investigating all CMS subtypes in treated and untreated patients, the CMS2 

(epithelial high WNT signalling) subgroup was trending towards significance. This suggests 

that high GREM1 expression may be a potential therapeutic target in the CMS2 treated 

population as the CMS2 patients have high WNT activity and activation and MYC. 
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Figure 5.5                                 

Evaluation of GREM1 prognosis in all CMS  

GREM1 prognosis was evaluated as before by splitting patients into expression levels “above” and “below” 

using the median as a differentiator. (A) Using RFS data across the entire GSE39582 cohort, high GREM1 

expression was trending  towards poor prognosis (p = 0.06, Wilcox t-test). (B) Shows that in samples from the 

treated patients across the entire cohort, high GREM1 expressing patients appear to do worse than the low 

expressing patients. However, this was not statisitically significant. (C) Shows that in the untreated patients, 

GREM1 expression was also trending with poor prognosis (p = 0.07) but was not significant. Finally, in Figure 

(D) when investigating the CMS2 treated patients, high GREM1 expression was also trending towards 

significance (p = 0.06). All CMS were evaluated for GREM1 expression and its relationship to  prognosis and 

only the CMS2 treated population showed potential prognostic significance with a hazard ratio (HR) of 1.95, 

which suggests that the high GREM1 expressing patients are almost twice as likely to relapse. The confidence 

interval was very tight at CI = 0.97 – 3.92, however, the p-value was just outside of the range of statistical 

significance.  

(A) 
 

(B) 
 

(D) 
 

(C) 
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5.9 GREM1 survival analysis across multiple cohorts                                                                          

A survival table was generated for all expression analyses with available survival data (See 

Table 5.1). Data accession numbers and description of data generation can be found in the 

materials and methods section chapter 2 using the corresponding accession number indicated 

in the survival Table 5.1. We assessed RFS/DFS data, OS data and DSS data for all datasets 

analysed, investigating if GREM1 expression was prognostic using the median as the cut off 

point to split the data into high and low GREM1 expression. Hazard ratios (HR), confidence 

intervals and p-values are included for all survival analysis performed, with a breakdown into 

the different CMS subtypes. Only the GSE39582 cohort (n = 566) was investigated using the 

different CMS subgroups due to the  small number of patient samples in other datasets 

(ranging from 90 - ~ 250). Treatment status was also investigated to determine if treatment 

was an independent prognostic indicator using the GSE39582 cohort. A breakdown of the 

data is shown with p-values provided. In Table 5.1 p-values highlighted in red indicate 

statistical significance and blue indicates that the p-value was trending towards statistical 

significance. All p-values shown were generated using the Wilcox t-test. The GSE17538, 

GSE33113 and GSE14333 cohorts all showed that high expression of GREM1 was associated 

with poor prognosis and were statistically significant (p = <0.05). Moreover, the GSE39582 

cohort showed that GREM1 high expression was trending towards poor prognosis across the 

entire cohort and more specifically was also trending towards poor prognosis in the CMS2 

treated population. P values <0.05 were deemed to be statistically significant and HRs for all 

of these datasets analyzed were between approximately 2 and 3, suggesting that high 

expression of GREM1 tumour samples were 2 – 3 times more likely to have an event, that is 

relapse and death events for both RFS and OS data respectively.
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Dataset GSE39582 HR Lower 95% CI Upper 95% CI P-value HR Lower 95% CI Upper 95% CI P-value HR Lower 95% CI Upper 95% CI P-value
Entire Cohort 1.41 1.02 1.95 0.06 1.16 0.87 1.55 0.38 NA NA NA NA
Entire Cohort Treated 1.49 0.95 2.32 0.15 1.14 0.72 1.8 0.76 NA NA NA NA
Entire Cohort Untreated 1.63 1 2.64 0.07 1.21 0.81 1.79 0.25 NA NA NA NA
CMS1 2.15 0.8 5.76 0.12 0.88 0.4 1.93 0.86 NA NA NA NA
CMS1 Treated 0.72 0.16 3.21 0.75 1.67 0.29 9.77 0.44 NA NA NA NA
CMS1 Untreated 2.31 0.62 8.6 0.18 1.33 0.53 3.36 0.4 NA NA NA NA
CMS2 1.33 0.79 2.25 0.33 0.7 0.44 1.13 0.25 NA NA NA NA
CMS2 Treated 1.95 0.97 3.92 0.06 0.76 0.35 1.65 0.49 NA NA NA NA
CMS2 Untreated 1.09 0.49 2.44 0.93 0.87 0.47 1.61 0.93 NA NA NA NA
CMS3 1.61 0.56 4.64 0.41 0.74 0.26 2.14 0.66 NA NA NA NA
CMS3Treated 2.54 0.57 11.32 0.2 1.13 0.23 5.61 0.8 NA NA NA NA
CMS3 Untreated 2.22 0.49 9.96 0.45 1 0.2 5 0.91 NA NA NA NA
CMS4 0.77 0.43 1.39 0.32 0.91 0.53 1.54 0.55 NA NA NA NA
CMS4 Treated 0.83 0.39 1.78 0.26 1.27 0.61 2.62 0.44 NA NA NA NA
CMS4 Untreated 0.58 0.23 1.46 0.45 0.57 0.23 1.38 0.1 NA NA NA NA
NOLBL 1.51 0.52 4.34 0.5 0.91 0.38 2.17 0.66 NA NA NA NA
NOLBL Treated 1.93 0.38 9.73 0.64 0.86 0.17 4.3 0.38 NA NA NA NA
NOLBL Untreated 1.21 0.29 4.93 0.66 0.94 0.32 2.76 0.81 NA NA NA NA
Dataset GSE17538 1.98 1.08 3.62 0.01 1.87 1.25 2.82 0.006 2.6 1.5 0.44 0.0012
Dataset GSE33113 Untreated 3.13 1.24 7.95 0.009 NA NA NA NA NA NA NA NA
Dataset GSE14333 1.68 0.97 2.93 0.05 NA NA NA NA NA NA NA NA
Dataset GSE14333 Treated 1.56 0.74 3.29 0.14 NA NA NA NA NA NA NA NA
Dataset GSE14333 Untreated 1.82 0.79 4.2 0.23 NA NA NA NA NA NA NA NA
Dataset TCGA NA NA NA NA 1.66 0.57 4.78 0.18 NA NA NA NA
TCGA CMS1 NA NA NA NA 0 0 0 1 NA NA NA NA
TCGA CMS2 NA NA NA NA 2.86 0.49 16.87 0.1 NA NA NA NA
TCGA CMS3 NA NA NA NA 1.42 0.08 24.66 0.42 NA NA NA NA
TCGA CMS4 NA NA NA NA 0.25 0.02 2.34 0.23 NA NA NA NA
TCGA NOLBL NA NA NA NA 0 0 0 0 NA NA NA NA

Relapse Free Survival/Disease Free Survival  Overall survival   Disease Specific Survival  
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Table 5.1  

Summary of GREM1 survival analysis 

The above table summarises all of the survival analysis performed. Hazard ratios (HR), confidence intervals 

(CI) upper and lower are indicated including p-values (red = significant and blue = trending towards 

significance). The first three columns represent RFS data, the middle three columns are OS data and the last 

three columns are DSS data. Datasets used and treatment status are provided, including the different CMS 

tested. 
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5.11 GREM1 expression across different mutational and molecular profiles 

In Figure 5.6, an assessment of GREM1 expression and its relationship to well-established 

mutations and clinical biomarkers such as BRAF, KRAS, p53 and MSI status  was performed, 

as it has been reported in the literature that aberrant GREM1 expression induces the 

acquisition of multiple somatic mutations (such as BRAF, KRAS etc), which can consequently 

culminate in intestinal carcinogenesis. Therefore, the GSE39582 dataset (see generation of 

GSE39582 dataset in the materials and methods section chpater 2) was utilised, which 

contains data on mutations for BRAF, KRAS and p53 status including MSI/MSS status. Our 

reasoning behind this assessment was that high GREM1 expression appeared in some of our 

analysis to be also high in CMS1 as well as CMS4. Given that fibroblasts can promote a 

proinflammatory response and this can also be seen in CMS1 patients, it was decided to 

investigate potential underlying factors that may contribute towards these results. For 

example, MSI high patients have a high immune infiltrate and patients harbouring BRAF 

mutations are known to secrete cytokines, chemokines, interferons and interleukins, which 

contribute towards a proinflammatory response. Therefore, boxplots were generated to 

investigate GREM1 expression across the different mutational and molecular profiles 

mentioned above (see Figure 5.6 A – D). While  there was no measurable difference observed 

when comparing either  KRAS status (Figure 5.6B) or p53 status (Figure 5.6D), a statistically 

significant difference in GREM1 expression was revealed when comparing BRAFMT versus 

BRAFWT  status (Figure 5.6A) and MSI versus MSS status (Figure 5.6C)  p = <0.01. This 

may help explain why GREM1 expression is also high in CMS1. 
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Figure 5.6 

GREM1 expression across different mutational and molecular profiles 

Figure (A) depicts GREM1 expression in the BRAFMT samples compared to the BRAFWT samples. GREM1 

expression was higher in BRAFMT samples and was statistically significant (p = 0.01) using a unpaired students 

t-test. In Figure (B) GREM1 expression was tested in KRASMT versus KRASWT samples and no observable 

differences were  detected (p = ns). (C) Shows GREM1 expression in the MSI samples compared to the MSS  

samples. Expression levels were higher in MSI samples (and were statistically significant (p = 0.01). (D) 

Investigation of GREM1 expression in p53-MT samples compared to p53 WT samples; no difference was 

detected (p  =  ns).  
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5.12 Hierarchical clustering reveals CAF signature identifies high GREM1  

Using a previously published cancer associated fibroblast (CAF) signature, which can detect 

the presence of fibroblasts, hierarchical clustering was performed using Euclidean distance 

with the Ward’s method. A strong enrichment of the CAF signature was observed in the high 

GREM1 expressing patient samples and in particular in CMS4 patient samples. This provides 

additional evidence that high GREM1 expression is associated with CAFs and may help to 

elucidate why it is also associated with poor prognosis (Figure 5.7). It’s interesting to note 

that there was a very small group of CMS1 patients, which were enriched for high GREM1 

expression using the CAF signature. This may be due to the fact that the signature is specific 

for CAF and not fibroblasts in general. There are multiple types of fibroblasts such as normal 

fibroblasts, myofibroblasts and pericryptal fibroblasts amongst others. Therefore, high 

GREM1 expression may identify fibroblasts more generally than specifically CAF as 

previous boxplots indicate that high GREM1 expression is predominately confined to 

CMS4/CMS1.  
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Figure 5.7 

Association between CAF signature and high GREM1 expression 

Hierarchical clustering was performed using Euclidean distance with the Ward’s method. The cancer associated 

fibroblast (CAF) signature was strongly enriched for the high GREM1 expressing patient samples and this group 

was also enriched for the CMS4 patient samples. An overlay bar is provided with corresponding colours for 

each of the different molecular CRC subgroups. High and low GREM1 expression is also indicated. In the 

heatmap, red indicates high GREM1 gene expresssion, white indicates intermediate GREM1 expression and blue 

indicates low GREM1 expression. 

 

CMS1 CMS2 CMS3 CMS4 NOLBL High GREM1 Low GREM1 
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5.13 GREM1 expression in epithelial derived CRC instrinsic subtypes   

We next investigated GREM1 expression in the epithelial derived CRIS molecular subtypes 

of CRC (Figure 5.8). A detailed section on CRIS was included in the general introduction 

section of this Thesis (chapter 1). In the current study, GREM1 expression was evaluated 

using boxplots and based on the data provided most of the CRIS subgroups do not show any 

statistically significant higher gene expression levels of GREM1 across all of the different 

CRIS subgroups. This is because almost all of the stromal contamination has been removed 

leaving only pure tumour epithelial cells. Figure 5.8 (A) and (B) show some CRIS subgroups 

displaying slightly higher gene expression levels of GREM1 particularly in CRIS-C, CRIS-E 

(See Figure 5.8 A) and CRIS-B (See Figure 5.8). However, this is most likely due to the fact 

that not all stromal (fibroblast) contamination can be completely removed from the tumour. 

When investigating the CMS subgroups our results were much more convincing, which helps 

confirm that GREM1 expression is coming from cells of the tumour microenvironment.  

 

In order to assess the relationship (if any) between GREM1 expression and  radiotherapy 

resistance, a rectal cancer dateset was employed (GSE56699, see materials and methods 

section chapter 2). Previous work has shown that tumour tissue from rectal cancer patients 

who responded to radiotherapy transitioned from a epithelial-like expression pattern to an 

epithelial mesenchymal transition (EMT) expression pattern with high stromal infiltration 118-

154. These EMT stromal-like patients have a poor prognosis. The investigators discovered that 

radiotherapy caused the recuitment of fibroblasts and activation of fibrosis, promoting 

resistance to therapy 214. Therefore, GREM1 expression was investigated in the context of 

radiotherapy sensitivity using the GSE56699 dataset. This dataset contained expression data 

from patient rectal cancer samples that had been treated preoperatively with radiotherapy and 

samples that had been surgically resected post radiotherapy. Sensitivity to radiotherapy was 

also available within the data using the Mandard scoring system. Using the Mandard criteria, 

patients were scored 1 – 5 and subsequently divided into radiotherapy sensitive (1 – 2), 

intermediate sensitivity (3) and radiotherapy resistant (4 – 5) patients. A slight increase in 

GREM1 expression was observed in the surgically resected samples (Figure 5.8C) and also in 
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the radiotherapy resistant samples (Figure 5.8 D). However, none of these differences was 

statistically different suggesting that GREM1 does not predict response to radiotherapy.
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Figure 5.8                                                      

GREM1 expression in epithelial derived subgroups of CRC (CRIS Subtypes)                                                    

(A) Shows that using the Taxonomy data GREM1 expression is slightly elevated in subgroup CRIS-C and 

CRIS-E compared to CRIS-A but not in any of the other CRIS subgroups. (B) Using the GSE76402 cohort with 

larger CRIS subgroup numbers, GREM1 did not appear to be elevated  any particular CRIS subgroup cohort (C). 

No significant difference in GREM1 expression was observed after radiotherapy resection compared to samples 

from the neoadjuvant treated patients. (D) GREM1 expression was slightly higher after the development of 

radiotherapy resistance compared to the samples from intermediate resistant and sensitive samples. However, 

none of these differences was found to be statistically significant. 
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5.14 GREM1 is highly expressed in transformed fibroblasts 

In an effort to define the precise origin of GREM1 expression, the publically available online 

tool called GTEx was employed to evaluate GREM1 mRNA expression in many different 

tissue sample types (Figure 5.9) Previously, we had shown that GREM1 had significantly 

higher expression levels in fibroblasts when compared to the leukocytes, endothelial and 

epithelial cells. In order to confirm this initial observation, we investigated GREM1 mRNA 

expression in over 200 different cell sample types. Figure 5.9 shows the results of the top 50 

tissue samples. Based on the results generated it is clear that high levels of GREM1 

expression were present in transformed fibroblasts, which reaffirms our previous findings that 

GREM1 expression is coming from these CAFs. 
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Figure 5.9 

GREM1 expression is predominantly associated with the transformed or CAFs                                                                                 

Using the GTEx database, over 200 tissue samples were assessed to determine  GREM1 mRNA expression 

levels across these different tissues, the top 50 are shown. It is evident based on the above analysis that GREM1 

is predominatly expressed in the transformed fibroblasts.
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5.15 Pathway analysis of GREM1 differential gene expression analysis 

In order to gain a more granular understanding of GREM1 biology, a differential gene 

expression analysis was performed between high and low GREM1 expressing patient samples 

using four independent datasets GSE39582, GSE17538, GSE33113 and GSE14333 (see 

materials and methods section chapter 2) using a 1.5 fold change and FDR <0.05. FDR was 

utilised to reduce excessively long lists of genes coming through the filtering criteria. Over 

2000 differentially expressed genes were recorded in our analysis. Investigating the 

connection between GREM1 expression and drug resistance, collagens, secreted frizzled 

related proteins, WNT signalling ligands, matrix metalloproteases, fibroblast growth factors, 

RAS signalling proteins, bone morphogenic protein receptors and their ligands were amongst 

these differentially expressed genes. Interesting, a transcription factor (TWIST1) was present 

in each of the four different lists of differentially expressed genes, suggesting possibly that 

GREM1 may play a role in promoting an EMT phenotype. However, other transcription 

factors such as SNAIL were not found. A Venn diagram was constructed to summarise the 

overlap found between the different pathways associated with differentially expressed genes, 

looking at high and low GREM1 expressing samples across all four datasets (GSE39582, 

GSE17538, GSE33113 and GSE14333). Pathway analysis was performed on all four lists of 

differentially expressed genes and significant pathway overlap was observed. By evaluating 

the absolute overlap between all four datasets (indicated by a red arrow) the top pathway that 

was identified was Hepatic Fibrosis / Hepatic Stellate Cell Activation (Figure 5.11). This 

pathway is strongly associated with the presence of fibroblast activation post treatment.
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1. Hepatic Fibrosis / Hepatic Stellate Cell Activation 

2. Agranulocyte Adhesion and Diapedesis 

3. Granulocyte Adhesion and Diapedesis 

4. Atherosclerosis Signalling 

Figure 5.11                                                                                                                                   

Pathway analysis of GREM1 differential gene expression analysis 

The above Venn diagram illustrates the results of the pathways analysis performed on all four datasets 

(GSE39582, GSE33113, GSE14333 and GSE17538). Each dataset was analysed for differential expression 

between high and low GREM1 expressing patient samples using a 1.5 fold change and FDR <0.05. Genes 

meeting the above filtering criteria were retained and subsequently analysed using IPA. The top 10 most 

statistically significant pathways were extracted from IPA for each of the four independent datasets and 26.7% 

absolute overlap was detected. The top four pathways are indicated above listed in bullet point numbers 1 - 4. 

Hepatic Fibrosis was the top pathway identified.  
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5.16 Overlap between GREM1 differential expression and drug resistant genes                                                          

Two further Venn diagrams were constructed to summarise the overlap found between genes 

that were differentially expressed between high and low GREM1 expressing patient samples 

and genes that were differentially expressed between chemotherapy sensitive versus resistant 

samples. Thus, differentially expressed genes generated by comparing GREM1 high versus 

low expression overlapped with the drug resistant lists of genes discovered in Chapter 3. 

Significant gene overlap was noted. Some of these genes include collagens, secreted frizzled 

related proteins, WNT signaling ligands, matrix metalloproteases, fibroblast growth factors, 

RAS signallingproteins, bone morphonogenic  protein receptors and zinc finger proteins to 

name a few. All of these are known to be associated with high GREM1 expression. More 

importantly the central theme appears to be converging on CAFs, as GREM1 is highly 

expressed in these cells. Interestingly, CAFs have already been implicated in promoting drug 

resistance to chemotherapy and induce a poorer prognosis as a result. A number of studies 

have concentrated on identifying drug resistant and therapeutic targets by selecting genes or 

proteins that have altered expression after chemotherapy. In particular epithelial cell line 

models have been widely used in this approach 214,346–348. Here our approach was to link the 

tumour microenvironment as the culprit in driving and promoting resistance. Based on our 

data analysis it appears that many of these resistance mechanisms involved in drug resistance 

when comparing patient tumour samples with FOLFIRI sensitive versus FOLFIRI resistance, 

or responders and non-responders to FOLFOX/FOLFIRI therapy are of a  fibroblast origin. 

This provides further credence to our conclusions that cell lines do not recapitulate drug 

resistance in an in vivo setting because of the TME particularly these fibroblast cells. We 

have noted that high GREM1 expression is strongly associated with these fibroblasts and 

therefore could conceivably mark a favourable response to FOLFIRI therapy as previously 

discussed in chapter 3. However, the opposite may be true when considering FOLFOX 

therapy and GREM1 may predict a poor response to this drug. However, this requires further 

validation. 
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Figure 5.12 

Overlap between GREM1 differential expression and drug resistant genes 

Six independent datasets (GSE39582-Marisa, GSE33113-Dutch, GSE14333-Hanahan, GSE17538, GSE72970 

(which represent samples from responder versus non-responder patients) and GSE62080, which represent 

samples from FOLFIRI sensitive versus resistant patients) were evaluated. Using the genes that met the 

differential expression criteria of a 1.5 fold change and FDR <0.05 from our previous analysis, two Venn 

diagrams were constructed. The gene overlap was comparing high versus low GREM1 expression levels with 

that of the lists of genes previously identified in Chapter  3 examining drug resistance. The rationale was to 

investigate if there were similar transcriptional changes between genes associated with drug resistance and 

genes that were associated with high GREM1 expression. (A) Shows a Venn diagram with overlap between 

responders and non-responders to either FOLFOX or FOLFIRI therapy and FOLFIRI sensitive and resistant 

patients. These genes were then overlapped with the GREM1 differentially expressed genes found in the other 

independent patient cohorts. Figure (B) indicates the same result for two different patients cohorts including the 

drug resistant cohorts. Examing both Venn diagrams (A) and (B) a significant  percentage of overlap was 

recorded between drug resistance and high GREM1 expression levels. Therefore, fibroblasts in the TME may 

underscore drug resistance. This again is likely due to the fact that GREM1 expression is associated with these 

fibroblasts based on our analysis to date. However, our data thus far only suggests that GREM1 predicts a 

favourable response to FOLFIRI therapy and not FOLFOX, which is important to note.
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5.17 Evaluation of gene set enrichment analysis (GSEA) of GREM1 expression 

Multiple signatures were used in our analysis using GSEA to detect the presence of cells in 

the stroma tumour microenvironment such as fibroblasts, endothelial cells and leukocytes. 

Moreover, signatures that can predict chemotherapy sensitivity, or activation of WNT 

signalling were also analysed (Figure 5.13). The CAF signature was evaluated using GSEA 

to corroborate our previous findings. Figure (A) shows that the CAF signature is strongly 

enriched within the high GREM1 expression patient samples. The normalised enrichment 

score (NES) was 1.62, false discovery rate (FDR) was 0.002 and nominal p-value was 0. 

(Note: FDR or p-values quoted as 0 indicate that the p-value is exceptionally low and is  

presented as 0 herein). Figure 5.13 B  shows that there is also an enrichment of endothelial 

cells within the high GREM1 expressing population. NES = 1.68, FDR = and p = 0. This is 

not surprising as the epithelial tumour will also contain residual stromal cells present in 

immediate vicinity. Moreover, evaluation using a leukocyte signature (Figure 5.17C) 

indicates that there is lesser enrichment of leukoctyes within the high GREM1 expressing 

samples compared  to other cell types such as fibroblasts. The NES was 1.43. However, the 

FDR was 0.07 and p = 0.086 suggesting that this was only trending towards significance. 

Figure 5.17 D demonstrates that there is also an enrichment of the chemosensitive CRC liver 

metastasis signature within the high GREM1 expressing samples. NES = 1.42, FDR = 0.07 

and p = 0.07; again this result was only trending towards significance. Possible reasons why 

there is an assoication between high GREM1 expression and poor prognosis yet at the same 

time an association with  a positive response to chemotherapy will be addresed  in the 

discussion section of this chapter.  

 

Investigating the link between GREM1 expression and WNT activity suggests that there may 

be potential synergy between high GREM1 expression and high WNT signaling. In the 

HMPS mouse model, GREM1 antagonises BMPs and causes inhibition of cell differentiation 

and consequently induces the up-regulation of WNT signaling, which culminates in incresed 

cell proliferation. In order to validate this assertion, a positive up-regulation of the WNT 

signaling signature was observed. In Figure (E) the positive regulation of the WNT signaling 

pathway signature was also strongly enriched within the high GREM1 expressing samples. 

NES = 2.12, FDR = 0 and p = 0. Finally, in Figure 5.17 E the association between GREM1 

and metastasis was assessed by investigating genes up-regulated during lymphatic vessel 
metastasis. High GREM1 expression was strongly enriched within this signature. NES = 1.87, FDR = 0 and p = 
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0. This indicates that over expression of GREM1 may be associated with metastatic disease in CRC, probably 

due to the fact that fibroblasts can secrete MMPs amongst other substances that can degrade the ECM and 

consequently promotes metastasis.  
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Figure 5.13 

Evaluation of gene set enrichment analysis of GREM1 expression 

Figure (A) shows that the cancer associated fibroblast (CAF) signature is strongly enriched within the high 

GREM1 expression patient samples. Normalised enrichment score (NES) was 1.62, false discovery rate (FDR) 

was 0.002 and nominal p-value was 0. FDR or p-values quoted as 0 indicate that the p-value is exceptionally 

low and is automatically presented as 0. (B) indicates  that there is an enrichment of endotheial cells within the 

high GREM1-expressing population. NES = 1.68, FDR = and p = 0. (C) Employing a leukocyte signature shows 

that there is some enrichment of leukoctyes within the high GREM1 expressing patient samples. The NES was 

1.43. However, the FDR was 0.07 and p = 0.086 suggesting that this was only trending towards significance. 

Figure (D) demonstrates that there is also some enrichment of the chemosensitive CRC liver metastasis 

signature within the high GREM1 expressing samples. NES = 1.42, FDR = 0.07 and p = 0.07, again only 

trending towards significance. In Figure (E), the positive regulation of the WNT signaling pathway signature 

was also strongly enriched within the high GREM1 expressing samples. NES = 2.12, FDR = 0 and p = 0. Figure 

(F) investigated if there was  an association between GREM1 and metastasis by looking at genes up-regulated 

during lymphatic vessel metastasis. High GREM1 expression was strongly enriched within this signature. NES = 

1.87, FDR = 0 and p = 0. 
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5.18 Discussion 

 

GREM1 expression in different CMS subgroups of CRC 

The results presented in this chapter indicate that GREM1 is predominately expressed within 

the CMS4 (high fibroblast) and CMS1 (immune) subgroups and is specifically associated 

with CAFs. We also concluded that high GREM1 gene expression was not associated with 

CRC stem cells. Our data strongly suggests that high GREM1 expression is associated with 

fibroblasts and the literature shows a strong link between GREM1 and the cytokine induced 

pro-inflammatory response. This may also help explain why high GREM1 expression is also 

high in the CMS1 immune subgroup. In Chapter 3 we emphasised that there is a link between 

GREM1 and inflammation. One study found that there was a connection between GREM1 

and rheumatoid arthritis, which leads to the induction of an inflammatory response. The NF-

Kβ pathway has been implicated in this response. Additionally, GREM1 has been shown to 

regulate renal inflammation through the activation of the nuclear factor (NF)-κB pathway, by 

stimulating the increase in pro-inflammatory cytokines, thus leading to the recruitment and 

infiltration of immune inflammatory cells 349. This resulted in damage to renal cells. NF-κB 

was the top pathway observed when the differentially expressed genes were analyzed in IPA 

using the GSE62080 (SvR) data.  

 

High GREM1 expression was found to be prognostic in samples from three independent 

cohorts GSE33113, GSE17538 and GSE14333. Our results are consistent with the literature 

in that the CMS4 subtype has a much higher infiltration of fibroblasts. Patients with a higher 

content of fibroblasts have poorer overall survival (OS) and relapse free survival (RFS) 347. 

However, data generated from another independent cohort (GSE39582), indicated that high 

GREM1 expression was trending towards statistical significance, with some evidence that it 

may be prognostic in the CMS2 treated subgroup. This suggests that targeting GREM1 in 

CMS2 treated patients may be a potential therapeutic option for these patients. CMS2 is 

known to have high WNT signalling activity, in conjunction with the high activation of MYC 

and somatic copy number alterations (SCNA). According to one study, over expression of 

GREM1 caused disruption to bone morphonogeneic protein gradients and lead to the ablation 

of Wnt/β-Catenin signalling 350–353. However, the exact mechanism by which this happens 

has yet to be elucidated.  



 

247 | P a g e  
 

 

Another study concluded that after eradicating BMP4 expression in CRC cells, resistance to 

chemotherapy developed 354. Conversely, after over expressing BMP4, a restoration in 

chemo-sensitivity was recorded. GREM1 targets and inhibits BMP4 and could induce 

resistance. However, again this may only promote resistance in a FOLFOX setting and not a 

FOLFIRI setting. Given that elevated GREM1 gene expression was associated with many 

collagens, fibroblast growth factors, WNT ligands and secreted frizzled protein receptors and 

that our data clearly shows that high GREM1 expression is associated with CAFs, high 

GREM1 expression may have utility as a biomarker to stratify patients who may be more 

responsive to FOLFIRI therapy. In this thesis,  GREM1 for the first time has been shown to 

be predictive of a favourable response to FOLFIRI based therapy using a computational 

analysis approach based on data from two well defined clinical patient cohorts.  

 

Based on the data generated in this chapter, high GREM1 expression and its negative 

prognostic impact is likely due to the presence of fibroblasts and more specifically could also 

be due to a small sub-population of CMS2 treated tumours. One study concluded that CMS4 

has the poorest prognosis of all CMS CRC subgroups, but also noted this was due to the high 

infiltration of stromal cells, particularly fibroblast cells. Importantly, the study concluded that 

even the other CMS subgroups (CMS1, CMS2 and CMS3) that were associated with a good 

prognosis when stratified based on stromal content could be further split into different 

clinical outcomes. For example, for immune or epithelial based tumours (aligned to CMS1-3) 

when dichotomised into high CAFs versus low CAFs using a transcriptional signature had a 

good prognosis if the subgroup had low CAFs and poor prognosis if the subgroup was CAFs 

high. This provides strong evidence that the underlining factor behind high GREM1 

expression being associated with poor prognosis is that GREM1 is highly expressed in these 

CAFs. In other words the more fibroblasts a patient has the worse the prognosis and all 

subgroups have some presence of fibroblasts with CMS4 having the highest amount 214,292,347. 

 

More specifically, CMS2 do also contain CAFs, but to a lesser extent than the CMS4 

subgroup. Therefore, even a small percentage of CAFs may be sufficient to drive a poorer 

prognostic outcome. However the link between GREM1 and high WNT signalling coming 

from CMS2 cannot be ruled out as the underlying cause, as the data indicated that it was 

trending towards poor prognosis within the CMS2 treated population. For example, we know 

there is synergy between these two pathways in stem cells using a HMPS transplanted into a 
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mouse model. However, there is not enough publically available data with sufficient patient 

numbers for CMS2 treated samples to address this question further and to definitely prove if 

high GREM1 expression is prognostic within the CMS2 treated population. Here, we can 

only speculate based on one of the survival curves having a trend towards poor prognosis. 

 

  

The PETACC-3 clinical trial data has sufficient patient numbers and quality of both clinical 

and transcriptomics data to address this potential CMS2 – GREM1 expression question 

further. The data contains 1,404 stage II/III colon cancer samples with matched mutational 

data and transcriptional profiling available for all tumour samples. All of these patients were 

treated with either FOLFOX or FOLFIRI therapy. CMS status is also available for this data. 

However, presently this dataset is not publically available. No other data was available with 

sufficient numbers to address GREM1 expression and CMS2 subtype status.  

 

Nevertheless, we have demonstrated that high GREM1 expression is strongly associated with 

the CMS4/CMS1 subgroup and that GREM1 high expression is prognostic using RFS data. 

The differences that we have observed in different patient datasets may reflect patient stage 

and/or treatment modality.  

 

 

Validation of GREM1 and its associated biology  

It has been shown in a manuscript that we have submitted for publication (Oncotarget, in 

revision, 2019) that there is a strong correlation between GREM1 expression and stromal 

score. Interestingly, our collaborators have shown that there is also a strong correlation 

between GREM1 expression and high fibroblast score. These scores reflect the quantity or 

amount of fibroblasts present. This is further exemplified in our GSEA in Figure 3.1.3 (A). 

The CAF signature, which is known to identify fibroblasts, positively correlated with high 

GREM1 expression. As GREM1 expression increased, so did the enrichment of the signature. 

Moreover, in our GSEA (Figure 3.1.3 (F), a metastatic signature was investigated that was 

up-regulated during lymphatic vessel metastasis. We found that high GREM1 expression 

positively correlated with this signature. Previous work has shown that fibroblast activation 

protein (FAP), a strong marker of fibroblasts, was overexpressed at the invasive front 

compared to the central tumour 355–357-358. Elevated WNT signalling promotes a much more 

biologically aggressive tumour type and is well documented in the literature. CMS2 has 
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higher WNT activity, which may help explain our observation in relation to GREM1 

expression and CMS2 subtype status 

 

Furthermore, both pathway and gene overlap was observed when comparing genes that were 

differentially expressed, in relation to high and low GREM1 expression and drug resistant 

gene signatures. The top pathway identified was Hepatic Fibrosis which is involved in wound 

healing. This leads to the over production of the extracellular matrix (ECM) space. The ECM 

has fibroblast content including collagens and MMPs, which are vital in both its production 

and development 355. Another possibility, given the observation of GREM1 expression 

trending towards a poor prognosis in the CMS2 subtype is that many genes that were 

differentially expressed when comparing high and low GREM1 expressing patient samples 

were involved in the WNT singling pathway such as secreted frizzled protein receptor 

including WNT ligands, a key feature in CMS patients. 

 

 

 

GREM1 expression may predict a higher response rate to FOLFIRI therapy 

 In Chapter 3, GREM1 was found to be differentially expressed when comparing responsive 

versus non-responsive patients to either FOLFOX or FOLFIRI-based therapy. Furthermore, 

high GREM1 expression identified the responsive group of patients. We also noted 

previously in chapter 3 that high GREM1 expression is associated with good prognosis using 

PFS, which thus far contradicts our findings that high GREM1 expression is associated with 

poor prognosis using DFS. One theory for this is that we only noticed high GREM1 

expression is linked to FOLFIRI responsive patients and not FOLFOX treated patients. One 

study in CRC compared oxaliplatin based therapy (FOLFOX) with irinotecan based therapy 

(FOLFIRI) in the metastatic setting. Both PFS and OS data were compared for survival 

analysis. The authors concluded that the patients who received irinotecan based therapy had 

significantly better PFS, which was significant and OS, which was not significant. These 

results were compared to patients who received oxaliplatin based therapy and it was noted 

that these patients had much poorer survival. The investigators concluded that this was most 

likely due to the fact that patients can tolerate much higher doses of irinotecan in contrast to 

oxaliplatin. Moreover, patients can remain on irinotecan based therapy for much longer 

periods of time because there are less severe side effects associated with this type of 

treatment. Conversely, oxaliplatin has many adverse side effects including sensory 
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neuropathy and because of this, treatment usually ceases for a period of time before patients 

are put back on oxaliplatin at a later stage. This effect was even more profound when 

examining all of the different CMS subgroups. The investigators noted that the CMS4 

patients in particular received greater survival benefit when treated with irinotecan based 

therapy in contrast to oxaliplatin therapy. As GREM1 is associated with fibroblasts and was 

also associated with responsive patients, in particular FOLFIRI sensitive samples, it is 

therefore conceivable that GREM1 may be a predictor of a positive FOLFIRI response. 

Moreover, GREM1 was enriched for CMS4 and fibroblasts, which adds further credence to 

this argument. Typically CRC patients are always given FOLFOX as a first line treatment 

strategy for advanced CRC and only FOLFIRI as a second line treatment upon relapse or the 

onset of resistance. Therefore, perhaps based on this evidence CRC patients should always be 

given FOLFIRI treatment as a first line therapeutic option instead of FOLFOX. However, the 

questions still remains why is it that the high fibroblasts/CMS4 patient samples are resistant 

to chemotherapy. It may be that this resistance is dependent on the type of therapy 

administered to the patient. For example, fibroblasts increase resistance to FOLFOX therapy 

but not FOLFIRI.  

 

 

 According to the literature, when patients are treated with radiotherapy, fibrosis develops 

and patients with an epithelial-like subgroup (CMS2) develop a serrated stromal 

mesenchymal-like phenotype post radiotherapy 214. This suggests that a higher infiltration of 

fibroblasts occurs after radiotherapy treatment. A number of publications have speculated 

that an increase in fibroblast infiltration into the TME predicts resistance to chemotherapy 

with a worse overall and relapse free survival outcome 202. These data support the evidence 

provided here that GREM1 is indicative of poor prognosis and can be used as a marker of 

responsiveness to certain forms of chemotherapy (although not to radiotherapy).  

 

Another study looked at CAFs supernatants and compared them to normal fibroblast 

supernatants after the cells were lysed. Interestingly, within the CAF supernatant, many 

different growth factors and chemokines were found such as MMPs (enzymes that promote 

invasion) EGFs (tyrosine kinases receptors that when activated  lead to increased cell 

proliferation), VEGF (a growth factor promoting angiogenesis) and E-cadherin (a protein that 

helps drive metastasis) 359. Our study also identified many of the genes that were involved in 

drug promoting resistance to chemotherapy, mediated through CAFs. These include 
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fibroblast growth factors (FGFs), cyclin-dependent kinase inhibitors, prostaglandin E 

synthase 2, secreted frizzled related proteins, insulin like growth factors and RAS related 

proteins. Intriguingly, when performing differential expression between responsive/non-

responsive patients to FOLFOX or FOLFIRI based therapy we discovered that all of the 

above genes were represented in our results. Overlapping genes were detected when 

performing differential gene expression between high and low GREM1 gene expression and 

genes linked to drug resistance. This may reflect a central role for fibroblasts in driving 

chemotherapy related resistance in CRC. 

 

 

Our data clearly indictes that the TME is critical to consider. Given the thousands of 

transcriptional changes that occur due to the development of drug resistance, it appears 

improbable that one selective target will ever be identified that could reverse resistance. 

While genes such as TYMS are a potential target, cancer cells are so adaptable that they can 

quickly overcome chemotherapy induced cytotoxicity and subsequently develop resistance to 

5-FU by increasing TYMS expression. Therefore, rather then just focusing on one single 

target, it may perhaps make more sense to target the overarching biology of the tumour given 

the instability of the cancer genome. Therefore, GREM1 might make an attractive drug 

resistance target because CAFs drive significant biological changes within the tumour, which 

include the promotion of poor prognosis and propagation of drug resistance.  

 

 

Lastly, none of the findings published using the HMPS mouse model were reflected in these 

human patient datasets that we investigated. There was no statistical difference between 

GREM1 expression and differentiation status of the tumours. A slightly higher expression 

intensity was identified in the poorly differentiated status, but did not reach statistical 

significance. GREM1 was not expressed in purified CRC stem cells. Our findings indicate 

that GREM1 is predominantly derived from the tumour stroma and specifically from the 

CAFs.  
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5.19 Conclusions  

In summary, our results suggest that GREM1 appears not to be associated with the epithelial 

tumour in CRC (as opposed to the HMPS mouse model) but rather with the TME and is 

specifically expressed in CAFs. Further data are required to validate this finding in 

experimental models and in other patient cohorts, before attempting to recommend GREM1 

as a prognostic marker in a clinical setting.  
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6.1 Overall Discussion  

Over the last number of years,  our understanding of the molecular basis of CRC has been 

radically transformed through the advent of powerful computational algorithms and their 

application  to  patient genomic/transcriptomics datasets. Bioinformatics analysis has enabled 

us to decipher  the gene expression changes that take place within the  CRC tumour and its 

surrounding stroma and allows greater definition of distinct subtypes of the disease 177. 

Evaluating the molecular landscape of CRC has enabled the discovery of molecular 

signatures associated with drug resistance to different chemotherapeutic agents. Moreover, a 

variety of  bioinformatic approaches have informed our understanding of the different 

pathways and biological features associated with different molecular subgroups of CRC 210. 

Delineating the biology associated with  these different molecular subgroups could 

potentially enable better stratification of  patients for clinical management, either through 

optimal selection of appropriate treatments or avoidance of adverse side effects. Early 

selection of appropriate therapy may underpin improved patient outcomes and better quality 

of life   215.  

 

Methodological considerations 

Our focus on  drug resistance using more modern bioinformatics tools (RMA normalisation 

instead of MASS5.0, IPA analysis instead ot GeneSpring analysis)  revealed  additional 

biology not previously identified in earlier studies. Many of the additional  genes/pathways 

revealed from this in vitro differential gene expression analysis are known to  influence the 

TME, in particular fibroblasts. Additional findings included activation of immune pathways, 

alteration of the cell cycle and the activation of DNA damage response repair pathways, all of 

which are known to be up-regulated after cell line exposure to DNA damaging 

chemotherapuetic agents, demonstrating the robustness of our analysis. However, 

transcriptional signatures derived from this in vitro cell work could not be replicated in data 

from patient samples, which we attribute  to clonal diversification and the role of the TME.  

 

In identifying potential leukocyte enriched transcriptomic signatures we reported that the 

linear classifiers such as SVM and LDA were far superior to non-linear classifiers. Our 

leukocyte signature discovery work had  a number of limitations. Probesets found on 

Affymetrix arrays are not always replicated on other array platforms (e.g. Illumina), thus 

compromising accurate comparison studies between different datasets. Moreover, all data 

should be curated, processed and normalised in the same way to ensure consistency. 
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Compiling combinations of patient datasets and spliting these into a discovery and test sets 

for validation may help improve classification performance as all probesets/genes are  

represented across all platforms. 

 

6.2 Drug resistant transcriptomic signatures; explaining the differences between  in 

vitro and in vivo analysis  

 

In the first results chapter (Chapter 3), experimental data from  HCT116 CRC cell lines were 

employed  to identify drug resistant transcriptomic signatures associated with oxaliplatin and 

5-FU therapy. However, although these drug resistant transcriptomic signatures appeared to 

be robust in cell line data, attempts to use them to help define drug resistant signatures within 

clinically-annotated patient samples were unsuccessful. Reasons for the inability to 

recapitulate the cell line findings in data from primary tumour patient samples presumably 

reflect potential clonal differentiation and the role of TME in promoting drug resistance.  

 

In a recent paper, examining 106 different cancer cell lines, clonal diversification was found 

to be a frequent event affecting  drug resistance, both within different isolates of the same cell 

line (e.g. MCF7, an oestrogen receptor positive breast cancer cell line)  and across different 

cell lines representing different forms of cancer 281. The investigators demonstrated that 

differences in clonal diversification that result in alterations in gene expression  and distinct 

drug resistant responses could be attributed to differences in the medium used to grow the 

different cell line. Furthermore, alterations in mutational profiles were also reported when 

investigating the 27 different isolates of MCF7 cells. For example, two frequently altered 

genes in MCF7 cells were assessed to address the above question, Phosphatised and tensin 

homolog (PTEN) and oestrogen receptor (ESR1) were evaluated, given that their expression 

levels  varied considerably across breast cancer cell lines. Furthermore, the number of unique 

non-silent point mutations also varied across the 27 different isolates of MCF7 cells. 

Significant copy number alterations were also observed. The authors conceded that the 

passaging number of these cells may also play a role in clonal diversification. The fraction of 

genomic changes was also attributed to extensive freeze thawing and genetic manipulations, 

effecting both somatic and germline mutations. Cell cycle signatures, mTOR signalling 

signatures and signatures involved in AKT inhibition were also analysed based on 

PTEN/ESR1 loss and gains. The enrichment score of these signatures was radically different, 

depending on loss/gain of these respective genes.  
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Lastly, the investigators exposed 55 different drug compounds with different modes of action 

to these different isolates of MCF7 cell lines and showed there was significant variability 

both in terms of response and in terms of gene expression profiles across these different 27 

MCF7 isolates 281. Given the variability observed in these studies, it is feasibile that similar 

factors may be at play in our study where drug resistant cell lines do not recapitulate drug 

resistance observed in vivo. The HCT116 CRC cell lines that we employed  in our analysis 

are MSI high and are therefore genomically unstable, meaning that after passaging of these 

cells, there may be extensive changes in the cell’s intrinsic biology, reflected in differing 

gene expression changes and response to drug treatment.   

 

The TME is presumably also a significant contributing factor.  We noted significant gene 

expression changes in TME-related factors such as collagens, fibroblast growth factors, RAS 

related proteins, insulin like growth factors, prostaglandins, MMPs, BMP receptors/ligands, 

secreted frizzled related proteins and TGFβ. These differences were revealed when 

performing differential expression analysis comparing responsive and non-responsive 

patients to either FOLFOX or FOLFIRI-based therapy. 

 

HTC116 cells are epithelial in origin, whereas patient samples also include stromal material, 

maintained as part of the integrity of the TME. Thus, while cell lines can be useful model 

systems in certain circumstances, transcriptional analysis is more informative when 

employing patient samples as the source of starting RNA/data. Transcriptional analysis of the 

patient samples captures the molecular landscape of the stromal compartment which is key in 

altering transcriptional changes with these patient tumours. Nevertheless our data from 

Chapter 3 has added a small contribution to the research  that has already been published on 

drug resistance, complementing what is already in the literature and may improve our 

biological understanding of drug resistance in CRC. The TME in particular is increasingly 

relevant  in the context of  discovery of new drug resistant signatures.  

 

The identification of potential drug resistant targets is an area of intense research interest in 

both CRC and many other malignancies 302,365–369. Despite  improvements in PFS, OS, and 

RFS, many of  the mechanisms that underpin drug resistance within CRC remain elusive. 

Improved diagnostics and early detection of CRC through bowel screening programs have 

sigificantly improved patient survival outcomes as early stage detection is curable through 
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surgery alone. Combination treatment regimes such as FOLFOX and FOLFIRI have 

improved tumour response rates and resulted in better clinical patient outcomes. Targeted 

therapies have had a significant impact on clinical practice in CRC. For example, KRAS 

mutations are strong indicators of resistance to cetuximab, the EGFR inhibitor, with minor 

benefits from this treatment regime being observed only in patients with KRAS wild type 

tumours. Some very modest but nonetheless significant benefits have been shown, initially in 

preclinical models but increasingly in early phase clinical trials, using BRAF and MEK 

inhibitors to overcome drug resistance in CRC. 

 

However, targeted therapies have also had a significant impact on clinical practice in CRC. 

For example, KRAS mutations are strong indicators of resistance to cetuximab, the EGFR 

inhibitor with minor benefits from this treatment regime being observed only in patients with 

KRAS wild type tumours 370,371. Therefore, KRAS mutational status can be used as a clinical 

marker to stratify patients into responders and non-responders to cetuximab therapy with high 

sensitivity, but the question remains as to which treatments should be offered to the KRASMT 

population.  

 

Thymidylate synthase (TYMS) is a marker of resistance to the antimetabolite drug 5-FU. 5-

FU interacts with and inhibits TYMS enzymes and can subsequently lead to the induction of 

DNA and RNA damage 246. However studies have shown that up-regulation of TYMS 

expression can prevent further DNA/RNA damage, which can ultimately lead to 5-FU 

resistance in cancer cells 372.  

 

MSI status can also be used as a marker of sensitivity to chemotherapy, especially 5-FU. MSI 

patients have been shown to be highly sensitive to 5-FU therapy 373. It is known that these 

patients lack DNA damage response repair pathways and are inherently more susceptible to 

DNA damage, in contrast to patients with MSS tumours 374–376. However there is evidence 

that MSI patients may be harmed by 5-FU therapy 373. 5-FU  has been thought to attack and 

destroy the immune infiltrates 231, thus the benefits elicited by the presence of these cells may 

be diminished following chemotherapy  treatment. Many studies have confirmed that 

chemotherapy can work synergistically with the immune system and can stimulate both the 

innate and adaptive immune system. Studies employing paxitaxol have confirmed both a 

positive and negative effect on the immune system and concluded that chemotherapy in the 

treatment of certain cancers can be a double edged sword 377. Another investigation 
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demonstrated that this is only partially true and that the chemotherapy dose administered to 

the patients is a key parameter 259. In certain clinical scenarios, “less may be more” following 

chemotherapy  treatment  However, a note of caution. Many studies have confirmed that 

chemotherapy  may stimulate the immune response 381–384.  

 

GREM1 gene expression was initially identifed as a potential mediator of drug resistance in 

Chapter 3 when performing DGEA comparing responders versus non-responders to 

FOLFOX/FOLIRI therapy. In Chapter 5, we demonstrated that GREM1 is predominately 

expressed in CAFs and exhibits higher expression when compared to normal colon 

fibroblasts, with many of the TME-related factors  indicated above involved 385-291–293,386,387. 

Collagens for example, can insulate tumour cells from chemotherapeutic agents and 

consequently makes it more difficult for the drug to diffuse across cell membranes within the 

tumour to induce cytotoxicity. Importantly, fibroblasts produce lots of different types of 

collagens. Other examples of TME related factors include TGFβ, which has been reported to 

be essential for the invasive and metastatic potential of tumours when in the presence of these 

CAFs, which greatly promotes tumourigenesis in CRC 215,292,388–390. One study showed that 

when CAFs, tumour cells and TGFβ were injected into severely immune-comprimised mice, 

the tumour had a much more biologically aggressive, invasive and metastatic phenotype. 

Moreover, it is known that these CAFs promote chemotherapy resistance. These fibroblast 

growth factors are important in the development and maintenance of CAFs. This suggests 

that CAFs, and indeed other stromal cell populations, could play a pivotal role in promoting 

and propagating chemotherapy-related resistance. Therefore, it is imperative to consider the 

role of the TME and its involvement in promoting drug resistance, particularly the specific 

role of CAFs  239-242–244. 

 

Again to reiterate GREM1 was initially identifed in our drug resistance chapter – 3 when 

performing differential gene expression analysis comparing responders versus non-

responders. GREM1 was also validated  in two independent datasets, one comparing 

responders and non-responders to either FOLFOX or FOLFIRI based therapy and another 

comparing complete response versus partial response, stable disease and progressive disease 

(Chapters 3 and 5). GREM1 had significantly higher expression levels in the responsive 

patients and patients that underwent a complete response, suggesting higher expression may 

identify patients that would benefit from chemotherapy. However, further validation is 

required. Performing immunohistochemistry staining for GREM1 protein expression using 
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tumour samples that are known to be sensitive or resistant to FOLFOX or FOLFIRI may 

provide further insight 108.  

6.3 Evaluation and assessment of the leukocyte signature  

In Chapter 4, we developed a leukocyte-derived BRAF mutant associated signature so as to 

probe CRC biology in more detail. The ability of the signature to  predict both BRAFMT 

status and MSI status was also evaluated, but this was compromised somewhat by the nature 

of the data, which is discussed in more detail below. Several classifiers were developed in 

order to compare and contrast their classification performance. Overall, the linear classifiers 

yielded superior results with the highest degree of overall accuracy, sensitivity and 

specificity. The two linear classifiers used that produced the best results were SVM and LDA 

classifiers, with the LDA classifiers performing overall slightly better when predicting 

MSI/MSS status. This relates to the nature of the data. Approximately 10% - 15% of all CRC 

cases harbour BRAFMTs and approximately 25% are MSI positive. Thus, the majority of 

patient samples are BRAFWT and MSS. The classification performance of the signature will 

therefore be affected because of this imbalance. In general, more balanced data leads to 

improvement classification performance 158,391–393. When examining the p-values using the 

McNamers t-test from our confusion matrix, it was noted that many of the analyes performed 

yieled p-values that were not statistically significant (p = > 0.05) 

 

 

However, a comprehensive search in the literature indicates that p values when developing 

classifiers for classification prediction are less important to that of overall accuracy, 

sensitivity and specificity. Overall accuracy, sensitivity and specificity are a truer reflection 

of classification performance and are more reliable than p values alone, due to the fact that 

these p values are heavily dependent upon data imbalance. For example, the ~ 10% - 15% of 

all CRC cases having BRAF mutations creates an imbalance in our data and will ultimately 

effect classification performance and in particular p values using the McNamers t-test.  

 

Another caveat to the approach we used in our analysis was the differences in the way the 

data was prepared, analysed and platform used. As discussed in chapter 4,  when developing 

and constructing the classifier, an Affymetrix microarray was used. We conceed that 

designing and developing a classifier by pooling all of the publically available data could 
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enhance performance. This would ensure that multiple platforms are represented including 

Affymetrix, Agilent arrays, Illumina and RNAseq data. Moreover, samples from paraffin 

embedded tissue samples and fresh frozen samples would all be represented across these 

merged datasets. This approach also provides an enormous amount of statistical power 

computationally as samples sizes are significantly increased. Both studies published by 

Popovicic et al. pooled all publically available datasets together for both the development of  

BRAF and MSI classifiers in two independent studies. The authors indicated that pooling the 

data together removes the problem of not having identical platforms and probe IDs not being 

compatible from one platform to another. Therefore, the investigators pooled the data 

together and converted all platform expression IDs to Entrez IDs. Data was normalised using 

the same methods.  

 

In our investigation in chapter 4 to develop a leukocyte derived signature, we neglected to 

take these points into consideration and consequently this could perhaps compromise our 

results. Both approaches would need to be tested side by side to compare and contrast results 

in order to determine the best approach. When an optimal classifier has been established, it 

can then be independently validated across multiple platforms, removing the problem of 

having to discard certain genes that are not present on different platforms, which no doubt 

compromised our classification performance. However, we have developed a single 

leukocyte-derived classifier that demonstrates that leukocytes can play an important role in 

assigning different mutational and molecular profiles of CRC tumours. We found a 

significant amount of transcriptional overlap between leukocyte biology and MSI tumours, in 

particular given that there is an enrichment of BRAFMTs in these MSI tumours. Therefore, 

the role of the TME is important to consider. Thus in order to definitively validate the clinical 

usefulness of this classifier, further steps are required. In the first instance, all publically 

available datasets could be pooled together, representing as many platforms as possible and 

to increase patient numbers in the analysis. Furthermore, we used a 1-way ANOVA analysis 

with a 1.5 fold change and FDR <0.05 to extract a signature from the leukocyte compartment, 

using a dataset containing purified stromal cells from primary CRC tumours. This approach 

would have to be tested and compared to other methods such as not using fold change and 

only applying and FDR threshold. For example, using a lower FDR of <0.001 and excluding 

fold change from the analysis may identify genes that are more closely correlated and 

associated with leukocytes. We observed that some of the down-regulated genes in the 

leukocytes were also overexpressed in other cell compartments after the 1-way ANOVA 
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analysis was applied (as was shown in chapter 4). Therefore, perhaps differential expression 

is not necessarily the best approach. According to the literature, signatures have been 

discovered and reported using a Cox regression analysis to identify high risk genes associated 

with a phenotype of interest 394. Therefore, another avenue potentially worth exploring is 

applying a Cox regression analysis to genes that are correlated with BRAF/MSI within the 

leukocyte or CMS1 compartment which may produce a higher classification performance. 

The rationale here would be that BRAF mutant patients would have a higher risk of relapse 

and poorer prognosis, allowing more robust  classification prediction. However, correlation 

does not necessarily imply causation and one must compare and contrast different methods of 

gene extraction from these high leukocytes or CMS1 patients. Once the best signature has 

been identified and tested, the last remaining objective would be to validate this signature in 

the laboratory as a prelude to clinical validation.  

 

One study was able to validate a previously identified 64 gene MSI/MSS signature which 

performed deep sequencing of 73 tumour samples, focussing on their cancer kinome 309. The 

investigators analysed 615 genes in total. Results from the sequencing revealed that a much 

higher proportion of mutations were found in the samples that were classified as MSI as 

opposed to MSS tumour samples. Mutational profiles of the exomes of these tumour samples 

demonstrated that there was approximately a 7.4% mutational frequency in the MSI tumours 

compared to 1.4% in MSS samples. The researchers also identified an MSI-like phenotype 

which comprised mutations in 6.4% of the candidate genes assessed. This approach provided 

evidence that the transcriptional MSI/MSS signature identified a higher mutational burden in 

the MSI samples. This study further showed that after assessing activating mutations in 

BRAF, 64.3% were discovered to be present in the MSI samples. Importantly, the MSI/MSS 

signature identified these activating BRAF mutations correctly as well. Furthermore, samples 

that were assigned as MSS by the signature were BRAF wild type in 98% of cases. This 

strongly suggests that the transcriptional MSI/MSS signature identified by these investigators 

could corroborate known findings in the literature and therefore could have potential clinic 

utility 193,395.  

 

To conclude this section a leukoctye derived signature with genes either significantly 

up/down-regulated in the leukoctye comparment could classify either BRAFMT/MSI 

tumours. However, it is by no means as accurate as what has already been published. 

Nonetheless, we feel that is could be refined to assign both tumour types with a high degree 
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of accuarcy depending on the platform used and approach adopted. Nonetheless we have 

established that there is clearly biological and transciptional overlap between  a leucocyte 

derived signature  and BRAF and MSI tumours, which adds additional knowledge to the field. 

We would also like to reiterate that LAPTM4B was note to have a favourable prognosis when 

expressed highly compared to low expression. This is the first time to our knowledge that this 

particular gene has been identifed as being prognostic particulary in treated CRC patients. 

Interestingly, high gene expression was noted in the BRAFWT patient samples and could 

conceivably be used to discriminate between BRAFMT and BRAFWT samples. Staining for 

its protein expression using clinical pathological samples may act as a novel marker to 

identify these patients as they are treated differently in the clinical setting. However, this 

requires further validation work. This gene was noted to be present in our signature and 

uncovering its biology also introduces an additional novel aspect to this thesis not previously 

shown in the literature.  

 

6.4 Evaluation and assessment of GREM1 as a potential biomarker/therapeutic target  

In the final chapter of this Thesis, we investigated GREM1 gene expression in more detail, 

given our data from Chapter 3 which provided preliminary evidence of its potential role  in 

drug resistance. The relationship between GREM1 and tumour response to treatment is not 

entirely surprising given the results from Chapter 5 which indicate that high GREM1 gene 

expression is associated with CAFs. However, what is less clear is why low GREM1 

expression is associated with tumour responders in the Chapter 3 data, given the data 

indicating that CAFs have been reported to be linked to drug resistance. But the answer to 

this conundrum may relate to the particular therapeutic intervention used and potentially also 

the CMS class. For FOLFIRI (which is an irinotecan-based treatment), low GREM1 

expression was strongly associated with treatment resistance and high expression was found 

in the FOLFIRI-sensitive samples. However, the same association was not seen for FOLFOX 

(oxaliplatin based treatment). A paper published in Oncotarget indicated that patients who 

received FOLFIRI had a higher response rate in contrast to patients who received FOLFOX, 

particularly when CMS4 patient data was considered, GREM1 gene expression was higher in 

FOLFIRI responders (p = <0.05) compared to non-responders but the same result was not 

seen when comparing FOLFOX responders versus non-responders. Furthermore, aberrant 

epithelial GREM1 expression has been shown to inhibit differentiation and initiate intestinal 
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carcinogenesis in HMPS implanted into a mouse model 283. This model entailed 

overexpressing GREM1 using a lentiviral vector and subsequently transfecting this into 

HMPS to study overexpressed GREM1 versus WT. Based on this study, we decided to 

determine the origin of GREM1 expression and further determine if GREM1 was prognostic 

in multiple human patient cohorts outside of HMPS and further delineate its associated 

biology.  

 

 

In the first instance, it was revealed that GREM1 expression was significantly lower in CRC 

cell lines, CRC spheroids or patient derived xerografts compared to primary patient tumour 

samples including CRC liver metastatic samples.  GREM1 gene expression was also 

compared in primary tumour samples, normal samples and precursor CRC tumour samples. It 

was found that GREM1 gene expression was highly associated with the primary tumour and 

not benign or normal samples. However, GREM1 gene expression was found to be 

predominantly originating from the TME, specifically the CAFs. We found that high GREM1 

gene expression was strongly prognostic in multiple independent datasets, particularly in the 

CMS2 population. This may be due to the high activation of WNT signalling within this 

subgroup of patients, which is a key node in the GREM1 signalling pathway in stem cells as 

BMP/WNT gradients alter stem cell fate in CRC 87,147,396–400.  However, this needs to be 

validated further.  

 

 

It was also noted that there was a link between GREM1 gene expression and chemotherapy-

related resistance as outlined in Chapter 3. To explore this further, we performed differential 

expression comparing high GREM1 expression versus low GREM1 gene expression. The lists 

of genes identified were then overlapped with lists of genes that were found to be 

differentially expressed, comparing responsive versus non-responsive patients to 

chemotherapy. We performed the same analysis comparing differential expression between 

FOLFIRI resistant versus sensitive samples. These were then overlapped with differentially 

expressed genes comparing high GREM1 expression versus low GREM1 expression as 

before. It was concluded that there was approximately 30% - 40% overlap between genes 

associated with GREM1 expression and genes linked to drug resistance, providing further 

credence that there may be a link between GREM1 and chemotherapy-related resistance. 

Moreover, GREM1 was in the top 25 differentially expressed genes when comparing 
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responsive versus non-responsive patients to chemotherapy. However, the link is clearly 

driven by these CAF and may only represent resistance to FOLFOX therapy but may predict 

a more favouable response rate when FOLFIRI is used instead. 

 

 

Based on all of the data generated in this thesis, we can confidently state that GREM1 

expression is predominately expressed in the CMS4 patient samples, which are known to 

have a high stromal infiltration. The stromal compartment, which makes up the largest 

portion of the TME and is comprised of large numbers of fibroblasts. Moreover, these  CAFs 

are strongly associated with poor prognosis 191-209-237. More importantly, CMS4 is known to 

have the worst relapse free and overall survival. Interestingly, we found that GREM1 was 

highly expressed within these CAFs and we were also able to link this to poor prognosis by 

examining GREM1 expression. More surprisingly, GREM1 is potentially associated with 

poor prognosis within the CMS2 treated population. We have speculated that this is most 

likely attributed to high WNT activation within the CMS2 population, given the link between 

GREM1 and WNT signalling, but may also reflect a subgroup of CMS2 tumours that have 

higher levels of CAF infiltration. What is clear is that high GREM1 expression was found to 

be prognostic in multiple patient cohorts and importantly that this is driven by the presence of 

these CAFs.  

 

6.5 Future Directions 

To further support a role for GREM1 in drug resistance, a number of experiments would need 

to be conducted. Firstly, there are cell lines available in our laboratory which overexpress 

GREM1. These cells could be tested for their sensitivity or resistance to FOLFOX- and 

FOLFIRI-based treatment. Moreover, cell lines that have already developed resistance could 

be transfected with a lentiviral vector to overexpress GREM1 to determine if sensitivity is 

restored particularly in the context of FOLFIRI treatment. If validated in cell lines, patient 

tumour samples could then be assessed.  

 

Regarding the leukocyte signature work from Chapter 4, it is evident that there is significant 

biological overlap between leukocytes and MSI tumours. Additionally, approximately 60% 
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of all BRAFMTs occur within the CMS1 leukocyte high CRC subtype.  Our data adds to a 

small but growing body of work that demonstrates the importance of the TME in CRC 

tumour classification. More specifically, we have demonstrated that leukoctyes have 

significant confounding biological factors that can influence BRAF or MSI tumour 

classification.  

 

To conclude definitively that GREM1 gene expression is in fact confined to the fibroblasts, 

immunohistochemistry staining analysis should be performed for the GREM1 protein. The 

various different components that make up the stromal compartment would have to be 

assessed, (i.e immune cells, epithelial cells and fibroblasts), using an Anti-Gremlin1 

antibody. If GREM1 was found be highly expressed within the fibroblasts, this would provide 

more evidence that the presence of GREM1 is one of the drivers of  poor prognosis and  may 

help to elucidate its link to drug resistance, as these have all been linked to fibroblast 

infiltration. However, additional staining should also be performed comparing GREM1 

expression in resistant and sensitive patient tissue samples to further verify this hypothesis 
204,214,397,400–402.  
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