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Abstract 

 In 2020, there were 1.93 million cases of colorectal cancer (CRC) diagnosed and 935 

thousand CRC-related deaths (1–3). Approximately 50 percent of patients are diagnosed with stage 

III or IV disease, limiting the efficacy of available treatments (4). Type 2 diabetes mellitus (T2D) 

is a risk factor for CRC development and progression. Nonetheless, metformin-treated diabetic 

CRC patients tend to have better clinical outcomes than diabetic CRC patients not exposed to 

metformin. Thus, we sought to investigate the molecular underpinnings of metformin’s protective 

effects to determine whether its mechanism could be exploited to improve patient outcomes.        

 We performed a targeted transcriptomic analysis of primary CRC tissue samples (N = 272). 

Next, a supervised learning algorithm was used to pinpoint features discriminating between 

metformin-treated and diet-controlled diabetic CRC samples, as well as those discriminating 

between non-diabetic samples based on their five-year survival status; these features were used to 

generate corresponding classification models. Finally, we analyzed the differential gene 

expression patterns in diabetic treatment groups and non-diabetic survival categories to identify 

expression profiles suggesting that a gene and/or pathway may be linked to metformin’s 

antineoplastic effects.  

Our results show downregulation of TMEM132 in metformin-treated samples (p = 0.053) 

and non-diabetics with good clinical outcomes (p = 0.053) relative to diet-controlled and non-

diabetics with poor survival, respectively; SCNN1A was upregulated in metformin-treated samples 

(p = 0.044) and non-diabetics with good clinical outcomes (p = 0.011) relative to diet-controlled 

samples and those with poor clinical outcomes, respectively; FN1 was downregulated in 

metformin-treated samples relative to diet-controlled samples (p = 0.121). These findings suggest 

a role for the unfolded protein response (UPR) in mediating metformin-related CRC protective 
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effects, by enhancing apoptosis. We also show that sFas, an antiapoptotic protein, is 

downregulated in metformin-treated samples relative to diet-controlled samples (p = 0.005). 

Therefore, metformin may synergistically enhance apoptosis through the regulation of Fas 

alternative splicing, inhibiting CRC development and progression. Taken together, we outline two 

key cellular processes that may be implicated in metformin’s antineoplastic action and provide 

justification for further investigation of these pathways to determine if they may be targets for 

novel CRC therapies.   
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Chapter 1 

Introduction 

1.1 Colorectal Cancer: A Growing Global Burden 

Colorectal cancer (CRC) is a highly lethal and prevalent disease. In 2020, the World Health 

Organization reported CRC to be the 3rd most common malignancy worldwide, with 1.93 million 

new cases diagnosed in that year alone (1). Furthermore, this disease ranks as the second leading 

cause of cancer-related death, with a staggering 935 thousand deaths in the same year (6). 

Unfortunately, these rates are projected to climb in the coming years, further exacerbating this 

global public health problem (2,3,7). Another major concern is that the incidence of early-onset 

disease, defined as cases diagnosed before the age of 50, is increasing at an alarming rate (8–10). 

These emerging epidemiological trends foreshadow a bleak future for CRC patients if clinical 

management strategies are not improved, and underscore the urgent need to develop novel 

therapies to improve survival rates in this growing patient population.  

 

1.2 Key Clinicopathological Features & their Effect on Patient Outcomes 

1.2.1 Stage at Diagnosis 

The stage of disease at the time of diagnosis is one of the strongest predictors of a patient’s 

outcome and is a critical piece of information used to help guide treatment decisions (11). The 

most commonly used staging system for CRC is the American Joint Committee on Cancer  Tumour 

Node Metastasis system (12). This system evaluates the degree of tumour development, as well as 

lymph node and distant metastasis, to describe the extent of disease growth and spread beyond the 

location of the primary tumour. In general, Stage I CRC is described as a malignancy that has 
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grown into the submucosa or muscularis propria, with the absence of lymph node or distant 

metastasis (12). Stage II CRC is diagnosed when cancer has invaded the outermost layers of the 

colon or rectum, and may be growing into nearby organs, but has not spread to lymph nodes or 

distant sites (12). Patients with Stage III disease display lymph node invasion but do not have 

distant metastasis  (12). Finally, Stage IV disease is used to classify patients with the greatest extent 

of spread, including both lymph node and distant metastasis (12). Studies report as high as a 92 

percent five-year relative survival rate for patients diagnosed with Stage I disease; this rate drops 

to 12 percent for patients diagnosed with Stage IV CRC (13,14). The rapid decline in survival as 

stage increases is largely attributed to a lack of effective therapies for CRC patients. Surgical 

resection of the tumour remains the standard of care for CRC patients, and as the disease advances, 

spreading from the site of origin, options for curative treatment are extremely limited (15). These 

trends highlight the extreme limitations of current CRC treatment strategies and emphasize the 

urgent need to develop new therapies that will improve patient outcomes. 

 

1.2.2 Location of the Primary Tumour 

The location of the primary tumour is another important clinicopathological feature with 

prognostic implications and can be broadly classified as right-sided, left-sided, or rectal CRC. 

Right-sided tumours are those originating in the ascending colon and proximal two-thirds of the 

transverse colon, while left-sided tumours arise anywhere in the distal third of the transverse colon 

through the descending and sigmoid colon, and rectal tumours are located in the rectum (16). 

Despite falling under a common diagnosis of CRC, several studies report distinctions in disease 

presentation, stage at diagnosis, morphology, molecular features, and pathogenesis of these 

tumours, suggesting that disease sidedness may be an important consideration when devising the 
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best clinical management strategy for a patient (17–21). Importantly, these discrepancies are linked 

to clinical outcomes as patients presenting with left-sided tumours are reported to have a lower 

risk of cancer-related mortality than those presenting with right-sided disease (22,23). Several 

hypotheses have been proposed to explain the differential survival rates based on tumour 

sidedness. There is evidence to suggest that right-sided tumours tend to present at a higher stage, 

delaying the initiation of treatment and thus, reducing a patient’s response to therapy (24). 

Moreover, studies report that left-sided tumours display polypoid morphology, while right-sided 

tumours tend to display flat morphology making them more difficult to detect with a colonoscopy; 

consequently, right-sided tumours may be detected at a later stage, leading to poorer survival 

(16,25). Furthermore, right-sided CRC is more likely to be characterized by tumours that are 

poorly differentiated, which is an indicator of aggressive disease phenotypes (23). Other studies 

report that the underlying molecular biology and mutational profiles of these tumours differ 

considerably, contributing to the discrepancy in clinical outcomes based on the location of the 

primary tumour (26–28). Anatomically, the colon is considered a single organ, however, colon 

organogenesis arises from two distinct areas of the primitive gut, the midgut and the hindgut, 

underscoring innate developmental differences (29). Additionally, differential gene expression 

analysis of the right and left colon confirm that there are major differences in the underlying 

molecular biology between the right and left colon of both healthy and malignant tissue (27,30,31). 

Thus, the pathological differences in right and left-sided disease may arise from fundamental 

biological differences attributed to the embryonic origins of colon development. These differences 

are important considerations that should be accounted for when studying the molecular pathology 

of CRC to uncover targets for future therapies and stratify patients for disease management. 
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1.2.3 Colorectal Cancer Grade 

Colorectal malignancies are further classified using a tumour grading system to provide 

additional prognostic information. Cancer grade is determined using a histological analysis to 

evaluate cellular arrangement, differentiation, and morphology, as well as the rate of proliferation 

and the presence of necrotic cells (32). Low-grade tumours are characterized by malignant cells 

that are normally arranged, well-differentiated, and slow-growing (32). These are contrasted by 

high-grade tumours which are comprised of fast-growing, undifferentiated or poorly differentiated 

cells, with abnormal arrangement and morphology (32). Tumour grade is a key prognostic factor, 

as high-grade CRC is associated with poorer overall survival across all stages of disease, compared 

to low-grade disease (33–35).   

 

1.3 Clinical Management of Colorectal Cancer Patients 

The current clinical management strategies for CRC patients follow a general progression 

of screening, diagnostic testing, evaluation of the extent of disease/severity, implementation of a 

treatment plan, follow-up and monitoring, and/or palliative care (36).  

 

1.3.1 Colorectal Cancer Screening 

The introduction of screening programs, to increase early detection rates and improve a 

patient’s therapeutic potential, is a key component of CRC disease management. Screening is 

recommended for healthy individuals and is generally initiated around the age of 50 (37). There 

are several available tests to screen for early pathological changes, however, flexible 

sigmoidoscopy and the fecal occult blood test (FOBT) are two of the most commonly administered 
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in Canada (38). A flexible sigmoidoscopy allows a physician to examine the rectum and sigmoid 

colon, using a narrow and flexible tube equipped with a light and camera, for the presence of 

polyps or cancer before a patient may present with outward symptoms (39). A FOBT is a less 

invasive procedure, that is used to look for the presence of blood in the stool as an indicator of 

polyps or cancer, but requires follow-up with a colonoscopy if test results are abnormal (40). These 

programs are reported to be successful in reducing both the incidence and mortality of CRC when 

the implementation and patient uptake of these initiatives are effective (41,42).  

Nonetheless, the improvements in overall survival rates following the implementation of 

CRC screening have been reported to be modest at best, as the vast majority of patients are 

diagnosed after their disease has progressed from an early stage, greatly limiting their capacity for 

curative treatment. One study reported that only 20 percent of patients are diagnosed with Stage I 

disease, underscoring the inadequacy of current clinical management strategies (4). Another 

concern is the rapidly growing incidence of early-onset disease, defined as cases diagnosed before 

the age of 50, the age at which routine screening programs are initiated, thereby greatly 

circumventing the effectiveness of these interventions (10). Correct implementation and adherence 

to screening guidelines may also influence the efficacy of these programs in reducing CRC-related 

mortality. For example, studies report that to be effective, a FOBT must be performed annually on 

several stool samples, as polyps and malignancies do not bleed continuously (43). Studies report 

that long-term adherence to fecal occult blood testing is relatively low, and thereby may 

compromise the efficacy of this intervention (44). A lack of CRC screening uptake may also 

contribute to the relatively minimal impact these programs have been reported to have on overall 

survival. One study reported that in 2015, only 62.6 percent of eligible American citizens received 

screening; this metric drops to 57 percent in people ages 50-64 (42,45). There are several factors 
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that may limit patient uptake of screening including age, race, socioeconomic status, accessibility 

and communication with family physicians, geographic location, and patient awareness (45). 

Moreover, flexible sigmoidoscopy is also limited in that it only allows approximately one-third of 

the colon to be examined, increasing the possibility of missing early lesions located in the proximal 

colon (46). Taken together, despite screening efforts, many CRC patients are not diagnosed until 

their disease has progressed, highlighting the need for the development of effective treatment 

options for these patients. 

 

1.3.2 Colorectal Cancer Diagnosis & Treatment 

If screening tests indicate that a patient may have CRC, additional testing can be performed 

to make a definitive diagnosis. A colonoscopy, which allows a physician to examine the entire 

colon to look for pathological lesions, is the most commonly used test to diagnose CRC (47). 

During the colonoscopy, the physician will often take a biopsy of any lesions for pathological 

assessment; this testing is accompanied by tumour staging and grading to help guide clinical 

decisions and treatment planning, which usually involves surgical resection of the tumour (48). A 

complete blood count test may also be ordered to assess for anemia which can arise from chronic 

intestinal bleeding at the sight of CRC lesions. Furthermore, clinicians may test for the presence 

of biomarkers that could indicate compromised organ function and cancer spread (47).  

At early stages of disease, resection of the tumour or lesion may involve a less invasive 

procedure; as CRC advances, more aggressive surgical approaches are often required, such as the 

removal of entire sections of the colon (48). Following surgical resection of the tumour, patients 

are monitored periodically to assess for disease recurrence. Carcinoembryonic antigen and 

carbohydrate antigen 19-9 are two currently evaluated tumour markers that are measured from a 
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blood test; they may be used to monitor a patient’s response to therapy or to monitor for disease 

recurrence (47). Chemotherapy and radiotherapy may be administered as adjuvant treatments 

following surgical resection, or may be indicated prior to surgery to help shrink a tumour, making 

it more operable; these therapies can also be used in some cases to help relieve pain (38). The 

conventional treatment options are aggressive and are associated with several side effects (49). 

However, they are very effective in treating patients with early-stage disease (49). While some 

targeted therapies have been developed, they are only indicated for patients with advanced disease, 

when surgical resection is no longer an option, and are mainly used to prolong survival as their 

curative potential remains limited (50,51). Furthermore, only patients with certain mutational 

profiles will benefit from targeted therapies, while those that can be treated inevitably develop 

therapy resistance (52). Given the relatively small number of treatment options for CRC patients, 

and their limited efficacy in those with advanced disease, there is an urgent need to develop novel 

therapies that offer curative potential. 

 

1.4 Colorectal Cancer & Diabetes 

A well-documented major risk factor for the development and progression of colorectal 

cancer is type 2 diabetes mellitus (T2D) (53). CRC and T2D are both complex diseases with 

diverse pathological features, nonetheless, these health conditions exhibit similarities in the factors 

that encompass their clinical risk profiles including age, diet and lifestyle, obesity, as well as 

gender (54–57).  Moreover, the incidence of T2D is growing at an alarming rate, compounding the 

public health burden of CRC. It is reported that globally, one in eleven adults are living with 

diabetes and 90 percent of these cases are T2D (58). The growing prevalence of T2D globally 

coincides with an increasing number of CRC patients with comorbid T2D, which led to the 
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identification of an important epidemiological trend between diabetic treatment and CRC patient 

outcomes. Notably, metformin, a front-line oral antihyperglycemic agent, has been linked to a 

reduced risk in the development of CRC, as well as improved clinical outcomes in those with CRC 

(59–61). These findings support the need to further investigate the potential therapeutic benefit of 

metformin in CRC patients, as well as the mechanistic underpinnings of its antineoplastic effects. 

 

1.5 Type 2 Diabetes Mellitus 

T2D is a metabolic disorder characterized by peripheral insulin resistance, and/or 

pancreatic insufficiency, which leads to the deregulation of glucose homeostasis and several 

diabetic complications (62). Glucose is the primary source of energy for most cell types, and 

uptake of this substrate requires insulin, a peptide hormone produced by pancreatic beta cells (63). 

Insulin mediates glucose uptake through a series of signalling cascades which are initiated upon 

the binding of its receptor, a tyrosine kinase protein. Once bound by insulin, the receptor undergoes 

autophosphorylation to become activated, triggering subsequent phosphorylation of the insulin-

receptor substrates and activation of the PI3K/AKT pathway (64). Phosphorylation of AS160, a 

substrate of AKT, results in the translocation of GLUT4 to the plasma membrane to facilitate 

glucose uptake (64–66). Insulin resistance occurs when the biological response to this hormone is 

reduced or attenuated, resulting in poor glucose uptake, heightened levels of plasma glucose, and 

increased insulin production from pancreatic beta cells to compensate and maintain glucose 

homeostasis (67). Over time, the pancreas may no longer be able to overcome the weakened 

cellular response to insulin, leading to prediabetes and eventually T2D. While the etiology of 

peripheral insulin resistance is complex and poorly understood, it has been associated with 

sedentary lifestyles, chronic overnutrition, and obesity (68,69). Furthermore, upregulation of lipid 
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production and deregulation of lipid disposal has been reported to promote insulin resistance in 

skeletal muscle through the inhibition of the PI3K/AKT pathway (70,71). These findings suggest 

that the PI3K/AKT axis may have a central role in the regulation of circulating glucose levels, and 

thus, alterations in this pathway may lead to loss of glucose homeostasis and the onset of T2D. 

 

1.6 Metformin in Diabetes 

Metformin, a biguanide, is a front-line therapy used to treat T2D patients and is the most 

commonly prescribed antidiabetic drug worldwide due to its clinical efficacy, cost-effectiveness, 

and safety profile (72,73). The physiological effects of metformin include the reduction of hepatic 

glucose production as a primary effect, decreased glucose absorption and increased glucagon-like 

peptide 1 secretion in the intestines, as well as increased peripheral glucose uptake and utilization 

to improve insulin sensitivity and regulate glucose homeostasis (74–76). In addition to its role in 

lowering blood glucose levels, metformin also promotes weight loss, reduces circulating lipid 

levels, prevents vascular complications, reduces inflammation, and protects against malignant 

pathologies (77–81). While the pleiotropic molecular mechanisms underpinning metformin’s 

antidiabetic effects are complex and not fully understood, it has been well-documented in the 

literature that metformin alters mitochondrial function by inhibiting Complex I of the 

mitochondrial respiratory chain (82,83). It is thought that this triggers cellular energy depletion, 

and the initiation of several downstream signalling pathways, via the activation of the AMP-

activated protein kinase (AMPK), to induce cellular reprogramming to an energy-conserving state 

(84). One of the downstream effects is the non-competitive inhibition of fructose-1-6-

bisphosphatase, a key enzyme involved in gluconeogenesis (84). Thus, hepatic glucose production 

is reduced as a consequence of elevated AMP levels, thereby helping to regulate glucose 
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homeostasis. In addition to its regulation of glucose homeostasis through the modulation of cellular 

energy, metformin antagonizes glucagon signalling to suppress hepatic glucose production, by 

preventing the accumulation of cyclic AMP, which downregulates the transcription of 

gluconeogenic genes (85,86). More recently, it has been documented that metformin also inhibits 

hepatic glucose production via a redox-dependent mechanism (87). Studies report that metformin 

directly inhibits glycerol-3-phosphate dehydrogenase to alter cytosolic redox balance and 

subsequently inhibit hepatic glucose production (88). Inhibition of this enzyme results in the 

decreased conversion of glyceraldehyde-3-phosphate, a by-product of the triglyceride catabolism, 

to dihydroxyacetone phosphate (89). The reduction of dihydroxyacetone phosphate suppresses the 

conversion of lactate and glycerol to glucose, thereby decreasing hepatic gluconeogenesis (90,91). 

These studies outline some of the proposed effects of metformin’s antidiabetic effects. However, 

a comprehensive understanding of the molecular mechanisms underlying its therapeutic benefit 

remains unclear.  

 

1.7 Metformin in Colorectal Cancer 

In addition to its antidiabetic effects, metformin has cancer-protective effects in various 

malignancies, including CRC (77,92,93). Several epidemiological studies have reported an inverse 

relationship between metformin use and risk of CRC development and progression amongst T2D 

patients (59,61,94–98). Furthermore, studies report a dose-dependent relationship whereby higher 

doses of metformin and longer treatment duration are linked to enhanced protection (61). At the 

cellular level, metformin inhibits proliferation, epithelial-mesenchymal transition (EMT), invasive 

and metastatic potential, stemness characteristics, as well as immune markers and inflammation in 

CRC cell lines, which are fundamental characteristics of malignant pathologies (99–107). Despite 
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extensive epidemiological and cellular evidence of the CRC-protective effects of metformin, the 

molecular mechanisms by which this antidiabetic drug exerts its antineoplastic effects remain 

poorly understood and are an ongoing area of scientific investigation. Nonetheless, metformin’s 

action as an inhibitor of mitochondrial Complex I to reduce cellular respiration and drive energy 

depletion is widely documented, indicating that alterations in cell metabolism and energy balance 

may be a key component underlying the observed cancer-protective effects of metformin (72,108–

110). 

 

1.7.1 Metformin & Cellular Proliferation in Cancer Onset & Progression 

The ability to sustain proliferative signalling is a well-established hallmark of malignant 

pathologies. The mTOR pathway has important regulatory roles in cell growth, division, and 

survival. To coordinate these critical biological functions, mTOR integrates cellular growth factor 

signals with nutrient and energy levels to determine whether to promote or inhibit these energy-

intensive processes (111,112). Activation of the AMPK pathway, as a consequence of cellular 

energy depletion following inhibition of mitochondrial Complex I, is proposed to initiate several 

downstream signalling cascades with antiproliferative effects (99). In particular, it has been 

reported that activation of AMPK reprograms cells to an energy-conserving state; consequently, 

the mTOR pathway and downstream protein synthesis necessary for cellular division is suppressed 

(99). Inhibition of mTOR has also been reported independent of AMPK activation, as a result of 

heightened levels of reactive oxygen species following the alterations in cellular respiration by 

metformin, constituting an additional mechanism by which cellular proliferation may be 

downregulated in metformin-exposed cells (99). Furthermore, reduced expression of EGF1R, a 

cell surface receptor that binds the potent mitogen EGF1, was also reported in cells following 
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metformin treatment (99). The binding of EGFR1 with its ligand induces downstream signalling 

of several pro-oncogenic molecular pathways involved in sustained cellular proliferation including 

the RAS/MAPK and PI3K/AKT/mTOR pathways (113). These studies outline some preliminary 

work in elucidating the molecular underpinnings of metformin’s antiproliferative effects. 

 

1.7.2 Metformin & Epithelial-Mesenchymal Transition 

EMT is another key feature of malignant pathologies, whereby normal epithelial cells lose 

characteristics of maturation, including cell polarity, cell-cell adhesion, cytoskeleton remodeling, 

and extracellular matrix adhesion, and develop mesenchymal properties which include enhanced 

migratory capacity (114). EMT is associated with disease progression, therapy resistance, and poor 

patient outcomes in several malignancies including CRC (115). The microRNAs miR-34 and miR-

200 and the transcription factors SNAIL and ZEB1 have been widely reported as regulators of 

EMT, with SNAIL and ZEB1 being potent inducers of EMT, while miR-34 and miR-200 act as 

tumour suppressors to inhibit their function (116,117). Interestingly, studies report that metformin 

treatment of CRC cells in vitro resulted in the upregulation of the epithelial marker E-Cadherin, 

and the downregulation of the mesenchymal marker vimentin (101). The researchers also reported 

that this coincided with a reduction in SNAIL and ZEB1 expression and an increase in mi-R200, 

suggesting that metformin may inhibit EMT via this molecular pathway to improve clinical 

outcomes in CRC patients (101).  
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1.7.3 Metformin in Cellular Invasive & Metastatic Potential 

Cellular invasion and metastatic potential are key characteristics of malignant disease that 

constitute the basis of poor patient survival by altering a localized pathology to a systemic and 

highly lethal disease. Following invasion, dissemination, and metastasis from the location of the 

primary tumour, treating patients with the intent to cure is virtually impossible (49). Thus, devising 

therapeutic strategies to minimize CRC metastasis would improve treatment opportunities for 

patients, as well as overall survival rates. A recent study reports a potential anti-metastatic effect 

of metformin treatment in vitro and in CRC xenograft mouse models, indicating that this may be 

one mechanism of metformin’s CRC-protective effects (107). Furthermore, epidemiological 

studies report that the rate of distant metastasis in metformin-treated diabetic CRC patients was 

significantly lower than the rate observed in diabetic CRC patients who were not exposed to 

metformin (118). There is an abundance of molecular pathways that may be implicated in 

metformin’s anti-metastatic effects. One pathway that has been widely documented in CRC 

carcinogenesis and tumour metastasis is the WNT/-catenin pathway. The WNT/-catenin 

signalling axis is an evolutionarily conserved pathway with important roles in cell fate 

determination during embryonic development, as well as the maintenance of adult tissue 

homeostasis, however, deregulation of this pathway is widely documented in cancer pathology, 

and in particular CRC (119–121). Under normal physiological conditions, the transcription factor 

-catenin is sequestered in a complex of proteins which mediate its phosphorylation, 

ubiquitination, and subsequent degradation in the cytosol (122,123). When the WNT ligand is 

produced to mediate cell-cell communication, it binds its receptor on the surface of cells, triggering 

the release of -catenin. As unphosphorylated -catenin builds up in the cytosol it begins to 

migrate to the nucleus, where it regulates transcription of genes involved in proliferation, tissue 
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differentiation and homeostasis, as well as cell migration and invasion (120,124). A recent study 

performed an immunohistochemical analysis of -catenin in diabetic CRC patients treated with 

and without metformin. The researchers reported a significantly lower expression level and nuclear 

accumulation rate of -catenin in metformin-treated patients, suggesting that this pathway may be 

a target of metformin, contributing to its anti-metastatic effects (118). 

 

1.7.4 Metformin & Cell Stemness 

Disease recurrence, therapy resistance, and distant metastasis are major causes of death 

among CRC patients, and cancer stem cells (CSCs) may help enable these pathophysiological 

phenomena (52). CSCs are a unique subpopulation of tumour cells characterized by their capacity 

for self-renewal, ability to generate heterogeneous cell populations, and indefinite proliferative 

potential to sustain tumour growth (125,126). Furthermore, CSCs are capable of inducing cellular 

quiescence, which may facilitate CRC relapse, reduce the efficacy of treatment and promote 

metastatic dissemination (127). Given that traditional therapies target mature, actively dividing 

cells, it is thought that cellular adoption of a quiescent state may enable CSCs to escape therapy-

induced death, representing a potential mechanism of treatment resistance (128). Moreover, 

patients who are treated and believed to be in remission may harbor small populations of these 

cells, providing an opportunity to reinitiate tumour growth when the microenvironment is 

favourable (129). In addition to several other antineoplastic effects, metformin has also been 

reported to suppress cell stemness. CD44 and LGR5 are two well-documented CRC stem cell 

markers associated with lymph node and distant metastasis, as well as overall poor patient 

prognosis (130). One study reported that expression of these genes declined substantially following 



 

15 

 

metformin treatment, suggesting that metformin’s antineoplastic effects may be linked to the 

inhibition of stem cell populations (99).  

 

1.7.5 Metformin in Immune Markers & Inflammation 

Tumour promoting inflammation is a well-recognized feature of malignant pathologies. 

While acute inflammation is reported to have cancer-protective effects, uncontrolled and chronic 

inflammation can facilitate tumourigenesis and disease progression (131). For example, 

uncontrolled inflammatory bowel disease is a widely accepted risk factor for CRC, with supporting 

evidence from epidemiological reports (132). Recurrent and chronic inflammatory processes 

create a cycle of inflammatory signalling molecule production, followed by the recruitment of 

immune cells and the generation of an abundance of reactive oxygen and nitrogen species, which 

result in sustained tissue damage and exacerbation of inflammatory signalling (133). Reactive 

oxygen species are potent oxidizing agents with mutagenic capability, thus, chronic inflammation 

and production of these molecules increase the risk for spontaneous tumourigenesis, as well as 

cancer promotion (134). It has been reported that one of metformin’s pleiotropic antineoplastic 

effects involves its ability to suppress pathophysiological inflammation. A recent study reports 

that at the molecular level, metformin inhibits NADPH oxidase, an enzyme that catalyzes the 

production of reactive oxygen species (105,135). As a result of NADPH oxidase inhibition, NF-

B signalling is suppressed, a pathway directly involved in the production of proinflammatory 

cytokines, chemokines, as well as inflammation-induced proliferation and angiogenesis (105,135). 

The findings from this study support the inhibition of inflammation as one mechanism of 

metformin’s cancer-protective effects. 
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1.8 Insulin-Treatment & Colorectal Cancer 

While the improved overall survival of metformin-treated diabetic CRC patients has been 

well-documented in the literature, there is also considerable evidence to suggest that insulin 

treatment may enhance the risk of CRC development and progression in patients with T2D. This 

raises the question of whether metformin really does exhibit protective effects, or whether the 

discrepancy in survival is primarily due to the negative effects of insulin in other T2D-CRC 

patients. Moreover, metformin is a front-line antidiabetic agent, often prescribed as a monotherapy 

for patients with mild cases of T2D, while insulin is often indicated for more severe T2D cases, 

therefore, metformin-treated patients may present with less severe diabetic comorbidities than 

insulin-treated patients, contributing to the differential CRC patient outcomes reported in the 

literature (75,136–141). These factors add to the difficulty in elucidating the CRC-protective 

effects of metformin and/or the cancer-promoting effects of insulin. Nonetheless, a population-

based cohort study reported that after adjusting for several key covariates, insulin treatment in T2D 

patients was associated with a significantly elevated risk of developing CRC (142). Moreover, at 

the molecular level, hyperinsulinemia is reported to potentiate tumourigenesis by facilitating the 

metabolic reprogramming of cells to accommodate elevated nutrient availability, consequently, 

energy-intensive processes including cell growth, proliferation, and survival are upregulated 

(143,144). It is thought that this occurs via the overstimulation of the insulin-like growth receptor-

1, which insulin is reported to bind, thereby initiating downstream oncogenic signalling cascades 

(145–147). Taken together, further investigation of insulin’s effects on CRC pathology is 

necessary to determine how metformin and insulin impact diabetic CRC patient outcomes, and 

how this information can be used to improve treatment strategies for these patients.              
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1.9 CRC Disease Heterogeneity: A Challenge in Research & Clinical Applications 

CRC is an umbrella term used to classify a group of diverse malignant pathologies arising 

in the large intestine and rectum. At the clinical level, it has been reported that disease presentation 

varies depending on the anatomical location of the primary tumour. For example, patients with 

right-sided disease present more commonly with generalized symptoms such as anemia, fatigue, 

or pain, while patients with left-sided disease tend to present with localized symptoms such as 

changes in bowel habits, bleeding, or through screening procedures (148). These trends suggest 

that disease pathogenesis may differ based on tumour sidedness. CRC also varies at the histological 

level, with three major histological subtypes being reported. These subtypes include 

adenocarcinoma, mucinous adenocarcinoma, and signet ring cell carcinoma. Adenocarcinoma is 

the most common colorectal malignancy, accounting for more than 90 percent of CRC cases, and 

is characterized by the malignant transformation of glandular cells in the colorectal mucosa (149). 

Mucinous adenocarcinoma tumours are less common and display a high volume of extracellular 

mucin, while signet ring cell carcinomas are extremely rare and are characterized by the presence 

of an intracytoplasmic vacuole containing mucin, which causes disruption of the nucleus to the 

periphery (149). The histological subtypes highlight another level of CRC disease heterogeneity, 

which is associated with prognostic distinctions (150). Efforts have also been made to stratify CRC 

at the molecular level and four consensus molecular subtypes (CMS) have been described (151). 

Moreover, these molecular subtypes are characterized by intrinsic biological differences and are 

associated with important clinical and prognostic variables (151). Namely, CMS1 (Microsatellite 

Instability Immune) is distinguished by its high mutational burden, microsatellite unstable 

phenotype, and extensive immune activity. These tumours have been more commonly reported in 

females with right-sided disease, high grade tumours, and poor survival following relapse. CMS2 
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(Canonical) displays upregulation of WNT and MYC oncogenic pathways, as well as epithelial 

differentiation. CMS2 tumours more commonly present in patients with left-sided disease and are 

associated with better clinical outcomes. CMS3 (Metabolic) is characterized by signatures of 

metabolic deregulation and are reported to present more commonly in the sigmoid colon or rectum. 

Finally, CMS4 (Mesenchymal) is distinguished by TGF-β signalling, angiogenesis and invasive 

capacity; these tumours have been associated with diagnosis at an advanced stage and poor clinical 

outcomes.       

These distinctions outline some aspects of CRC heterogeneity, which constitute a 

significant obstacle for researchers and clinicians working to effectively treat CRC patients. 

Developing an understanding of the clinical, histological, and molecular differences that can affect 

a patient’s disease course is an important first step in uncovering targets for future therapies, as 

well as identifying predictive biomarkers that will allow these to be implemented effectively. 

Given the highly heterogeneous nature of this disease, pinpointing the key molecular features 

underlying disease onset and progression, which may be promising therapeutic targets, is an 

enormous challenge. Nonetheless, the evidence to support metformin’s antineoplastic effects is 

well-documented in the literature, outlining a novel approach for studying CRC pathology. In 

addition, the rapid expansion of the fields of molecular biology and cancer genetics, due to 

modern-day technological advances, provides a unique opportunity for CRC research and the 

development of novel therapies. Notably, the ability to collect comprehensive transcriptomic data 

is revolutionizing the way researchers and clinicians study cancer pathology and approach the 

clinical management of patients, by shifting the focus from macroscopic disease to developing an 

understanding of the molecular pathogenesis. However, processing and interpreting large amounts 

of data to elucidate meaningful results is a challenge in itself. To overcome the complexity and 
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time-consuming aspects of transcriptomics research, the application of computing power and 

machine learning to optimize data analysis is quickly gaining momentum.   

 

1.10 Gene Expression Profiling 

Gene expression profiling is a powerful technique for studying the molecular pathology of 

diseases, including cancer. This technique focuses on elucidating gene expression patterns, at the 

level of transcription, under established conditions of interest, to provide a broad overview of 

cellular function (152). In particular, the analysis of this data enables researchers and clinicians to 

gain a better understanding of diseases like CRC that are highly heterogeneous in nature. 

Consequently, gene expression data can provide important clinical information, including key 

prognostic and predictive biomarkers, to guide patient management and improve outcomes (153). 

Moreover, studying gene expression data is a research avenue that may facilitate the improvement 

of early detection methods to maximize therapeutic potential, as well as uncovering targets for the 

development of novel treatments, by shifting the focus from macroscopic disease to its molecular 

underpinnings (154). Nonetheless, generating meaningful gene expression data requires obtaining 

RNA of sufficient quality, a parameter that can be affected based on the tissue preservation 

technique and storage of samples (155). In addition, the platform used to quantify RNA levels also 

impacts the quality of the data produced for analysis.       

 

1.11 Formalin-Fixed Paraffin-Embedded Samples  

Formalin-fixed paraffin-embedded (FFPE) tissue samples have been a vital source of 

clinical data and a key component of molecular analysis in medical research for decades (156). 
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FFPE is a tissue preservation technique that involves fixing the sample in formaldehyde as a means 

of preserving proteins and other fragile biological structures, including cell morphology, for 

analysis; next, the fixed tissues are embedded in a paraffin wax block for storage (157). This 

technique provides readily available samples for clinical and experimental research; it is also used 

clinically to assess for diagnostic, prognostic, and predictive biomarkers (158). Another method 

of tissue preservation, denoted fresh-frozen tissue samples, involves snap freezing the specimen 

by submerging it in liquid nitrogen as soon as possible after it is collected, followed by storage at 

-80C (159). A main advantage of FFPE tissue preservation over fresh-frozen sample preservation 

is that it is highly cost-effective, as samples can be stored at ambient temperatures for long periods 

of time, and thus do not require special storage equipment (160). Consequently, FFPE samples are 

routinely collected in the clinical setting, making them highly abundant and available for research 

purposes, while providing vast clinical information due to their utility in pathology (161). In 

contrast, the high rate of deterioration of fresh-frozen samples at room temperature makes this 

method of tissue preservation less practical for many clinical workflows (162).  

Nonetheless, formaldehyde fixation of tissues is linked to extensive RNA degradation 

(161). Moreover, the duration, as well as the temperature of FFPE sample storage may also affect 

RNA integrity (163). The high level of RNA degradation in FFPE tissues is an inherent flaw of 

this preservation technique and also represents a significant obstacle in the molecular analysis of 

these samples for research purposes. Notably, poor RNA quality has been reported to contribute 

to unreliable results when generating gene expression data using reverse-transcription quantitative 

polymerase chain reaction (RT-qPCR), a commonly used technique for measuring gene expression 

(164). Given the lower yield and poorer quality of nucleic acid obtained from FFPE samples 

compared to fresh-frozen samples, some researchers suggest that fresh-frozen samples are 
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preferable biospecimens for gene expression analysis studies, using conventional mRNA 

quantification techniques (159,165,166). Despite the poorer quality of nucleic acid associated with 

the use of FFPE samples, fresh-frozen samples are often not readily available or abundant, and 

thus, the use of FFPE samples is essential for transcriptomic research (165). Fortunately, the advent 

of NanoString nCounter technology in 2003 offers a new approach for obtaining transcriptomic 

data, and this platform has been reported to facilitate the collection of robust gene expression data 

using FFPE samples for molecular research (167).  

 

1.12 NanoString Technology 

NanoString nCounter technology is a direct detection tool for gene expression analysis 

that utilizes molecular barcode technology to quantify analytes of interest (168). The use of this 

novel technology is becoming increasingly widespread due to the unique advantages of the assay, 

including its simplicity, high sensitivity, and reproducibility (169). The assay uses a custom set of 

molecular probes to tag RNA of interest with a capture and reporter probe that are specific to the 

target RNA; this hybridization process results in the generation of unique target-probe complexes 

(170). Following this, unhybridized probes are removed to leave only the purified target-probe 

complexes of interest, which are then immobilized and aligned on the imaging surface (170). 

Finally, using an automated fluorescence microscope, the sample is scanned to count the labeled 

barcodes (170). This molecular barcoding technology can be used for several types of analytes, 

including RNA, miRNA, protein, and DNA. However, for the purposes of this project, mRNA is 

the target of interest.  

The use of nCounter technology has several advantages including its ability to generate 

highly reproducible data, its capacity to perform well on FFPE samples which often exhibit poor 
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RNA integrity, its ability to analyze a large number (up to 800 RNA) of distinct targets in a single 

sample, as well as its flexibility to the type of sample input (168). This method is faster than other 

available technologies such as Next Generation Sequencing for mRNA quantification and is 

simpler than RT-qPCR as it does not involve reverse transcription to cDNA, followed by nucleic 

acid amplification (169,171,172). These additional steps introduce variability into traditional gene 

expression analysis assays and increase the chance of sample contamination, as well as the 

potential for loss of amplifiable templates (170). As a consequence, this may lead to the collection 

of biased data, emphasizing the value of NanoString’s direct detection approach in molecular 

research (170). 

 

1.12.1 Performance of NanoString® Platform on FFPE Samples 

As was previously discussed, the use of FFPE samples for gene expression studies is 

particularly challenging due to low mRNA yields and more importantly, the high level of RNA 

degradation. The nCounter direct detection system overcomes these issues by using a highly 

automated, probe-based system, that does not rely on enzymes or amplification protocols, thereby 

simplifying the assay and reducing the potential for biased results (173). A study conducted by 

Reis et al. evaluated the performance of the nCounter system in quantifying mRNA for gene 

expression analysis from FFPE samples, and paired fresh-frozen specimens, the gold standard 

sample type for molecular analysis; the performance of the nCounter system was also compared 

to RT-qPCR, for mRNA quantification on the same paired sample types (174). The RNA integrity 

of FFPE samples was reported to be substantially lower than that of fresh-frozen samples, 

underscoring the difference in analyte quality based on the sample type (174). Nonetheless, the 

researchers reported a correlation coefficient of 0.90 between the results of the nCounter system 
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on the paired sample types, highlighting the robust performance of this platform on FFPE samples, 

despite the poor quality RNA (174). In contrast, the correlation coefficient in the different sample 

types using RT-qPCR was reported to be 0.50, and the researchers reported that lower RNA 

integrity corresponded to higher threshold cycles, as well as the loss of amplifiable templates 

(174). Thus, when compared to RT-qPCR, NanoString technology offers superior performance 

in the mRNA quantification of archival FFPE samples.      

 

1.13 Machine Learning 

Machine learning is a branch of artificial intelligence that exploits computer systems to 

analyze patterns in data, using mathematical models and algorithms that have the capacity to adapt 

and learn from the information presented, to ultimately draw conclusions (175). It is a powerful 

tool for analyzing large quantities of data, which surpass human capacity for assessment. This is a 

particularly relevant problem in molecular biology and cancer genetics research, whereby large 

amounts of data can be generated, however, the sheer volume of data often makes it 

incomprehensible without the application of computing power (176). Moreover, machine learning 

approaches offer several advantages over conventional analysis methodologies, thereby 

optimizing data analysis and the capacity to draw inferences. For example, when analyzing gene 

expression data, a common analysis technique involves identifying genes that are differentially 

expressed between the groups of interest (177). This methodology relies on the statistical analysis 

of expression levels, of genes individually, between the comparison conditions. However, there 

are several limitations to this approach. First, the p-value is arbitrarily set, often at 0.05. This value 

represents the probability of obtaining the observed difference, or a larger difference, in the 

outcome being measured, given that no difference exists between the two groups of interest (178). 
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Setting a p-value of 0.05 as a threshold for statistical significance minimizes the chance of a type 

I error (the null hypothesis is rejected but should not have been), conversely, the chance of a type 

II error (the null hypothesis is not rejected but should have been) may be large, indicating that this 

type of analysis could fail to identify true differentially expressed genes. In addition to this 

limitation, univariable differential gene expression analysis is unable to detect high dimensional 

interactions and non-linear patterns. Machine learning techniques provide a more effective 

approach to data analysis by identifying genes that discriminate between groups of interest, thereby 

facilitating the detection of patterns that may exist in higher dimensional space (Figure 1) (179). 

There are two main classes of machine learning, termed supervised machine learning and 

unsupervised machine learning. These branches of machine learning are applied in different 

research contexts; namely, unsupervised machine learning is a versatile research tool for 

performing multidimensional exploratory data analyses, while supervised machine learning is 

typically applied to detect patterns in datasets for the purpose of generating classification 

algorithms (180,181). 

 

 

1.13.1 Feature Selection for Dimension Reduction 

The “Curse of Dimensionality” is a major obstacle in machine learning applications that 

can lead to poor model performance if left unaccounted for. This well-documented phenomenon 

postulates that as the number of features/input variables (i.e. dimensions) of the algorithm 

increases, the number of samples necessary to maintain a certain level of accuracy in the machine 

learning application grows exponentially (182). When applying machine learning to gene 

expression data analysis, this is a relatively common problem, as there are often a large number of 

features (genes) relative to the number of samples, which can cause the performance of the model  
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Figure 1. One Dimensional vs Multidimensional Data Analysis Between Conditions. (A) and 

(B) depict hypothetical gene expression levels of individual genes between two conditions, providing a 

visual representation of differential gene expression analysis. These graphs allow trends in the data to be 

seen, whereby the mean expression level tends to be higher in one condition compared to the other. 

However, the two conditions cannot be separated in one dimension. (C) When the data is plotted in two 

dimensions, the different conditions become distinguishable. Machine-learning applications provide an 

opportunity to analyze data and detect patterns that may be present in higher dimensional space by 

considering multiple features and measuring their effectiveness in discriminating between two conditions.  
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to decline substantially (183). This is a problem that can be overcome by reducing the number of 

features or increasing the number of samples.  

Given that obtaining a sufficient number of samples to counteract this effect is often not 

feasible in transcriptomic research, where the number of features typically far outweigh the 

number of samples, methods of feature selection have been developed. Some of these methods 

apply supervised machine learning algorithms to select features with the highest discriminatory  

power between the conditions or groups of interest. Discriminating features are those that can best 

separate classes in N-dimensional space (184). The feature selection process allows informative 

features to be retained for further data analysis and machine learning applications, while 

simultaneously removing noisy or redundant features that are irrelevant to the analysis, 

contributing to poor learning, over-fitting, and deteriorating model performance (158). In addition 

to improving the accuracy of machine learning applications, feature selection is also highly 

advantageous for translational research, as the use of a small set of genes in clinical applications 

is more practical than assessing a large gene panel. Once the dimensions of the data have been 

reduced, unsupervised and supervised learning techniques can be more effectively applied.          

 

1.13.2 Unsupervised Machine Learning 

Unsupervised machine learning uses mathematical models to perform exploratory analyses 

on datasets with no predefined labels for the algorithm to reference (186). Without providing the 

algorithm any information about the dataset, the machine learning algorithms evaluate the data to 

uncover patterns that may be hidden in multidimensional space, facilitating the grouping and 

separation of data points based on intrinsic similarities and differences (187). These methods are 
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often applied when researchers have minimal prior knowledge of the projected gene expression 

patterns for the specific groups of interest.  

Hierarchical clustering is a commonly used method of unsupervised learning in gene 

expression analysis for discovery-based science. This data mining approach utilizes an algorithm 

to group samples that are similar together, resulting in a set of nested clusters whereby each group 

includes samples that are broadly similar (188). These clusters can be visualized in the 

dendrogram, which is a structure that depicts the hierarchical relationship between samples. When 

applying this type of unsupervised learning model, the researcher must specify the similarity and 

linkage parameters. Euclidean distance, which is defined in mathematics as the length of a line 

segment between two points in space, is commonly used as a similarity metric for hierarchical 

clustering (189,190). Nonetheless, samples can also be grouped based on the strength of 

correlation between samples (191). The optimal performance of these metrics depends on the data 

set they are being applied to, and thus, it is important to evaluate different measures of similarity 

to optimize the algorithm (192). The researcher must also specify the linkage parameter for the 

function, which defines how the algorithm will merge the components of the dendrogram (193).  

For example, some common linkage measures include single link, average link, and complete link.  

Single link defines the distance between two clusters as the distance between the closest points 

within the two clusters (194).  This can be problematic if two clusters that are not close together 

happen to have two data points that are near one another, thus causing the distinction between the 

clusters to be lost.  Average link computes the average value for each cluster and defines the 

distance between two clusters as the difference between the centroids (194).  Complete link defines 

the distance between two clusters as the distance between the farthest pair of points (194).  Average 

and complete link methods can also be problematic as they are biased towards spherical clusters. 
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Taken together, clustering is sensitive to noisy data and outliers, emphasizing the importance of 

dimension reduction prior to using these methods.   

 

1.13.3 Supervised Machine Learning 

         In contrast to unsupervised learning, supervised machine learning is a data analysis technique 

whereby an algorithm is provided a dataset and corresponding reference labels for individual 

samples, based on the groups of interest (195). The model is then trained using the labeled dataset 

to generate a classification algorithm that can accurately predict a sample’s group based on patterns 

that are identified in high dimensional feature space (195). The first step of supervised learning 

involves randomly partitioning the dataset into training and validation cohorts. Typically, a 

substantially larger portion of the data (approximately 75-80%) is allocated to the training dataset 

to provide ample opportunity for the algorithm to learn from the data. It is important to ensure that 

the training and validation cohorts do not differ significantly in their distribution of key covariates, 

as the model should be evaluated on a sample that best approximates what is seen in the general 

population. Once the model has been trained on the training dataset, the classifier performance is 

evaluated on the validation cohort (approximately 20-25% of the data), to assess the 

generalizability of the model. If the accuracy of the model drops substantially when classifying 

samples in the validation cohort, this indicates that the model may have been overfitted to the data. 

Reducing the dimensionality of the data and applying cross-validation are two common 

approaches to prevent model overfitting.  

It is important to note that there are many different types of classification algorithms, and 

all available options should be trained to determine which model performs optimally with the 

current dataset. The reason for assessing several models is explained by a well-established concept 
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in machine learning, denoted the “No Free Lunch Theorem”. This theorem states that there are no 

superior or inferior classification algorithms overall, rather that the outperformance of one 

algorithm over another is a consequence of the intrinsic properties of the dataset on which it was 

trained, underscoring the need to train multiple models to optimize classification performance 

(196,197).   

 

1.13.4 k-Fold Cross-Validation 

One way to minimize the potential for overfitting is to apply k-fold cross-validation, a 

resampling technique with k-iterations, when the model is being built. To do this, the training 

dataset is randomly split into k-mutually exclusive subsets termed “folds”, where k is a number 

selected based on the number of samples in the training set. Then using k-iterations, the model is 

trained with all folds except one, which becomes the test subset. For each iteration, the model is 

trained on a distinct combination of folds and tested on the remaining fold. The proportion of 

samples in each training and test subset can be calculated as follows: 𝑛𝑡𝑟𝑎𝑖𝑛 = (𝑘 − 1)/𝑘  and  

𝑛𝑡𝑒𝑠𝑡 =
1

𝑘
  . The selection of k is not a precise science and depends on the dataset used for model 

training. Ideally, k should be selected such that each fold contains sufficient variation and is 

representative of the underlying distribution of the larger dataset (198). Ultimately, cross-

validation is an effective method to optimize fitting the model to the data, while balancing its rate 

of generalizability. 
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1.14 Hypothesis & Specific Aims 

The molecular mechanisms of CRC pathogenesis remain unclear, highlighting a significant 

barrier to improving treatment options for this deadly disease. Nonetheless, several studies have 

reported that metformin-treated diabetic CRC patients tend to have better clinical outcomes than 

diet-controlled diabetic patients (59,60,142). Given this correlation, studying the gene expression 

profiles in CRC patients stratified by diabetic treatment may provide insight into the molecular 

features of disease onset and progression, as well as the molecular underpinnings of metformin’s 

antineoplastic effects. Thus, we hypothesize that metformin treatment leads to the altered 

regulation of key metabolic and oncogenic pathways, that can be measured using a targeted 

gene expression assay. Furthermore, we hypothesize that these gene expression profiles may 

predict clinical outcomes, and pinpoint important molecular biomarkers of metformin 

action. To test this hypothesis, we had the following specific aims:  

1. Quantify mRNA counts for 151 metformin-related genes in the study cohort using 

NanoString nCounter technology.  

2. Identify mRNA signatures that discriminate between metformin-treated samples and diet-

controlled samples, as well as those discriminating between patients based on their 5-year 

survival status, and generate corresponding classification models.  

3. Evaluate individual genes and assess for differential expression patterns that may provide 

insight into the molecular underpinnings of metformin’s antineoplastic effects.  
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Chapter 2 

Material and Methods 

This work was done in accordance with Queen’s University Health Science Ethics 

Approval PATH 128-12: Validation of novel biomarkers for colorectal cancer. 

 

2.1 Selection of Patient Cohort 

The patient cohort includes 272 CRC patients who were diagnosed and treated between 

2005 and 2013 at the Kingston General Hospital. These patients were selected for inclusion in this 

analysis retrospectively, following a review of patient medical records stored in the internal 

electronic medical database. The selection of cases for inclusion in the analysis was made primarily 

based on a patient’s prior history of T2D, as well as their diabetic treatment protocol. All CRC 

patients with a previous history of T2D (N = 194) were selected for inclusion in the analysis. 

Among the T2D patients included, 55 managed their diabetes through diet-control, 72 were treated 

with metformin, 18 were treated with insulin, 14 were treated with other oral antihyperglycemic 

monotherapies, and 35 patients received a combination therapy. The other oral monotherapies 

included glyburide (N = 9), gliclazide (N = 2), glipizide (N = 1), repaglinide (N = 1), or 

rosiglitazone (N = 1),  and the combination therapies included metformin and insulin (N = 9), 

metformin and another oral antidiabetic agent (N = 19), metformin, insulin and another oral 

antihyperglycemic medication (N = 6), as well as one patient treated with insulin and gliclazide. 

A patient’s treatment regimen was defined as exposure to a monotherapy or combination therapy 

prior to CRC diagnosis. In addition to the diabetic patients, 78 cases without a prior history of T2D 

were randomly selected from the database to be included in the study.   
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2.2 Clinical & Pathological Data Retrieval  

Patient biopsies of the primary tumour were obtained at the time of CRC diagnosis. 

Following surgical resection, the tissue samples were fixed with formalin and embedded in 

paraffin for tissue preservation and subsequent pathological analysis. Several clinical parameters 

are recorded in the database including patient demographics, glycosylated hemoglobin level 

(%HbA1c), body mass index (BMI), comorbidities, CRC risk factors, manner of disease 

presentation, as well as treatment and survival data. Moreover, the database also encompasses 

extensive pathological data, including the location of the primary tumour, tumour stage in 

accordance with the American Joint Committee on Cancer Tumour Node Metastasis system, 

histological grade, indicators of invasiveness including lymphovascular and perineural invasion, 

as well as records of lymph node and distant metastasis. Patients are followed and survival data 

continues to be updated, ensuring that changes in clinical events are accurately tracked to provide 

comprehensive information for research purposes. To do this, patient files are first checked to see 

if a patient is listed as deceased; if there is no information, then obituaries are checked and 

confirmed by cross-referencing with the last address listed, the date of birth, as well as through 

communication with the emergency contact if one is listed. The most recent date of patient follow-

up was July 17, 2019, and this work is performed by Ms. Nicole Archer.   

 

2.3 mRNA Quantification 

In total, three temporally distinct batches of RNA extraction and quantification using 

NanoString nCounter® technology (Seattle, WA) were performed to generate the total dataset used 

for this analysis. The methodologies for these assays were consistent across batches, however, 

each batch of RNA extraction was performed by different researchers. The first batch of RNA 
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extraction and quantification was completed in 2018 by Dr. Christine Orr (N = 96), the second was 

performed in 2020 by Ms. Melinda Chelva (N = 81), and the third in 2021 for this study (N = 95).   

 

2.3.1 RNA Extraction from FFPE Samples 

Prior to RNA extraction from the FFPE patient samples, histopathological evaluation and 

tissue block annotation were performed by a certified pathologist, Dr. David Hurlbut, to confirm 

the presence of tumour content to guide the removal of tissue cores. RNA was extracted using the 

RecoverAll Total Nucleic Acid Isolation Kit (Streetsville, Canada), according to instructions 

provided by the manufacturer (199). First, cores from the FFPE tissue samples were deparaffinized 

in xylene, proteins were digested with a protease, the nucleic acid was isolated, DNA was 

enzymatically digested, and finally, purified RNA was extracted. The concentration of the RNA 

extracted from each sample was determined by measuring the absorbance at 260 nm, using a 

NanoDrop 1000 Spectrophotometer (Fitchburg, WI). RNA integrity was assessed using an 

Agilent 2100 Bioanalyzer (Santa Clara, CA). Samples with RNA concentrations falling below 

40ng/L (N = 6), the threshold for the NanoString nCounter assay, were excluded from further 

analysis. Despite the low level of RNA integrity observed across samples, none were excluded 

based on this metric given the robust performance of nCounter technology on highly degraded 

RNA, which is a well-known feature of FFPE samples (174). 

 

2.3.2 Selection of Genes for Custom nCounter Codeset  

A custom gene panel was designed by Dr. Chris Nicol to quantify the expression of 151 

predetermined metformin-related genes (Supplementary Table 1). These genes were selected 
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based on their involvement in key CRC pathological processes which are most affected by 

metformin, and consequently, may play a role in the improved outcomes of these patients. The 

critical processes include cellular proliferation/cancer progression, EMT, cell stemness, immune 

markers and inflammation. The first step in developing the custom gene panel involved creating a 

comprehensive list of genes related to these key processes. This was done using two main 

approaches; namely, via an extensive review of the literature and data mining, or by selecting 

genes included in commercially available gene panels designed to evaluate these processes. In 

total, 2013 genes were identified for their potential involvement in metformin’s protective effects 

in CRC. Next, this list was further refined to 151 genes for the final gene panel. To do this, genes 

were prioritized for selection based on their involvement in more than one key process. Next, an 

Ingenuity Pathway Analysis, a bioinformatics application that facilitates the functional analysis, 

integration, and improved understanding of high volume datasets, was performed to pinpoint genes 

most likely to play a significant role in any single process or to link the processes. In addition, 

seven housekeeping genes were included in the codeset, as well as eight negative controls and six 

positive controls. The assay was performed by Queen’s Laboratory for Molecular Pathology.  

 

2.4 Data Preprocessing 

2.4.1 Initial Quality Control 

Using nSolver software (Seattle, WA) provided by NanoString, the reported quality 

control metrics were evaluated to screen for potentially problematic samples. In total, five samples 

were flagged for QC parameters; specifically, they did not pass the Limit of Detection QC check, 

indicating that the assay was not sufficiently sensitive with these samples. Three of these samples 

were re-run in later NanoString cartridges; they failed the same QC metric the second time, 
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indicating poor sample quality, and thus the corresponding data was not adequately robust. 

Consequently, these samples were not included in any additional steps in the analysis.  

 

2.4.2 Batch Calibration in nSolver Software 

Following the removal of poor quality samples from the data set, a batch calibration was 

performed to account for the small variation that may exist in the probe sets from different lots. 

Following instructions provided by the manufacturer, the technical replicates from our 

NanoString® assay were specified in the imported data, samples from distinct batches were labeled, 

and the calibration process was automated in the nSolver software (200). To consolidate the data, 

the software computed the percent difference in raw counts for each unique probe among the 

technical replicates, thereby generating gene-specific scaling factors used to scale one lot to 

another.        

 

2.4.3 Normalization & Additional Quality Control 

The raw data was normalized in a two-step process to account for the two major sources of 

technical variability associated with this assay. Positive control normalization was used to remove 

variability related to the nCounter platform, and codeset content normalization was used to 

remove variability related to sample input. Prior to normalization, the raw data was examined to 

ensure that the housekeeping genes used for codeset content normalization displayed low 

variability across samples and that genes with high, moderate, and low expression levels were 

included, thereby validating their ability to normalize the data against inconsistencies in sample 

input. To evaluate these genes, the interquartile range and median were computed for each 



 

36 

 

housekeeping gene across all samples; next, the median, lower and upper quartile of the medians 

were calculated. Housekeeping genes with low expression levels displayed median expression 

levels below the lower quartile of the medians. Moderately expressed genes displayed median 

expression levels between the lower and upper quartile of the medians, and highly expressed genes 

exhibited median expression levels above the upper quartile of the medians. In the nSolver® 

program, the housekeeping genes and positive control genes were used to calculate lane-specific 

normalization factors. These are generated by calculating a geometric mean of the positive controls 

or housekeeping genes for each sample lane, next the arithmetic mean of the geometric means 

across all sample lanes is computed, and following that, the arithmetic mean is divided by each 

geometric mean to generate lane-specific normalization factors (173). Finally, the counts for each 

gene across all samples are multiplied by both normalization factors to correct for sample input 

variability and technical variability, thereby leaving biologically relevant results (173). 

Following normalization, an additional round of quality control was performed to ensure 

that the normalization process did not introduce any variability into the data unintentionally. To 

assess for any potential bias that may have been introduced, the calculated scaling factors were 

assessed for their potential to skew the data. Samples were flagged if their positive control scaling 

factor exceeded three-fold (i.e. less than 0.3 or greater than 3.0), which can occur if samples display 

relatively low counts for the positive controls and may indicate poor assay efficiency. Moreover, 

samples were flagged if their codeset content/housekeeping gene scaling factor exceeded ten-fold 

(i.e. less than 0.1 or greater than 10.0), indicating that the housekeeping genes for that sample 

displayed much lower counts than the average, and thus, were of poor quality. Two samples were 

flagged during this analysis for extreme codeset content scaling factors and thus were excluded 

from further analysis. No samples were flagged for an extreme positive control scaling factor. 
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2.4.4 Data Visualization for Inspection for Batch Effects & Outliers 

Computations and graphical representations of the data were generated using MATLAB 

software (Natick, MA). The normalized data was visually inspected to assess for potentially 

problematic samples, thereby increasing the confidence that the data was sufficiently robust for 

inclusion in the in-depth analysis. Total mRNA counts were computed by summing the molecular 

counts for each gene within a sample, and subsequently plotted to screen for samples that may 

differ significantly from the majority of the data. Next, the interquartile ranges (IQRs) were 

computed for each sample. These values were plotted to assess for variability in mRNA expression 

levels within each sample, as well as to compare these values across samples. Finally, the 

normalized data was log-transformed and visualized as a box plot, providing a summary of several 

important parameters, including the center of the data, the skewness, and the IQR across samples, 

as well as enabling the screening for potential outlying samples and/or batch effects.  

 

2.4.5 Forgoing Filtering of Features with Low Expression Levels 

The NanoString assay for quantifying mRNA expression utilized a custom code set of 151 

key genes, with documented biological implications in CRC pathology. These genes were also 

selected on the basis of their potential interaction with metformin. Given the careful selection and 

strict inclusion criteria for these features, it was decided that features displaying relatively lower 

expression levels would not be filtered from the dataset to ensure that genes with potential 

discriminatory power would not be inadvertently removed.  
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2.5 Data Analysis 

2.5.1 Assigning Data to Training & Validation Cohorts 

The samples were randomly partitioned into two groups. Eighty percent of the data was 

designated for the training set and twenty percent was used for the validation set. Statistical tests 

were computed using IBM SPSS Statistics Version 26 (Armonk, NY), to ensure that the training 

and validation cohorts did not differ significantly in their distribution of the key clinicopathological 

features (age at diagnosis, gender, tumour sidedness, stage at diagnosis, and grade), thereby 

demonstrating that the dispersal of these covariates amongst both cohorts best approximated that 

of the general population (201).   

 

2.5.2 Feature Selection for Dimension Reduction 

Feature selection is a method of dimension reduction used to optimize data for the 

application of machine learning techniques. Following the partitioning of data into training and 

validation cohorts, a supervised machine learning approach was used to identify features with the 

greatest discriminatory power between metformin-treated patients and those who were diet-

controlled, within the training cohort. Discriminating features are variables, in this case the 

mRNAs within the targeted gene panel, that have the ability to separate classes in N-dimensional 

space. The focus of this project involved elucidating the molecular discrepancies between 

metformin-treated and diet-controlled patients that may contribute to the differential clinical 

outcomes documented in the literature. Consequently, the sequentialfs function in MATLAB was 

applied to the training dataset with five-fold cross-validation to identify features that best 

discriminate between metformin-treated and diet-controlled diabetic CRC patients. Fifty iterations 

were performed to generate a list of discriminating features; 25 iterations were performed using 
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an ensemble of weak tree learners and the other 25 were performed using an ensemble of linear 

discriminant models. The sequentialfs algorithm works by sequentially adding features to 

candidate feature subsets until the performance of the model no longer improves (202). To do this, 

sequentialfs uses a function handle to call an internal function, that computes the specified criterion 

used to determine which features are selected (203). For this purpose, the criterion is defined as 

the misclassification rate of the model using each subset of candidate features. The same 

methodology was used to identify features that best discriminate between samples based on their 

five-year survival status in the non-diabetic subset of our study cohort. 

 

2.5.3 Unsupervised Machine Learning: Hierarchical Clustering 

Hierarchical clustering was performed in MATLAB using the clustergram function, 

which generates a heat map and a corresponding dendrogram, to provide a visual representation 

of the hierarchical clusters formed from the molecular data (204). This function was applied using 

both the Euclidean distance and correlation coefficients as measures of similarity; three different 

linkage parameters were assessed, including average, single, and complete linkage. The 

performance of the algorithm was evaluated using each distinct combination of similarity and 

linkage measures to determine which selection optimized the model performance on the dataset.  

 

2.5.4 Supervised Machine Learning: Building a Classification Algorithm 

2.5.5 Classifying Metformin-Treated & Diet-Controlled Samples 

Following dimension reduction, the selected features were used to build a classifier in the 

MATLAB Classification Learner App. To do this, the training dataset was used to train several 
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algorithms for the classification of samples as either “metformin-treated” or “diet-controlled”, with 

five-fold cross-validation. The “No Free Lunch Theorem” states that no classification method is 

superior or inferior, therefore, it is important to try multiple algorithms to determine which one 

performs best with the data set being used (197). As a result, all of the available models were 

trained in the MATLAB application and their performances were evaluated. The performances 

of the models were also explored with the sequential removal of features to determine if these 

actions would improve the performance accuracy. Finally, the optimized model was exported and 

applied to the validation data set to predict the diabetic-treatment group, thereby assessing for 

potential overfitting to the training data and thus, the generalizability of the algorithm. 

 

2.5.6 Classifying Samples According to their Five-Year Survival Status  

The features with the greatest discriminatory power between non-diabetic patients that 

survived for five years following their cancer diagnosis and those that did not were used to build 

a second algorithm to classify patients according to their five-year survival status. Using the same 

workflow that was described in the aforementioned section, a classification algorithm was trained 

and optimized, then exported and applied to the validation cohort to assess its generalizability. 

 

2.5.7 Investigation of Gene Expression Profiles in Key Discriminating Features 

Following feature selection, we further investigated the expression patterns of genes that 

were selected in the diabetic treatment analysis and the five-year survival analysis. Box plots for 

gene expression in metformin-treated samples, diet-controlled samples, and non-diabetic samples 

grouped based on their five-year survival status were generated for each of the common features 



 

41 

 

and evaluated for patterns that may suggest a gene was linked to metformin’s antineoplastic 

effects. Two-tailed independent sample t-tests were also computed to evaluate patterns in 

expression that were trending towards, or that reached statistical significance at the five percent 

level. Tests were performed specifically to evaluate whether expression differed between 

metformin-treated and diet-controlled samples, metformin-treated samples and non-diabetic 

samples alive at five years, metformin-treated samples and non-diabetic samples deceased at five 

years, diet-controlled samples and non-diabetic samples alive at five years, diet-controlled samples 

and non-diabetic samples deceased at five years, non-diabetic samples alive and non-diabetic 

samples deceased at five years, metformin-treated samples and non-diabetics, as well as diet-

controlled samples and non-diabetics.    

 

2.6 Statistical Analysis 

All statistical tests were computed using IBM SPSS Statistics Version 26 (201). A one-

way ANOVA was used to evaluate whether key clinicopathological features measured on a 

continuous scale (i.e. age at diagnosis, BMI, %HbA1c, CEA level) differed in their mean values 

between diabetic treatment groups. A Kruskal-Wallis test was performed to test for statistically 

significant differences in key clinicopathological features recorded as ordinal data across diabetic 

treatment groups (i.e. stage at diagnosis, histopathological grade), and a chi-square test was used 

to evaluate dichotomous and nominal variables (i.e. gender, tumour sidedness, two-year survival, 

five-year survival, perineural invasion, and lymphovascular invasion). To assess for differences in 

these parameters between training and validation cohorts, a two-tailed independent samples t-test 

was performed for continuous variables, a chi-square test was performed for dichotomous 

variables, and a Mann Whitney U-Test was used for ordinal variables.       
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Chapter 3 

Results 

3.1 mRNA Quantification in the Study Cohort  

To investigate metformin’s capacity to alter the regulation of key metabolic and oncogenic 

pathways, we used a targeted gene panel of 151 metformin-related genes to quantify mRNA of 

interest in our study cohort. An overview of the workflow in the mRNA quantification process and 

data preprocessing is displayed in Figure 2, and details of each step are described below.  

 

3.1.1 RNA Extraction 

RNA was extracted from 116 FFPE primary tumour specimens and samples were evaluated 

for their RNA concentration and quality. Six samples were excluded from further steps of the 

analysis as they fell below the required threshold concentration of 40ng/L for the NanoString 

nCounter assay (Figure 2). The RNA integrity number (RIN) of the samples was also evaluated 

using an Agilent 2100 Bioanalyzer to assess the degree of fragmentation. Despite displaying high 

levels of RNA degradation (mean RIN = 2.3), no samples were excluded based on their RIN 

number, due to documentation of the robust performance of NanoString nCounter® technology on 

highly degraded RNA (174). To satisfy the number of samples that could be processed in the 

NanoString nCounter assay, two non-diabetic samples were randomly excluded, leaving 108 

samples for mRNA quantification.  
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Figure 2. Overview of the mRNA Quantification Process with NanoString nCounter® 

Technology & Data Preprocessing in nSolver® Software. 
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3.1.2 NanoString nCounter Assay & Initial Quality Control 

Following the initial NanoString runs, three diabetic samples were flagged for the Limit of 

Detection QC metric. To increase the number of diabetic samples in our cohort for the subsequent 

analysis, we randomly excluded three non-diabetic samples from later runs to allow the samples 

that failed QC to be re-assessed in later NanoString cartridges. These samples were re-run using 

the stock concentration, thereby maximizing RNA input.  

Following the nCounter assay, the raw data in the form of RCC files was imported into 

the nSolver software to be preprocessed. At this step, our raw data (N = 105) was merged with 

the raw NanoString data that was previously collected (N = 177). First, the quality control metrics 

reported in the NanoString assay were examined to look for any problematic samples. Five samples 

were flagged for the Limit of Detection QC, and three of these samples were the re-run samples 

indicating that failure likely resulted due to poor sample quality, rather than errors in the 

experimental protocol (Table 1). These samples were excluded from additional preprocessing steps 

and data analyses to ensure they did not bias the normalization of the data and the results of the 

study, respectively.  

To account for potential differences in the efficiency of nCounter probes that were 

manufactured at different time points, we performed a batch calibration experiment using nSolver 

software. This facilitated the consolidation of data from separate batches and effectively removed 

extraneous noise that may have been introduced due to inconsistencies in the manufacturing of the 

NanoString probe sets (200). Using the recommended guidelines provided by the nSolver 4.0 

User Manual, we specified three reference samples that were included in separate batches to 

calibrate the data. Batch calibration is an automated process in the software; to scale one batch to 

another, the software uses the mRNA counts from the technical replicates to compute the percent 
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Table 1. Overview of Samples Flagged for Limit of Detection Quality Control. The limit of 

detection is computed by calculating the geometric mean of the negative controls for each sample, plus two 

standard deviations. Raw counts of the positive control POS_E, the 0.5fM synthetic positive control probe, 

must be greater than this limit to pass QC. All listed samples were from NanoString Batch 3. *Indicates a 

sample that was re-run. 
 

 

Sample 
  

 

Limit of Detection QC of mRNA 
  

Value of POS_E   

(0.5fM Positive Control) 
 

s10-18868 203.92 129 

s09-12330 98.71 80 

s13-9192 123.47 106 

s13-19467 360.63 93 

p07-20271 106.02 101 

s10-18868* 283.35 76 

s13-19467* 381.75 42 

s13-9192* 231.06 76 
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difference in raw counts for each gene with respect to the reference sample in the separate batch, 

thereby generating gene-specific scaling factors (200). Finally, the software multiplies the unique 

scaling factor generated for each gene to the raw counts for the same gene in all other samples of 

the separate batch, thus accounting for variability in the probes from different manufacturing lot 

numbers. Following batch calibration, the technical replicates were removed from the data set to 

ensure they would not bias subsequent analyses. 

 

3.1.3 Evaluation of Housekeeping Genes 

After the first round of quality control and batch calibration, 274 samples remained (Batch 

1: N = 96, Batch 2: N = 81, Batch 3: N = 95). The custom codeset included seven housekeeping 

genes, which were selected for inclusion on the basis that their expression levels are assumed to 

remain relatively constant across samples despite differences in disease pathology, diabetic 

treatment groups, or other covariates. Prior to the normalization process, the raw data was assessed 

to ensure that the housekeeping genes used to generate the codeset content normalization factors 

displayed low variability across samples and that genes exhibiting high (N = 2), moderate (N = 3), 

and low (N = 2) expression levels were included. A summary of the computed interquartile ranges, 

medians, and quartiles of the medians, to evaluate the variability of expression in these genes 

across samples, as well as their relative expression levels can be seen in Table 2. The inclusion of 

housekeeping genes across a range of expression levels ensured that the resulting codeset content 

normalization factors had the capacity to remove technical variability, related to sample input, 

across samples with varying levels of expression. 
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Table 2. Evaluation of Housekeeping Genes Used for Normalization of Data. Using Microsoft 

Excel® the interquartile range (IQR) and median expression value was computed for each housekeeping 

gene across all samples included in the normalization process. Finally, the quartiles of the medians were 

computed to classify genes as having “Low”, “Moderate” or “High” expression levels.   

Housekeeping 

Gene 

IQR Across 

Samples 

Median Across 

Samples 

 

Quartiles of Median Values 
Expression 

Level  

   
 

Lower Quartile: 

673.5 

 

HPRT1 553.25 518.5  Low 

GUSB 539.25 673.5  Low 

   Median: 

1243 
 

CLTC 737.5 798.5  Moderate 

TUBB 1621.25 1243  Moderate 

PGK1 5097.25 4934.5  Moderate 

   Upper Quartile: 

12734.5 
 

GAPDH 10835 12734.5  High 

RLPL0 15963 15674  High 
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3.1.4 Data Normalization & Additional Quality Control 

The raw data was normalized in a two-step process using nSolver software provided by 

NanoString, to remove the two main sources of technical variability, thereby leaving biologically 

relevant differences for the analysis. To ensure that the normalization process did not inadvertently 

bias the data, an additional round of quality control was performed, by investigating the magnitude 

of the computed normalization factors. Two samples were flagged for extreme Codeset Content 

Normalization Factors, indicating that they likely displayed significantly lower mRNA counts in 

their housekeeping genes compared to other samples, thus suggesting that the samples may have 

been of poor quality (Table 3). Further investigation of the magnitudes of the corresponding 

scaling factors revealed that they well exceeded the ten-fold limit, with values at 15.3 and 15.73, 

respectively. Moreover, mRNA counts for the housekeeping genes in the flagged samples revealed 

extremely low counts, with the percent deviation between mRNA counts for a housekeeping gene 

in the flagged samples and that of the average counts across all samples for the same gene falling 

between an 87 percent to 98 percent discrepancy. Given these extreme values, the samples were 

deemed to be of poor quality and thus were excluded from the analysis to ensure they would not 

skew the results. Following the removal of flagged samples, a total of 272 samples remained.   

 

3.1.5 Data Visualization Indicates that Preprocessing was Successful  

After the preprocessing steps in the nSolver® software were complete, we visualized the 

data to confirm that quality control, batch calibration, and normalization were successful. Using 

MATLAB software, graphical representations of several key parameters in our data were 

produced to screen for trends suggestive of batch effects or poor quality samples (205). To do this,  
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Table 3. Overview of Samples Flagged for Normalization. The percent deviation from the average 

level of expression was computed by subtracting the mRNA counts of a flagged sample from the mean 

count number across all samples; the difference was then divided by the mean count number across all 

samples and multiplied by 100.   

 
Housekeeping 

Gene 

 
Mean Count 

of All 

Samples 

 

Codeset Content Normalization Flagged Samples 
 

 

s09-9525  
 

s11-9855 

mRNA 

Counts 
% Deviation  mRNA 

Counts 
% Deviation 

 

CLTC 
 

910.675 
 

27 97.0  64 93.0 

GAPDH 14756.125 1218 91.7  1158 92.2 

GUSB 777.2 90 88.4  98 87.4 

HPRT1 611.657143 32 94.8  24 96.1 

PGK1 5986.26786 724 87.9  544 90.9 

RLPL0 17969.5893 2223 87.6  823 95.4 

TUBB 1658.95357 25 98.5  35 97.9 
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we plotted the total mRNA counts, the interquartile ranges, and box plots for each sample in our 

dataset, in the order that they were processed in the NanoString assay. We evaluated total mRNA 

counts across samples to look for samples that may display relatively low counts, which could 

indicate poor quality data. No samples displayed expression levels that approached the lower limit, 

suggesting that the data produced was of high quality (Figure 3A). Some samples exhibited high 

total mRNA counts, signifying that these samples may have elevated expression of some of the 

selected genes; this is not an indicator of low-quality samples, as variability in expression patterns 

is expected when using a targeted gene panel, and thus reflects legitimate biological discrepancies 

between samples (Figure 3A). Next, the IQR values for mRNA expression in each sample were 

evaluated. The IQR values display a degree of variability between samples. However, all IQR 

values fall within the lower and upper bounds (Figure 3B). Furthermore, no samples display 

extremely low levels of variability, which is often an indicator of poor sample quality or assay 

failure. Given that the custom code set is composed of 151 predetermined genes that are 

biologically implicated in CRC pathology, and that may interact with metformin, it is expected 

that mRNA expression will differ between samples. Moreover, CRC is a highly heterogeneous 

disease, displaying inconsistent mutational profiles between patients, as well as intratumoural 

heterogeneity; consequently, the IQR variability suggests that the molecular counts reflect 

biologically relevant differences. Following that, box plots were generated for each sample, 

providing a comprehensive summary of key metrics including the center of the data, the spread, 

the IQR, the skewness, and the presence or absence of outliers, and facilitates their comparison 

between samples (Figure 3C/D). The medians across samples are similar, showing only a low 

degree of variability. Furthermore, following log transformation, the data for each sample 

approximates a normal distribution, as the data is not heavily skewed. The vast majority of samples  
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Figure 3. Visualization of Preprocessed Data. Samples were plotted in the order that they were 

processed to screen for batch effects. (A) The total molecular counts of each gene were summed for every 

sample, to screen for samples with low counts. Outliers fall outside the red line. (B) The IQR of the data 

provides an indicator of expression variability, to screen for samples with low levels of variability. (C/D) 

The box plots indicate the IQR, the median (the line that splits the box), the skewness, the lower and upper 

limits (the whiskers), and outliers (indicated with red plus signs). The top panel displays the first half of the 

samples processed and the bottom panel displays the second half of the samples processed.   
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contain mRNAs with outlying molecular counts (both high and low). However, no samples differ 

substantially from the norm and there are no consecutive trends in samples indicating a lack of 

sample outliers and batch effects, respectively. Following these assessments, it was concluded that 

the data was amply robust for subsequent in-depth analysis.        

 

3.2 Non-T2D CRC Patients Display Higher Minimum Survival Times, Comorbid T2D is 

More Common in Male CRC Patients & Insulin-Treated Patients Present with Higher Grade 

Tumours 

To investigate potential differences in the presentation of key clinicopathological features 

based on diabetic status and treatment group, several statistical tests were performed. Diabetic-

CRC patients (N = 194) were compared to non-diabetic CRC patients (N = 78), and the following 

diabetic treatment groups, diet-controlled (N = 55), metformin-treated (N = 72), insulin-treated (N  

= 18), other oral antidiabetic agents (N = 4) and combination therapies (N = 35), were compared 

to one another. The key clinicopathological features included in this analysis were: age at 

diagnosis, gender, tumour sidedness, stage at diagnosis, histopathologic grade, two-year survival, 

five-year survival, minimum survival time, body mass index (BMI), glycosylated hemoglobin 

(%HbA1c), lymphovascular invasion (LVI), perineural invasion (PNI), and circulating 

carcinoembryonic antigen (CEA) levels. A comprehensive breakdown of the distribution of these 

clinicopathological features based on diabetic status and treatment groups can be seen in Table 4.  

A two-tailed independent samples t-test and a one-way ANOVA were used to test for 

differences in the mean of continuous variables (i.e. age at diagnosis, minimum survival time, 

BMI, %HbA1C and CEA level) between patients based on their diabetic status and treatment 

groups, respectively. Our results show that diabetic CRC patients differed from non-diabetic CRC  
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Table 4. Distribution of Clinicopathological Features Across Diabetic Status & Treatment 

Groups. Statistical tests were performed to assess for differences in key clinicopathological features 

between non-diabetic patients and all diabetic patients, and to assess for differences amongst diabetic 

treatment groups. *Indicates a p-value < 0.05.  
 

Clinical/ 

Pathological 

Feature 

 

Diabetic Status 
 

Diabetic Treatment Groups 

Non-T2D 

(N = 78) 

All T2D 

(N = 194) 

DietTx 

(N = 55) 

MetTx 

(N = 72) 

InsTx 

(N = 18) 

OthTx 

(N = 14) 

MixedTx 

(N = 35) 

Age at Diagnosis 

(mean, median) 

 

 

70, 70 

 

70, 72 

 

72, 74 

 

72, 71 

 

65, 69 

 

72, 74 

 

67, 70 

Gender    

Male (%) 34 (44) 118 (61)* 36 (65) 42 (58) 11 (61) 7 (50) 22 (63) 

Female (%) 

 

44 (56) 76 (39) 19 (35) 30 (42) 7 (39) 7 (50) 13 (37) 

Tumour Sidedness   

Rectal (%) 14 (18) 60 (31) 16 (29) 19 (26) 8 (44) 5 (36) 12 (34) 

Left (%) 22 (28) 58 (30) 17 (31) 22 (31) 4 (22) 5 (36) 10 (29) 

Right (%) 

 

41 (53) 76 (39) 22 (40) 31 (43) 6 (33) 4 (29) 13 (37) 

Stage at Diagnosis       

Stage 1 (%) 7 (9) 35 (18) 7 (13) 17 (24) 1 (6) 1 (7) 9 (26) 

Stage 2 (%) 27 (35) 60 (31) 17 (31) 21 (29) 4 (22) 7 (50) 11 (31) 

Stage 3 (%) 34 (44) 85 (44) 28 (51) 29 (40) 10 (56) 4 (29) 14 (40) 

Stage 4 (%) 

 

10 (13) 14 (7) 3 (5) 5 (7) 3 (17) 2 (14) 1 (3) 

Histologic Grade        

Low (%) 68 (87) 166 (86) 48 (87) 62 (86) 11 (61) 13 (93) 32 (91) 

Moderate (%) 4 (5) 2 (1) 0 (0) 1 (1) 1 (6) 0 (0) 0 (0) 

High (%) 

 

6 (8) 26 (13) 7 (13) 9 (13) 6 (33)* 1 (7) 3 (9) 

Survival        

2 Year (%) 65 (83) 161 (83) 45 (82) 59 (82) 14 (78) 12 (86) 31 (89) 

5 Year (%) 48 (62) 125 (64) 36 (65) 42 (58) 10 (56) 10 (71) 27 (77) 

Minimum Days   

(mean, median) 

 

2747, 

3114* 

2271, 

2287 

2396, 

2500 

2254, 

2234 

2142, 

2020 

1876, 

2150 

2335, 

2316 

Mean BMI  

(range) 

27.4 

(18-44) 

28.2  

(17-53) 

27.6 

(17-37) 

29.6 

(19-53) 

26.4 

(19-38) 

29.0 

(25-33) 

27.1 

(17-37) 

Not Specified 

 

52 (65) 113 (58) 34 (62) 43 (60) 8 (44) 9 (64) 19 (54) 

Mean %HbA1C  

(range) 

N/A 7.8 

(4.7-60) 

6.9 

(5-16.2) 

8.3 

(4.7-60) 

8.3 

(6-11) 

7.4 

(5.7-9.5) 

7.9 

(6-14.1) 

Not Specified 

 

 76 (39) 27 (49) 25 (35) 6 (33) 6 (43) 12 (34) 

Invasiveness        

LVI (%) 24 (31) 59 (30) 20 (36) 21 (29) 8 (44) 3 (21) 8 (23) 

PNI (%) 

 

12 (15) 21 (11) 6 (11) 8 (11) 3 (17) 0 (0) 4 (11) 

Mean CEA  

(range) 

122.4 

(0.6-4234) 

257.8 

(0-8766) 

372.5 

(0.7-8766) 

131.7 

(0-1118) 

92.3 

(1.1-919) 

1246 

(3.1-8039) 

20.2 

(1.7-150) 

Not Specified 16 (21) 87 (45) 21 (38) 38 (53) 3 (17) 7 (50) 18 (51) 

 

 

 

 

 



 

54 

 

patients in their minimum survival times (p = 0.028). The average minimum survival time for 

diabetic-CRC patients (M = 2271) was significantly lower than the average minimum survival time 

for non-diabetic CRC patients (M = 2747). A Chi-Square test was used to test for differences in 

categorical variables (i.e. gender, tumour sidedness, two-year survival, five-year survival, LVI, 

and PNI) between patients based on their diabetic status and treatment groups. Our results indicate 

that non-diabetic CRC patients and diabetic CRC patients differ in their gender distributions (p = 

0.017), with males being more likely to present with comorbid T2D. To test for differences in 

ordinal data (i.e. stage at diagnosis and histopathologic grade) based on diabetic status and 

treatment groups, Mann-Whitney U tests and Kruskal-Wallis tests were performed, respectively. 

The results of these tests indicated that insulin-treated CRC patients differed from the other 

diabetic treatment groups in their histopathological grade, with insulin-treated patients presenting 

with higher-grade tumours (p = 0.035). 

 

3.3 Bioinformatics: Analysis of Gene Expression Data 

To investigate whether gene expression profiles discriminated between metformin-treated 

and diet-controlled diabetic CRC primary tumour samples, as well as if molecular profiles 

discriminated between non-diabetic CRC patient specimens based on their five-year survival 

status, we applied supervised learning techniques to identify genes with the strongest predictive 

power for our classes of interest, namely metformin-treated, diet-controlled, five-year alive (non-

T2D) and five-year deceased (non-T2D). The selected features were then used to generate models 

that could be evaluated based on their corresponding classification performance (Figure 4).      
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Figure 4. General Overview of the Bioinformatics Workflow. Following data preprocessing, the 

data was randomly partitioned into training and validation cohorts. Statistical tests were performed to ensure 

the distribution of key clinical and pathological features did not differ between the two cohorts. Next, 

feature selection was performed on the training data, to reduce the dimensionality, then hierarchical 

clustering, an unsupervised learning method was performed as an exploratory analysis. Finally, the selected 

features were used to build a classification algorithm with the training data. As a final step, after the model 

was optimized, it was exported and applied to the validation data to assess the performance generalizability.   
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3.3.1 Randomly Partitioned Training & Validation Cohorts did not Differ in their 

Distribution of Key Clinicopathological features      

To ensure that the models were built in an unbiased way, we randomly partitioned our data 

into training and validation cohorts. Roughly 80 percent of the samples were allocated to the 

training set for the purpose of generating a classification algorithm, and 20 percent were assigned 

to the validation cohort to assess the generalizability of the final model. Next, we performed 

statistical tests to evaluate the distribution of key clinicopathological features in our training and 

validation cohorts, thereby confirming that the dispersal of features best approximated that of the 

general population. Our results revealed that there were no significant differences in the patterns 

of clinicopathological feature distribution between the two cohorts, thus reducing the potential for 

these covariates to bias the model building and testing processes (Table 5).    

 

3.3.2 A Supervised Learning Approach Identifies 43 Features Discriminating Between 

Metformin-Treated & Diet-Controlled Samples & 61 Features Discriminating Between Non-

Diabetic CRC Samples Based on their Five-Year Survival Status  

To narrow the scope of our investigation and pinpoint key genes that may be involved in 

metformin’s antineoplastic effects, we applied a supervised learning model to identify 

discriminating features from our targeted list of 151 genes, thereby effectively reducing the 

dimensions of our dataset. The function applied for this process was sequentialfs, with five-fold 

cross-validation using MATLAB software. The internal function called to compute the custom 

criterion, which measures the performance of a model developed with the corresponding candidate 

feature subset to determine what features are selected, was fitcensemble. Feature selection using 

these functions and specifications occurred as follows. The sequentialfs function sequentially  
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Table 5. Distribution of Key Clinicopathological Features in the Training and Validation 

Cohorts for the Metformin-Treated vs Diet-Controlled Analysis & Five-Year Survival 

Analysis in Non-Diabetic Samples. A Chi-Square statistic was used to investigate differences in 

categorical variables, a Mann-Whitney U test was used to evaluate differences in ordinal data, and a two-

tailed independent samples t-test was used to investigate differences in continuous variables.   
 

Clinical/ 

Pathological 

Feature 

 

MetforminTx & DietTx Analysis 
 

Five-Year Survival Analysis 
 

Train 

Cohort 
(N = 102) 

 

Test 

Cohort 
(N = 25) 

Statistical Assessment 
 

Train 

Cohort 
(N = 62) 

 

Test 

Cohort 
(N = 16) 

 

Statistical Assessment 

Test 

Statistic 

P-value Test 

Statistic 

P-value 

Diabetic 

Treatment 

  2 = 1264 0.938   N/A N/A 

MetTx (%) 58 (57) 14 (56)   N/A N/A   

DietTx (%) 

 

44 (43) 11(44)   N/A N/A   

Age at 

Diagnosis  

(mean, 

median) 

 

72, 72 73, 75 t = -0.418 0.677 70, 70 69, 69 t = 0.084 0.934 

Gender   2 = 2.365 0.124   2 = 0.027 0.870 

Male (%) 66 (65) 12 (48)   27 (44) 7 (44)   

Female (%) 

 

36 (35) 13 (52)   35 (56) 9 (56)   

Tumour 

Sidedness 

  2  = 0.531 0.767   2  = 0.046 0.977 

Rectal (%) 28 (27) 7 (28)   11 (18) 3 (19)   

Left (%) 30 (29) 9 (36)   18 (29) 5 (31)   

Right (%) 

 

44 (43) 9 (36)   33 (54) 8 (50)   

Stage at 

Diagnosis 

  U = 1211 0.681   U = 446.0 0.449 

Stage 1 (%) 18 (18) 6 (24)   6 (10) 0 (0)   

Stage 2 (%) 31 (30) 7 (28)   22 (35) 6 (37)   

Stage 3 (%) 47 (46) 10 (40)   26 (42) 8 (50)   

Stage 4 (%) 

 

6 (6) 2 (8)   8 (13) 2 (13)   

Histologic 

Grade 

  U = 1231 0.655   U = 486.5 0.432 

Low (%) 89 (87) 21 (84)   54 (87) 15 (94)   

Moderate (%) 1 (1) 0 (0)   2 (3) 1 (6)   

High (%) 12 (12) 4 (16)   6 (10) 0 (0)   
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added features from the full gene list into candidate feature subsets. Five-fold cross-validation 

facilitated the division of the data into five non-overlapping subsets, whereby each iteration 

utilized a unique combination of training data (N = 4/5) and test data (N = 1/5). Next, the internal 

function fitcensemble is called and uses the training data to generate five distinct models whose 

classification accuracies were computed based on the model’s performance on the corresponding 

test data subsets. These accuracies for each mutually exclusive fold were then averaged, thereby 

providing an estimate of the overall accuracy of the model for a specified candidate feature subset, 

denoted the custom criterion. This process occurred repeatedly, as new features were sequentially 

added to the feature subsets, until the accuracy of the model no longer improved. At this point, the 

feature subset with the optimal accuracy was the output of the function.  

This process was performed for the two separate analyses; namely, the metformin-treated 

against diet-controlled sample analysis and the investigation of non-diabetic samples grouped 

based on their five-year survival status. For each analysis, 50 iterations of the sequentialfs function     

were computed to increase the probability of identifying features with true discriminatory power. 

The number of features selected in a single iteration for the metformin-treated compared to diet-

controlled analysis ranged from one to eight, with the average number being 3.62. For the five-

year survival analysis, the number of features selected per iteration ranged from one to six, with 

2.88 being the average. In total, 43 unique features were identified as discriminating between 

metformin-treated samples and diet-controlled samples, while 61 features were identified for the 

five-year survival analysis (Figure 5). 
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Figure 5. Features Selected & the Frequency of Selection Using Multiple Iterations of a  

Supervised Learning Algorithm. (A) Discriminatory features selected using the sequentialfs function 

in MATLAB® between metformin-treated and diet-controlled samples. The bar graph plots the frequency 

at which each feature was selected over 50 iterations of the algorithm. (B) Features discriminating between 

non-diabetic samples based on their five-year survival status using the previously mentioned supervised 

learning algorithm and software. 

 

 

A 
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3.3.3 The Classification Models Developed Using the Molecular Data Show Some Capacity 

to Predict Diabetic Treatment Group and Five-Year Survival Status  

  To investigate the capacity to classify samples according to metformin-treated or diet-

controlled based on the transcriptomic data, we used a supervised machine learning approach to 

develop a model based on multidimensional pattern recognition intrinsic to the molecular data in 

the subset of genes identified during feature selection. The model was developed using the 

Classification Learner Application in the MATLAB® software. Given the “No Free Lunch 

Theorem”, we trained all available models to determine which would perform best with our data. 

Starting with every feature (N = 43) that was selected, we trained all twenty-five available 

algorithms; next, we successively removed features starting with those that were least frequently 

selected and retrained the models. This process was repeated until the accuracy of the classifier no 

longer improved and conversely began to drop.  

The optimal performance on the training data occurred with 11/42 of the features (genes 

selected at a frequency of less than 20 percent were excluded) and the corresponding accuracy 

achieved was 75.5 percent, using an ensemble of random subspace K-Nearest Neighbors (KNN)  

models. The value of K for this model was one, indicating that the algorithm was optimized by 

classifying samples into the category of that of the closest data point, measured based on the 

Euclidean distance. The ensemble method of classification improves the performance accuracy by 

generating several weak models that are ultimately combined to form an ensemble that exhibits a 

greater accuracy than any individual learner. Using the random subspace method, features were 

randomly selected and used to build 30 distinct models; these were then combined to produce the 

final model. The main advantage of this method is that it facilitates the consideration of various 

features, thereby ensuring that one feature or a small set of features that may have a high level of 
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predictive power in the training data set is not over-emphasized in the model, which could lead to 

over-fitting and poor predictive performance on other data sets.  

Of the total 44 diet-controlled samples, the algorithm correctly identified 25, and of the 58 

metformin-treated samples, the model accurately classified 52 (Figure 6). These values correspond 

to a sensitivity (the true positive rate) of 89.7 percent for metformin-treated samples and 56.8 

percent for diet-controlled samples. Correspondingly, the rates of false negatives were 10.3 and 

43.2 percent, respectively. The positive predictive values (PPV), the probability that a sample 

classified as diet-controlled was from a diet-controlled patient, and the probability that a sample 

classified as metformin-treated was treated with metformin were 80.6 and 73.2 percent, 

respectively. To investigate the generalizability of this model to other data, we then applied the 

classifier to our test data. The performance of the model on the validation cohort was 46.2 percent. 

Of the eleven diet-controlled samples, three were correctly identified, and of the 14 metformin-

treated samples, nine were correctly classified. The drop in model performance indicates that this 

model was not generalizable to the test data. A comprehensive summary of model performance in 

the training and validation data can be seen in Table 6. 

Using the same methodology, we generated an algorithm to classify non-diabetic samples 

based on their five-year survival status. The highest accuracy achieved was 80.6 percent including 

19/61 of the selected features, using a Fine KNN model with Euclidean distance being the measure 

of similarity between two points, and where K was equal to one. Of the 37 non-diabetic samples 

that survived for five years following their CRC diagnosis, 34 were correctly recognized, and of 

the 25 deceased, 16 were accurately classified. These values correspond to a true positive rate of 

91.9 percent for five-year alive samples and 64.0 percent for five-year deceased samples. 

Correspondingly, the rates of false negatives were 8.1 and 36.0 percent, respectively. The PPVs 
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Table 6. Summary of Model Performance on Training & Validation Data. TPR = True Positive 

Rate; FNR = False Negative Rate; PPV = Positive Predictive Value; FDR = False Discovery Rate 

Metformin-Treated & Diet-Controlled Analysis  Five-Year Survival Analysis (Non-Diabetics) 
 

Parameter 

Training 

Data 
(N = 102) 

Validation 

Data 
(N = 25) 

  

Parameter 

Training 

Data  
(N = 62) 

Validation 

Data  
(N = 16) 

Overall Accuracy 75.5 46.2  Overall Accuracy 80.6 68.8 
TPR    TPR   

MetTx 89.7 64.3  5-Y Alive 91.9 90.9 
DietTx 56.8 27.3  5-Y Deceased 64.0 20.0 

FNR    FNR   
MetTx 10.3 35.7  5-Y Alive 8.1 9.1 
DietTx 43.2 72.7  5-Y Deceased 36.0 80.0 

PPV    PPV   
MetTx 73.2 52.9  5-Y Alive 71.9 71.4 
DietTx 80.6 37.5  5-Y Deceased 84.2 50.0 

FDR    FDR   
MetTx 26.8 47.1  5-Y Alive 28.1 28.6 
DietTx 19.4 62.5  5-Y Deceased 15.8 50.0 

 

 
 Training Cohort  Validation Cohort 

    

True Class 
Diet 25 19  Diet 3 8 

Metformin 6 52  Metformin 5 9 

    Diet Metformin    Diet Metformin 

        

True Class 
Alive 34 3 

 Alive 10 1 

Deceased 9 16 
 Deceased 4 1 

    Alive Deceased    Alive Deceased 

    Predicted Class    Predicted Class 

Figure 6. Confusion Matrices for the Classification Algorithms Built on the Training Data 

& their Corresponding Performance Once Applied to the Validation Data. This figure 

summarizes the performance of the model on the training and validation cohorts. Model predictions are on 

the x-axis and the true classes are shown on the y-axis. The blue boxes represent correct predictions made 

by the model and the red boxes indicate incorrect classifications. The shade (i.e. dark or light) of the box 

corresponding to the proportion of samples falling into a quadrant, with darker quadrants representing larger 

proportions of the data and lighter quadrants representing a smaller proportion of the data. The top panel 

corresponds to the metformin and diet analysis, while the bottom panel represents the five-year survival 

analysis.   
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were 79.1 and 84.2 percent for five-year alive and five-year deceased samples, respectively. The 

performance of this model only dropped to 68.8 percent when applied to the validation cohort. Of 

the 11 five-year alive samples, 10 were correctly identified, and of the five five-year deceased 

samples, one was correctly identified. The marginal drop in performance accuracy suggested that 

this model retained some predictive power which may be generalizable to other data. However, 

the model was biased towards predicting the more common class within the data set, underscoring 

the need for further investigation to confirm the utility of the algorithm. 

 

 

3.4 Investigation of Discriminating Genes Common in the Two Analyses Reveals Five 

Distinct Expression Profiles 

To investigate whether the gene expression profiles in our samples may help pinpoint 

important molecular biomarkers of metformin action, we analyzed discriminating genes identified 

in the metformin-treated against diet-controlled analysis that were also selected in the five-year 

survival analysis. In total, 24 genes were commonly identified. For each gene, we assessed the 

differential gene expression patterns in metformin-treated samples, diet-controlled samples, and 

non-diabetic samples based on five-year survival status and performed corresponding two-tailed 

independent sample t-tests to pinpoint patterns that were statistically significant at the five percent 

level. Five unique expression patterns were identified and are summarized in Figure 7. 
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Figure 7. Overview of the Workflow to Analyze Commonly Identified Discriminating Genes. 
Discriminating genes were identified using a supervised machine learning approach. Next, statistical 

analyses were performed to investigate expression patterns in discriminating genes common to the two 

separate analyses. This resulted in the identification of five unique differential gene expression patterns.  
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3.4.1 Expression of TMEM132A & SCNN1A in Metformin-Treated Samples Showed the 

Same Overall Trend in Non-Diabetic Samples Alive at Five Years 

Following the evaluation of gene expression patterns in the discriminatory features that 

were identified in the diabetic treatment analysis and five-year survival analysis, two genes were 

pinpointed for displaying an expression pattern that suggested they may be implicated in 

metformin’s protective effects in CRC. In particular, the expression levels of TMEM132A and 

SCNN1A in metformin-treated samples were comparable to the expression levels seen in non-

diabetic samples that were alive after five years, while relative expression levels for these genes 

moved in the opposite direction in samples taken from diet-controlled diabetic patients and non-

diabetic patients that were deceased five years following their diagnosis (Figure 8A).  

The results of the statistical analysis showed that expression of TMEM132A in metformin-

treated samples differed from diet-controlled samples (p = 0.053), approaching statistical 

significance at the five percent level. Inspection of the two group means indicates that expression 

levels of this gene in metformin-treated samples (M = 6.49) were lower than expression in diet-

controlled samples (M = 6.74). Expression levels in TMEM132A also differed between metformin-

treated samples and non-diabetic samples that were deceased five years following their diagnosis 

(p = 0.065) and trended towards statistical significance. The mean expression level of this gene in 

metformin-treated samples (M = 6.49) was found to be lower than that of the non-diabetic samples 

deceased after five years (M = 6.77). Furthermore, expression in the diet-controlled samples (M =  

6.74) was found to be higher than the expression in non-diabetic samples alive at five years (M =  

6.46), nearing statistical significance (p = 0.057). Finally, expression levels also differed in non-

diabetic samples based on five-year survival status (p = 0.053), with those that were alive at five 

years displaying lower expression (M = 6.46) than those that were deceased at five years (M =  
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Figure 8. Box Plots of TMEM132A & SCNN1A, as well as sFas, FN1, & SPG20 Gene 

Expression. (A) From left to right, gene expression was plotted as box plots in metformin-treated, diet-

controlled, five-year alive and five-year deceased sample subsets within the data set. (B) Box plots are 

shown in the same categories that were previously described but also includes all non-diabetic samples. In 

general, the end of the bottom whisker represents the minimum expression level seen in the corresponding 

sample group (excluding outliers). This extends to the bottom end of the box which represents the lower 

quartile. The line dividing the box in two represents the median, and the top of the box is the upper quartile. 

The top whisker represents the highest value (excluding outliers). The X on the box designates the mean of 

the data.  Prior to generating these graphs, the gene expression data was log-transformed to approximate a 

normal distribution, to satisfy the assumptions for statistical analyses.  
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6.77). Moreover, metformin-treated samples did not differ from non-diabetic samples alive after 

five years, and diet-controlled samples did not differ from non-diabetic samples that were deceased 

after five years. These results confirm an expression pattern for TMEM132A whereby metformin-

treated samples and non-diabetic samples alive at five years display comparable expression levels 

that are opposite to that of diet-controlled samples and non-diabetic samples deceased at five years. 

A summary of these statistical test results can be seen in Table 7. 

Expression levels for SCNN1A followed the same pattern, indicating that expression in 

metformin-treated samples followed the same overall trend as seen in non-diabetics that were alive 

at five years, and occurred opposite that of diet-controlled samples and non-diabetic samples that 

were deceased at five years (Figure 8A). However, expression of SCNN1A was found to be 

upregulated in metformin-treated samples and non-diabetic samples with better overall survival, 

relative to diet-controlled samples and non-diabetics with poorer overall survival. The results of 

the statistical analysis showed that expression of SCNN1A was higher in metformin-treated 

samples (M = 10.22) compared to diet-controlled samples (M = 9.81), and this was statistically 

significant (p = 0.044). Expression of this gene also differed between metformin-treated samples 

(M = 10.22) and non-diabetic samples that were deceased at five years (M = 9.79). This result was 

not statistically significant at the five percent level, however, it was trending towards significance 

(p = 0.101). Lastly, expression levels also differed based on five-year survival status in non-

diabetic samples (p = 0.045), with significantly higher expression in samples with better survival 

(M = 10.44) compared to samples with poorer survival times (M = 9.81). No significant differences 

in expression were seen between metformin-treated samples and non-diabetics alive at five years, 

as well as between diet-controlled samples and non-diabetics that were deceased at five years. This 

expression profile suggests that SCNN1A may be coordinately regulated in response to metformin 
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Table 7. Comparison of TMEM132A & SCNN1A Expression in Metformin-Treated, Diet-

Controlled, Non-Diabetic Five-Year Alive & Non-Diabetic Five-Year Deceased Samples. 
Two-tailed independent sample t-tests were performed following log transformation of the expression data to satisfy 

the assumption of normality for this statistical test. M = mean, SD = standard deviation, t = test statistic, df = degrees 

of freedom, p = probability of the difference occurring by random chance, g = Hedge’s g effect size. 
 

Variable 
 

M 
 

SD 
 

t 
 

df 
 

p 
 

g 

TMEM132A   -1.95 125 0.053 0.349 

MetTx 6.49 0.661     

DietTx 
 

6.74 0.767     

TMEM132A   0.252 118 0.801 0.047 

MetTx 6.49 0.661     

5-Y Alive 
 

6.46 0.692     

TMEM132A   -1.86 98 0.065 0.415 

MetTx 6.49 0.661     

5-Y Deceased 
 

6.77 0.757     

TMEM132A   1.93 101 0.057 0.381 

DietTx 6.74 0.767     

5-Year Alive 
 

6.46 0.692     

TMEM132A   -0.29 82 0.772 0.067 

DietTx 6.74 0.767     

5-Year Deceased 
 

6.79 0.746     

TMEM132A   -1.97 75 0.053 0.463 

5-Year Alive 6.46 0.692     

5-Year Deceased 
 

6.79 0.746     

SCNN1A 

  

2.04 125 0.044 0.365 

MetTx 10.22 1.09     
DietTx 

 
9.81 1.15     

SCNN1A   -1.03 118 0.307 0.191 
MetTx 10.22 1.09     

5-Y Alive 
 

10.44 1.34     

SCNN1A   1.66 98 0.101 0.369 
MetTx 10.22 1.09     

5-Y Deceased 
 

9.79 1.28     

SCNN1A   -2.58 101 0.011 0.510 
DietTx 9.81 1.15     

5-Year Alive 
 

10.44 1.34     

SCNN1A   -0.023 82 0.981 0.005 
DietTx 9.81 1.15     

5-Year Deceased 
 

9.81 1.26     

SCNN1A   2.04 75 0.045 0.480 
5-Year Alive 10.44 1.34     

5-Year Deceased 9.81 1.26     
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treatment to confer antineoplastic effects. A full summary of the statistics can be seen in Table 7.      

 

3.4.2 Expression of sFas, FN1, & SPG20 in Metformin-Treated Samples Showed the Same 

Overall Trend in Non-Diabetic Samples  

The investigation of gene expression profiles also identified three genes, sFas, FN1 and 

SPG20, with an expression pattern where metformin-treated samples differed from diet-controlled 

samples and displayed similar mRNA counts to non-diabetic samples (Figure 8B). Given that non-

diabetic CRC patients tend to have better clinical outcomes than patients with comorbid T2D, these 

genes may also be implicated in metformin’s CRC protective effects. 

Statistical analysis (Table 8) confirmed that expression of sFas differed between 

metformin-treated and diet-controlled samples (p = 0.005), with metformin-treated samples (M = 

6.97) exhibiting lower expression than diet-controlled samples (M = 7.38). Additionally, diet-

controlled samples also differed from non-diabetic samples (p = 0.0001), with significantly higher 

expression of sFas found in diet-controlled samples (M = 7.38) compared to non-diabetic samples 

(M = 6.83); metformin-treated samples did not differ from the non-diabetic samples. Expression 

of FN1 followed a similar trend, where diet-controlled samples differed significantly from non- 

diabetic samples (p = 0.016), with higher levels of expression being observed in the diet-controlled 

group (M = 12.5) relative to the non-diabetic samples (M = 11.85). Finally, SPG20 expression in 

diet-controlled samples was significantly higher (M = 7.80, p = 0.03) than that of the non-diabetic 

samples (M = 7.35). Conversely, expression of FN1 and SPG20 did not differ significantly between 

metformin-treated samples and diet-controlled samples. However, the differential expression of 

these genes in the diabetic treatment groups trended towards significance (p = 0.121, p = 0.138). 
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Table 8. Comparison of sFas, FN1 & SPG20 Expression in Metformin-Treated, Diet-

Controlled, Non-Diabetic Five-Year Alive, Non-Diabetic Five-Year Deceased & All Non-

Diabetic Samples. Two-tailed independent sample t-tests were performed following log transformation of the 

expression data to satisfy the assumption of normality for this statistical test. M = mean, SD = standard deviation, t = 

test statistic, df = degrees of freedom, p = probability of the difference occurring by random chance, g = Hedge’s g 

effect size. 
 

Variable 
 

M 
 

SD 
 

t 
 

df 
 

p 
 

g 

sFas   -2.89 125 0.005 0.518 

MetTx 6.97 0.734     

DietTx 
 

7.38 0.865     

sFas   0.263 118 0.793 0.0489 

MetTx 6.97 0.734     

5-Y Alive 
 

6.94 0.818     

sFas   1.92 98 0.057 0.428 

MetTx 6.97 0.734     

5-Y Deceased 
 

6.65 0.815     

sFas   2.69 101 0.008 0.531 

DietTx 7.38 0.865     

5-Year Alive 
 

6.94 0.818     

sFas   3.69 82 0.0001 0.846 

DietTx 7.38 0.865     

5-Year Deceased 
 

6.67 0.807     

sFas   1.40 75 0.167 0.328 

5-Year Alive 6.94 0.818     

5-Year Deceased 
 

6.67 0.807     

sFas   1.08 148 0.281 0.177 

MetTx 6.97 0.734     

Non-T2D 
 

6.83 0.819     

sFas   3.71 131 0.0001 0.654 

DietTx 7.38 0.865     

Non-T2D 
 

6.83 0.819     

FN1   -1.56 125 0.121 0.280 

MetTx 12.05 1.57     

DietTx 
 

12.50 1.60     

FN1   0.869 118 0.387 0.162 

MetTx 12.05 1.57     

5-Y Alive 
 

11.81 1.40     

FN1   0.356 98 0.722 0.0794 

MetTx 12.05 1.57     

5-Y Deceased 
 

11.93 1.56     

FN1   2.29 101 0.024 0.453 

DietTx 12.50 1.60     

5-Year Alive 
 

11.81 1.40     
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FN1   1.62 82 0.108 0.373 

DietTx 12.50 1.60     

5-Year Deceased 
 
 

11.91 1.54     

FN1   -0.282 75 0.779 0.0663 

5-Year Alive 11.81 1.40     

5-Year Deceased 
 

11.91 1.54     

FN1   0.839 148 0.403 0.138 

MetTx 12.05 1.57     

Non-T2D 
 

11.85 1.45     

FN1   2.43 131 0.016 0.429 

DietTx 12.50 1.60     

Non-T2D 
 

11.85 1.45     

SPG20   -1.49 125 0.138 0.267 

MetTx 7.51 0.956     

DietTx 
 

7.80 1.19     

SPG20   0.357 118 0.722 0.0665 

MetTx 7.51 0.956     

5-Y Alive 
 

7.44 1.16     

SPG20   1.35 98 0.18  0.301 

MetTx 7.51 0.956     

5-Y Deceased 
 

7.20 1.06     

SPG20   1.52 101 0.131 0.300 

DietTx 7.80 1.19     

5-Year Alive 
 

7.44 1.16     

SPG20   2.29 82 0.025 0.525 

DietTx 7.80 1.19     

5-Year Deceased 
 

7.20 1.05     

SPG20   0.933 75 0.354 0.219 

5-Year Alive 7.44 1.16     

5-Year Deceased 
 

7.20 1.05     

SPG20   0.946 148 0.346 0.155 

MetTx 7.51 0.956     

Non-T2D 
 

7.35 1.12     

SPG20   2.20 131 0.03 0.388 

DietTx 7.80 1.19     

Non-T2D 7.35 1.12     
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3.4.3 Expression of SORL1 & HNF4A Differentiate Between Metformin-Treated & Diet-

Controlled Samples 

The differential gene expression analysis revealed two genes whose expression differed 

between metformin-treated samples and diet-controlled samples (Figure 9A). Expression of 

SORL1 was higher in metformin-treated samples (M = 9.83) compared to diet-controlled samples 

(M = 9.46), a difference that was statistically significant (p = 0.026). HNF4A also differentiated 

between metformin-treated samples and diet-controlled samples (p = 0.012), with significantly 

greater expression levels being found in metformin-treated samples (M = 10.12) relative to diet-

controlled samples (M = 9.62). Further investigation revealed that there were no significant 

differences in metformin-treated samples and non-diabetic samples alive at five years, nor between 

metformin-treated samples and non-diabetic samples deceased five years following CRC 

diagnosis. Expression in diet-controlled samples relative to the non-diabetic survival groups also 

did not differ. Furthermore, there were no significant differences between the non-diabetic samples 

based on their five-year survival status, indicating that while these genes may be implicated in 

metformin action, they do not appear to be related to clinical outcomes, based on our data.   

 

3.4.4 Expression of FOXC2, OCT4 & AKT1 Differentiate Between Non-Diabetic Samples 

Based on Five-Year Survival Status 

The analysis of common discriminating features pinpointed three genes that exhibited 

differences in expression in non-diabetic samples based on five-year survival status (Figure 9B). 

FOXC2 was expressed at a significantly lower level in non-diabetic samples that did not survive 

for five years (M = 4.61, p = 0.001), compared to non-diabetic samples that did survive (M = 5.63). 

Expression of OCT4 also differentiated between non-diabetic samples based on their five-year  
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Figure 9. Box Plots of SORL1 & HNF4A; FOXC2, OCT4 & AKT1; TGFBR1, JAG1 & HGF 

Gene Expression. These plots highlight three distinct expression patterns. (A) Genes differentiating 

between metformin-treatment & diet-control. (B) Genes differentiating between five-year survival status. 

(C) Genes differentiating based on diabetic status. 
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survival status, with significantly lower levels found in the five-year deceased group (M = 7.84, p 

= 0.044) relative to the five-year alive group (M = 8.29). Lastly, AKT1 also displayed significantly 

lower expression levels in non-diabetic samples with poorer clinical outcomes (M = 8.82, p = 

0.011) compared to non-diabetic samples with greater survival times (M = 9.16). There were no 

significant differences in the expression of these genes between metformin-treated and diet-

controlled samples, suggesting that while the expression of these genes may be related to clinical 

outcomes, they do not appear to be related to metformin action based on our data.    

 

3.4.5 Expression of TGFBR1, JAG1 & HGF Differentiate Based on Diabetic Status 

In our investigation of gene expression patterns in the discriminatory features common to 

the diabetic treatment analysis and five-year survival analysis, we identified three genes whose 

expression profiles differentiated between metformin-treated samples and non-diabetic samples, 

as well as diet-controlled samples and nondiabetic samples (Figure 9C). Expression of TGFBR1 

was found to be significantly higher in metformin-treated samples (M = 9.50, p = 0.001) and diet-

controlled samples (M = 9.69, p = 0.0001) compared to non-diabetic samples (M = 9.31). A similar 

trend was seen for JAG1, where expression in metformin-treated samples (M = 8.98, p = 0.04) and 

diet-controlled samples (M = 9.01, p = 0.052) tended to be greater than that of non-diabetic samples 

(M = 8.71). Lastly, HGF expression profiles also differentiated between these groups of interest, 

with higher levels of expression being found in metformin-treated samples (M = 5.83, p = 0.001) 

and diet-controlled samples (M = 5.66, p = 0.038) relative to non-diabetic samples (M = 5.18).  No 

significant differences in expression of these genes were seen between metformin-treated and diet-

controlled samples, as well as between non-diabetic samples based on five-year survival status, 

thus indicating that these genes may be biomarkers of diabetic status.  
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Chapter 4 

Discussion 

4.1 Colorectal Cancer: A Lack of Effective Treatments Driving High Mortality 

CRC is a highly prevalent disease, causing substantial mortality worldwide and placing 

significant economic strains on healthcare systems with limited resources to support patient care 

(206). Moreover, the global burden of this devastating disease is projected to increase considerably 

by 2030, and the incidence of early-onset disease is rising at an alarming rate, adding to this already 

significant public health problem. This growing burden of disease coincides with the rapid growth 

in the prevalence of T2D, a serious metabolic disorder and a well-known risk factor for the 

development and progression of CRC, further exacerbating this problem (53). Current efforts to 

alleviate this societal burden include screening programs to increase the rates of early detection 

and consequently maximize the opportunity for curative treatment, which is typically achieved 

through the surgical resection of the tumour. Nonetheless, these programs have been largely 

unsuccessful as the vast majority of patients are diagnosed after their disease has progressed, when 

the therapeutic potential of currently available treatments is undeniably inadequate. These clinical 

realities underscore the urgent need to develop effective therapies for these patients.  

Despite extensive research, the molecular underpinnings of this deadly disease remain 

poorly understood. Developing an understanding of these features is a crucial component needed 

to improve patient care and consequently, overall survival. More recently, epidemiological trends 

indicate that metformin-treated diabetic CRC patients tend to have better clinical outcomes than 

diabetic CRC patients not exposed to metformin. This scientific breakthrough highlights a unique 

opportunity to investigate the molecular mechanisms whereby metformin confers its protective 
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effects in CRC patients, which may help elucidate novel targets for the design of more effective 

therapies.  

 

4.2 Three Biologically Related Genes Identified as Potential Biomarkers of Metformin 

Action 

In this study, we used a targeted panel of 151 metformin-related genes and NanoString 

nCounter® technology to quantify gene expression in our data set. Next, we applied a machine 

learning approach to investigate gene expression profiles discriminating between metformin-

treated and diet-controlled diabetic CRC samples, as well as those discriminating between non-

diabetic CRC samples based on their corresponding five-year survival status. Finally, we evaluated 

differential expression patterns in the identified discriminatory genes to help pinpoint key 

biomarkers of metformin action, that may provide insight into its antineoplastic effects in CRC.  

Our results showed that three biologically related genes were identified as discriminatory 

features in our analysis of metformin-treated and diet-controlled samples, as well as our analysis 

of five-year survival in non-diabetic samples. In particular, TMEM132A and FN1 were 

downregulated in samples from metformin-treated patients relative to samples from diet-controlled 

patients, and SCNN1A was upregulated in samples from metformin-treated patients compared to 

samples from diet-controlled patients. Furthermore, expression levels of TMEM132A and SCNN1A 

in metformin-treated samples showed the same overall trend that was seen in non-diabetic samples 

from patients that were alive five years following their diagnosis and were opposite to that seen in 

non-diabetic samples from patients deceased at five years, thereby substantiating the evidence to 

suggest that these genes may be coordinately regulated in response to metformin treatment. While 

the expression of FN1 did not differ based on five-year survival status in the non-diabetic sample 
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subset, expression levels in metformin-treated patient samples were similar to the levels present in 

non-diabetic patient samples. Given that non-diabetic CRC patients tend to have better clinical 

outcomes than their diabetic counterparts, this expression profile also points to FN1 as a gene that 

may be associated with metformin’s protective action. These three genes are functionally related, 

in that they all have been implicated in the biological phenomenon denoted the unfolded protein 

response (UPR). Moreover, their expression patterns in our data set suggest that metformin 

treatment may lead to the downregulation of the UPR to promote its antineoplastic effects in CRC, 

thus improving patient outcomes.  

 

4.2.1 Downregulation of the Unfolded Protein Response May Protect Against CRC 

The UPR is an adaptive response to endoplasmic reticulum (ER) stress, induced by the 

accumulation of misfolded or unfolded proteins in the ER; the activation of this pathway initiates 

intracellular signalling cascades that promote cell survival by alleviating ER stress (207). This 

evolutionarily conserved pathway has been identified as a potential driver in the pathogenesis of 

several human diseases, including T2D and cancer, whereby upregulation of this pathway leads to 

insulin resistance, enhanced cellular proliferation, and survival (208–214). Hyperactivity of this 

response is reported to coincide with elevated levels of GRP78, a protein that is functionally 

associated with the protein product of TMEM132A (215,216). While there is a paucity of research 

investigating the effects of metformin on TMEM132A, a recent study reported that metformin-

treatment suppresses GRP78 to enhance apoptosis in multiple myeloma, suggesting that this may 

be a potential mechanism by which metformin exerts its antineoplastic effects (217). SCNN1A is 

another gene that may be implicated in the regulation of this adaptive response, by interacting with 

GRP78 to promote its degradation. While the functional role of this gene in the UPR has yet to be 
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investigated, increased expression of the homologous protein SCNN1B is a good prognostic factor 

in gastric cancer; at the molecular level, this protein was reported to initiate polyubiquitination of 

GRP78 to induce its proteasomal degradation, thereby downregulating the UPR to suppress 

malignant cell growth and metastasis (218). Our results showed that TMEM132A was suppressed 

and SCNN1A was upregulated in metformin-treated samples. Thus, metformin may downregulate 

the UPR, by regulating these genes, thereby inhibiting cellular proliferation and evasion of 

apoptosis to promote its CRC protective effects. Furthermore, our results also showed that the 

oncogene FN1, which is transcriptionally upregulated downstream of ER stress sensor signalling, 

was expressed at lower levels in metformin-treated samples compared to diet-controlled samples, 

providing additional support for metformin’s potential role in downregulating the UPR.        

 

4.2.2 GRP78: A Key Player in the UPR to Restore Proteostasis & Sustain Cell Survival 

 TMEM132A encodes a protein that binds to the molecular chaperone GRP78, which is 

localized in the endoplasmic reticulum (ER) under normal physiological conditions (219). While 

the functions of GRP78-binding protein have yet to be characterized, the role of GRP78 has been 

extensively studied. Nonetheless, preliminary studies report that GRP78-binding protein may have 

similar functions to GRP78 (236–240). GRP78 is essential for the maintenance of a normally 

functioning ER, an organelle with crucial roles in the synthesis, modification, and processing of 

proteins (220). In addition, GRP78 is known to be a master regulator of the UPR through its 

interactions with the three ER transmembrane stress sensors, PERK, IRE1, and ATF6 (221). 

Under conditions of ER homeostasis, GRP78 is bound to these sensors, keeping them in their 

inactive conformation (Figure 10A). As the number of unfolded or misfolded proteins increases in 

the ER, stress is induced (Figure 10B) (221). In an attempt to restore homeostasis, GRP78   



 

79 

 

 

 

 

Figure 10. Overview of the Unfolded Protein Response to Restore Endoplasmic Reticulum 

Homeostasis. (A) In a state of ER homeostasis, proteins in the ER are correctly folded and are translated 

at a normal rate; consequently, GRP78 is bound to the three transmembrane ER stress sensors, ATF6, 

PERK, and IRE1, keeping them in their inactive conformation. (B) The accumulation of misfolded or 

unfolded proteins in the ER, which can occur due to pathological conditions such as cancer and T2D, 

triggers GRP78 dissociation from the ER stress sensors, to facilitate protein folding. This results in the 

activation of the three ER stress sensors, triggering downstream signalling to regulate transcription. ATF6 

translocates to the Golgi apparatus where it is proteolytically cleaved to form the active transcription factor 

ATF6f. ATF6f then translocates to the nucleus where it acts as a transcription factor to upregulate UPR 

genes to restore proteostasis. At the same time, PERK dimerizes to become activated, triggering the 

phosphorylation of eukaryotic initiation factor 2 (eIF2) to inhibit global protein translation thus preventing 

the accumulation of additional proteins in the ER; increased protein translation of ATF4 is simultaneously 

favoured. ATF4 also acts as a transcription factor to increase the transcription of UPR genes. Finally, IRE1 

becomes activated via oligomerization and downregulates protein synthesis by selectively degrading 

mRNA through its endoribonuclease activity, in a process denoted the RIDD pathway. It also increases the 

production of the XBP1s transcription factor, to induce UPR gene transcription, via the alternative splicing 

of its pre-mRNA. Taken together, these pathways coordinate an adaptive response to ER stress and attempt 

to restore homeostasis to sustain cell survival.       

 

 

 



 

80 

 

dissociates from the ER stress sensors and binds to the unfolded polypeptides, thereby expanding 

the protein folding capacity of the cell. This coincides with the activation of the ER stress sensors, 

which initiate distinct intracellular signalling pathways with pleiotropic effects and transcriptomic 

remodelling, collectively termed the UPR (222,223). The primary goal of this adaptive response 

is to overcome ER stress to sustain cell survival (215,224).  

Following its release from GRP78, PERK facilitates cellular adaptation to ER stress 

through multiple mechanisms, including the global suppression of protein translation to inhibit the 

accumulation of misfolded proteins by phosphorylating the alpha subunit of eukaryotic initiation 

factor 2 (eIF2) (225,226). Furthermore, the phosphorylation of eIF2 selectively increases the 

translation of ATF4, a transcription factor that upregulates chaperone proteins, including GRP78, 

as well as pro-survival genes, to facilitate protein folding and prevent cell death, respectively (225).  

The activated isoform of IRE1 also works to restore proteostasis via its endoribonuclease 

activity, which selectively degrades mRNA to downregulate protein synthesis, in a process 

denoted the RIDD pathway (227,228). In addition, it activates the XBP1s transcription factor 

through alternative splicing, which enhances transcription of chaperone proteins to increase 

protein folding, as well as the transcription of ER membrane biosynthesis proteins to accommodate 

the heightened level of protein molecules present (229–233). Furthermore, it upregulates the 

transcription of proteins involved in the endoplasmic reticulum-associated protein degradation 

pathway, to degrade misfolded proteins (229–231). Remarkably, it has also been reported that 

activation of IRE1 may promote tumour metastasis in CRC through XBP1s-dependent 

transcription of the oncogene FN1 (234).  

The third main pathway in the UPR occurs through the activation of ATF6. This arm of 

the UPR is reported to increase transcription of GRP78, as well as other chaperone proteins such 
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as GRP94 and PDI, to further escalate the cell’s protein folding capability (235). It is also reported 

to increase the transcription of XBP1 mRNA, thereby simultaneously enhancing the IRE1  

pathway of the UPR, to further promote this pro-survival adaptive response (230).  

The initiation of signalling through the three branches of the UPR comprises an aggressive 

attempt to promote cell survival and evade apoptosis by regulating gene expression to alleviate ER 

stress and restore protein homeostasis. While the role of GRP78 in the UPR has been thoroughly 

studied, the function of TMEM132A in this adaptive response remains poorly understood. 

However, it is reported that expression of this gene may promote cell survival through the 

regulation of stress-response genes, suggesting that GRP78 and the protein product of TMEM132A 

may function together in the UPR (236–240). Our results indicate that the transcription of 

TMEM132A, a potential regulator of the UPR, and FN1, an oncogene and downstream target of 

this adaptive response, are suppressed in metformin-treated patient samples, indicating that this 

antidiabetic drug may be associated with the downregulation of the UPR.   

 

4.2.3 Downregulation of GRP78 Leads to Persistent Stress & the Initiation Apoptosis 

If the UPR is unable to restore normal ER function, the pro-survival pathways shut down, 

and instead apoptotic cell death is initiated (241). Given the critical role of GRP78 in this adaptive 

response to restore ER homeostasis, it has been reported that inhibition of this protein may lead to 

the disruption of the UPR via the reduced capacity to increase protein folding, driving chronic ER 

stress, and consequently the activation of the pro-apoptotic pathway to bestow cancer-protective 

effects (213,242). Furthermore, suppression of TMEM132A has also been reported to increase 

cellular susceptibility to apoptosis, suggesting this gene may also contribute to this effect (238).  
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The mechanism of GRP78 downregulation to promote apoptosis is poorly understood. 

However, a recent study reported that SCNN1B displayed tumour suppressor functions in vitro and 

in vivo in gastric cancer by interacting with the ER chaperone to promote its proteasomal 

degradation (218). Upregulation of SCNN1B, and the coinciding decrease in GRP78, was 

associated with the inhibition of cellular proliferation and migration, as well as the initiation of 

programmed cell death (218). SCNN1B is a gene that encodes the -subunit of the epithelial 

sodium channel. This protein complex is a non-voltage gated channel comprised of three subunits, 

denoted alpha, beta, and gamma, and plays a key role in the maintenance of fluid and ion balance 

across several tissues (243). SCNN1A encodes a homologous protein, the -subunit of the 

epithelial sodium channel, which displays sequence similarity to SCNN1B and is part of the same 

protein complex, suggesting they may exhibit similar functions (244). Studies have also reported 

the hypermethylation of the SCNN1A promoter, and subsequent silencing of expression, in 

neuroblastoma and breast cancer with poor prognoses (245,246). To our knowledge, the role of 

SCNN1A in the regulation of the UPR has not yet been investigated. However, our results indicate 

that SCNN1A was upregulated in metformin-treated samples relative to diet-controlled patient 

samples and non-diabetic samples from patients that were deceased at five years, and corresponded 

to expression levels seen in non-diabetic samples from patients that were alive five years following 

their CRC diagnosis. Moreover, the expression pattern of SCNN1A seen in these four groups of 

interest was opposite that of TMEM132A, suggesting that these genes may be interacting to 

downregulate the UPR in metformin-treated samples, leading to prolonged ER stress, and the 

initiation of apoptosis to protect against CRC. Given the reported functions of SCNN1B in the 

literature, in conjunction with our findings of SCNN1A’s expression pattern, further investigation 
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of this gene’s role in the regulation of the UPR, as well as its potential interaction with metformin, 

is warranted.         

  

4.2.4 Upregulation of the Unfolded Protein Response in Cancer Pathology & Type 2 Diabetes  

The saturation of the ER’s protein folding capacity, and consequently ER stress, is a 

common event in cancer pathology. Malignant cells are predisposed to heightened rates of protein 

misfolding due to the upregulation of protein translation to sustain uncontrolled cellular 

proliferation, the relative nutrient deprivation secondary to hypoxic tumour microenvironments 

coupled with increased metabolic demands, high mutational burdens, and the deregulation of 

normal cellular processes, thereby triggering chronic ER stress (247). Consequently, to facilitate 

cancer development and progression, malignant cells constitutively activate the UPR in an attempt 

to restore normal ER functioning to evade apoptosis (248).  

The activation of UPR signalling also has an integral role in the pathology of T2D, whereby 

elevated levels of circulating glucose and insulin trigger ER stress, leading to the upregulation of 

UPR signalling and GRP78 expression (249,250). Constitutive activation of the UPR is also 

reported to potentiate insulin resistance, a key feature of T2D, via the suppression of GLUT4 

expression and subsequent inhibition of insulin-induced glucose uptake into cells (251). Other 

studies report that ER stress and UPR activation impairs the delivery of insulin receptors to the 

plasma membrane, highlighting another mechanism where abnormal ER function is implicated in 

insulin resistance (252). Increased transcription of UPR target genes has also been reported in 

T2D, substantiating the evidence for UPR activity in the pathogenesis of T2D. Namely, FN1, a 

known oncogene and downstream target of the ER stress sensor IRE1, was reported to be 

upregulated with more than a 40-fold change in expression in the endothelial cells of T2D and 
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prediabetic patients, relative to controls (253). Thus, the amplification of the UPR and subsequent 

GRP78 and FN1 expression constitutes a common molecular event that not only links these two 

distinct pathologies but also highlights a potential oncogenic pathway that may be synergistically 

activated in CRC patients with comorbid T2D, contributing to poor clinical outcomes.   

 

4.2.5 Upregulation of the UPR Drives Aggressive Malignancies & Poor Patient Outcomes 

Pathological upregulation of the UPR survival response is thought to be a key oncogenic 

adaptation, contributing to transcriptomic remodelling in many cancers including CRC, which 

facilitates the development of aggressive tumours to drive poor patient outcomes (254–260). 

Furthermore, upregulation of GRP78, the master regulator of the UPR, has been well-documented 

in the literature in several malignancies, suggesting that this may be a critical mediator of cancer 

pathogenesis (261–266). In addition to its role in sustaining cell survival via the UPR, GRP78 has 

been implicated in several other malignant processes, including angiogenesis, tumour metastasis, 

therapeutic resistance, increased cell stemness, as well as the induction of proinflammatory 

cytokine signalling (267–271). More recently, evidence has been accumulating to suggest that the 

loss of protein homeostasis in malignant pathology may also induce the expression and 

translocation of GRP78 to subcellular locations outside of the ER, where it can interact with 

signalling molecules to escalate several oncogenic signalling pathways (272). 

Aberrant expression of GRP78 on the surface of malignant cells, coupled with a secreted 

isoform of GRP78 into the tumour microenvironment, is thought to be an additional mechanism 

that malignant cells exploit to promote oncogenic signalling. In vitro studies have reported this 

phenomenon in multiple CRC cell lines, indicating that GRP78 was not only pathologically 

expressed on the surface of cells, but was also secreted as a soluble isoform (273). These 
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researchers reported that the soluble isoform of GRP78 acted in an autocrine manner, binding to 

cell surface GRP78 to mediate pro-survival and proliferative signalling (273). A key pathway that 

was found to be upregulated subsequent to the cell surface GRP78-GRP78 interaction was 

PI3K/AKT signalling (273). The PI3K/AKT pathway is well-documented in the literature as an 

important oncogenic signalling process, especially in CRC, with an estimated 60 to 70 percent of 

all cases displaying its aberrant activity (274,275). Moreover, another study reported that there 

was an increased localization of GRP78 at the cell surface in diabetic mice, which also triggered 

the activation of PI3K/AKT signalling (276). The results of these studies suggest that this 

mechanism of PI3K/AKT oncogenic signalling may occur synergistically in CRC patients with 

comorbid T2D. Furthermore, the activation of the PI3K/AKT pathway was also reported to 

enhance oncogenic WNT/β-catenin signalling, another pathway whose abnormal activity is highly 

prevalent in CRC (277). This is thought to occur through the phosphorylation and inactivation of 

GSK-3β by AKT, which promotes the stabilization and translocation of β-catenin to the nucleus 

to initiate transcription of its target genes, consequently facilitating the development of an invasive 

and metastatic phenotype (273,278). Moreover, a recent study revealed that TMEM132A may play 

a critical role in oncogenic WNT signalling, through the stabilization of the WNT protein to 

enhance its signalling capacity, as significantly lower levels of the WNT protein were found in 

TMEM132A knockout cell lines compared to wildtype cells (279). The investigators reported that 

the loss of TMEM132A resulted in the destabilization of β-catenin, and the downregulation of 

target genes in this pathway. Thus, TMEM132A may act to promote oncogenic signalling pathways 

in the UPR through its interactions with GRP78, as well as by enhancing the WNT pathway.      

 FN1, an oncogene that is transcriptionally upregulated in response to UPR activation, is 

also reported to contribute to disease progression and poor patient outcomes. The protein encoded 
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by this gene, fibronectin, is a glycoprotein expressed as a dimer or multimer on the surface of cells, 

and is implicated in cellular adhesion and migration during embryogenesis, the coagulation of 

blood, wound healing, immune responses, as well as cellular proliferation and tumour metastasis 

in cancer pathology (280). Elevated expression of this gene has been reported in colorectal tumour 

tissue relative to levels in normal colonic tissue (281). Moreover, the researchers in this study 

reported that expression of FN1 correlated with several important clinicopathological features, 

including age, lymphovascular invasion, as well as overall survival (281). Further analysis 

revealed that over-expression of this gene inhibited apoptosis, and enhanced cellular invasive and 

metastatic potential, driving poor patient outcomes (281). Another study evaluated the role of FN1 

in metastatic melanoma and reported that FN1 was upregulated in metastatic cells displaying a 

mesenchymal phenotype when compared to primary tumour cells (282). Moreover, suppression of 

FN1, mediated by siRNA, resulted in the loss of cellular invasive and migratory capacity and 

coincided with the induction of apoptosis (282). Following that, a KEGG analysis of the protein-

protein interaction network indicated that FN1 was closely linked to PI3K/AKT signalling, 

suggesting that it may promote cell survival, proliferation, and metastasis via the upregulation of 

this oncogenic pathway (282). Another recent study in human glioma cells reported similar results, 

whereby FN1 prevented apoptosis and promoted disease progression and invasion through the 

amplification of PI3K/AKT signalling (283). The results of these studies provide convincing 

evidence for the pathologic role of FN1 in cancer progression, potentially through the enhancement 

of PI3K/AKT signalling, which may be exacerbated due to UPR hyperactivity.                     

Taken together, the upregulation of the UPR is thought to be a central feature of CRC 

pathology, driving disease progression and poor clinical outcomes through multiple molecular 

mechanisms. Namely, the upregulation of the UPR drives increases in the expression of GRP78, 
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which is thought to promote cellular proliferation and invasive capacity by activating the 

PI3K/AKT and WNT/β-catenin signalling pathways. Moreover, GRP78 plays a critical role in the 

restoration of ER homeostasis, thereby preventing apoptosis. UPR activation also enhances FN1 

transcription, further driving disease progression and cancer invasion by inhibiting apoptosis and 

promoting EMT. The results from our analysis indicated that TMEM132A and FN1 were 

downregulated in metformin-treated patient samples, suggesting that transcription of TMEM132A 

may be suppressed in response to metformin treatment to downregulate the UPR and its oncogenic 

activity, thereby conferring antineoplastic effects in CRC.         

 

4.2.6 Metformin May Downregulate sFas to Synergistically Enhance Apoptosis  

Our differential gene expression analysis revealed that sFas may also be an important 

biomarker of metformin action. sFas is the mRNA that encodes the soluble isoform of the cell 

surface death receptor, which plays a key role in the initiation of apoptosis (284). Production of 

this protein occurs via the alternative splicing of Fas pre-mRNA, to remove exon 6 which encodes 

the transmembrane domain of the protein, resulting in the soluble isoform (285). This protein is 

reported to inhibit programmed cell death by binding and sequestering the Fas-ligand, thereby 

suppressing Fas-mediated apoptosis (286). The loss of Fas function and/or expression has been 

associated with sustained tumour growth in cancer pathology, as well as resistance to 

immunotherapies that target the Fas receptor to promote apoptosis in malignant cell populations 

(287). Thus, enhanced expression of the soluble isoform, sFas, is associated with an antiapoptotic, 

tumourigenic, and therapy-resistant effect (286). A recent study reported that metformin may 

regulate the alternative splicing of Fas pre-mRNA, shifting its production from the soluble 

antiapoptotic form to the membrane-bound proapoptotic form (288). The results of our statistical 
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analyses fit with the current literature, showing that expression levels of sFas were significantly 

lower in metformin-treated patient samples relative to diet-controlled patient samples, and were 

similar to expression levels seen in non-diabetic samples. Given, the antiapoptotic function of sFas 

documented in the literature, coupled with its gene expression profile in this data set, our results 

suggest that downregulation of sFas production to enhance apoptosis may be an additional 

mechanism of metformin’s CRC-protective action. 

SPG20 was another gene that displayed a similar expression profile to that of sFas and 

FN1, whereby suppression of SPG20 transcription was seen in metformin-treated samples relative 

to diet-controlled samples, and expression levels in metformin-treated samples showed the same 

overall trend that was seen in the non-diabetic samples. This gene encodes a protein that has roles 

in endosomal trafficking and microtubule dynamics, as well as the degradation and intracellular 

transport of the epidermal growth factor receptor (289). Given its function in the degradation of 

the epidermal growth factor receptor, downregulation of this gene is linked to tumourigenesis in 

several malignancies, including CRC (290). Furthermore, this is reported to occur through the 

hypermethylation of the SPG20 promoter, leading to its decreased transcription (290). This 

molecular signature has been reported to be present in 89 percent of colorectal malignant tissue, 

in contrast to only one percent of normal mucosa samples (291). This expression profile suggests 

a cancer-promoting effect in the metformin-treated samples, as well as the non-diabetic samples, 

compared to the diet-controlled group, which contradicts the current literature that indicates a 

cancer-protective effect in metformin-treated patients, as well as non-diabetic patients. 

Nonetheless, the statistical analysis revealed that the differential expression profile for SPG20 was 

the least significant among the genes in this category. Thus, further investigation is needed to 
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determine whether the relationship in our data reflects true biological differences, and if so, what 

this means with respect to metformin-treatment; or whether this finding is an artifact.        

 

4.2.7 sFas in Malignant Pathology & Type 2 Diabetes 

It is hypothesized that the conversion of the membrane-bound isoform Fas, to the soluble 

protein sFas, may represent an early event in tumourigenesis, whereby premalignant cells gain the 

capacity to evade apoptosis. One study investigating the clinical utility of soluble Fas as a 

diagnostic tool in gastric and intestinal adenocarcinoma reported that newly diagnosed cancer 

patients displayed significantly higher serum levels of sFas than controls; elevated levels of this 

circulating biomarker was also present in patients with pre-neoplastic lesions, suggesting this may 

be an early alteration that promotes tumour development and progression (292). The cellular 

microenvironment is proposed to play a role in the regulation of the alternative splicing of Fas 

mRNA precursors. In particular, studies report that exposure to hypoxia alters alternative splicing 

to upregulate the production of sFas (285). Malignant pathologies are characterized by 

uncontrolled cellular growth and proliferation, consequently, virtually all solid tumours experience 

inadequate blood supplies, creating a hypoxic microenvironment that may favour the production 

of the soluble Fas isoform (285,293,294). Furthermore, hyperglycemia in T2D is also associated 

with insufficient tissue oxygen levels, suggesting that the co-occurrence of malignant disease and 

T2D may exacerbate hypoxic cellular microenvironments, driving the production of sFas to 

promote cancer onset and progression through the evasion of apoptosis (295). 

Moreover, the regulation of Fas-mediated programmed cell death has been linked to 

PI3K/AKT signalling, a key oncogenic pathway involved in CRC onset and disease progression, 

that has also been associated with aberrant GRP78 expression on the plasma membrane and FN1 
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overexpression. Specifically, the inhibition of PI3K/AKT signalling is reported to enhance cellular 

sensitivity to Fas-mediated apoptosis, while activation of the PI3K/AKT pathway is reported to 

suppress Fas-mediated apoptosis (296,297). Thus, downregulation of TMEM132A/GRP78 and 

FN1 in metformin-treated CRC patients may suppress PI3K/AKT signalling, leading to a 

synergistic cellular apoptotic effect by enhancing Fas-dependent programmed cell death. 

Taken together, upregulation of the soluble isoform of Fas may be a common molecular 

event in the pathology of cancer and T2D, thereby promoting tumourigenesis,  disease progression, 

and poor clinical outcomes in diabetic CRC patients. This is thought to occur primarily through 

the evasion of programmed cell death, due to the binding and neutralization of the Fas-ligand. 

However, suppression of apoptosis may be further enhanced by the upregulation of PI3K/AKT 

oncogenic signalling, which is a common occurrence in colorectal malignancies. The results from 

our analysis revealed that expression of sFas was significantly lower in metformin-treated patient 

samples compared to those that were diet-controlled, suggesting that metformin treatment may 

lead to the downregulation of the antiapoptotic isoform of this protein, thereby contributing to its 

antineoplastic effects in CRC.                    

 

4.3 Suppression of the UPR & sFas: Implications for CRC Immunotherapy 

Cancer immunotherapy is a form of treatment that exploits the body’s immune system, to 

target malignant cells for destruction as a means of treating cancer (298). This line of treatment 

has been approved to treat many different types of cancer, including advanced-stage CRC (299). 

Nonetheless, while immunotherapies have shown great promise in treating several human 

malignancies, the efficacy of these treatments is highly variable, and only a small subset of patients 

respond well (300). Moreover, a patient’s response to immunotherapy is highly dependent on their 
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mutational profile and tumour mutational burden (301). Thus, devising ways to improve these 

therapies to help a larger proportion of patients is needed.  

It has been reported that UPR oncogenic signalling may have extensive 

immunomodulatory effects in the tumour microenvironment, thereby enabling cancer cell immune 

escape to promote disease progression (302,303). Conversely, prolonged ER stress, which may 

occur due to a lack of and/or ineffective UPR signalling, is reported to enhance immunotherapy 

by facilitating the production and exposure of tumour antigens on the surface of cells, thereby 

flagging them for immunogenic cell death (304,305). Given our results, whereby UPR adaptive 

genes were downregulated in metformin-treated samples, it is possible that this may lead to chronic 

ER stress and the presentation of tumour antigens on the cell surface, thus enhancing 

immunotherapies. Furthermore, the cell surface death receptor, Fas, has also been implicated in 

the response to cancer immunotherapies. A recent study reported that suppression of Fas 

expression was associated with resistance to immune checkpoint inhibitor immunotherapy, a 

treatment that blocks immune checkpoints to prevent dampening of the immune response, in CRC 

(306). Given our findings that sFas, the protein isoform that reduces Fas proapoptotic action, 

displayed lower expression levels in metformin-treated samples, there is reason to believe that this 

regulatory effect downstream of metformin-treatment may contribute to enhanced patient 

responses to immunotherapy. Taken together, downregulation of the UPR and sFas production 

following metformin-treatment may synergistically augment the efficacy of cancer 

immunotherapy, however, further investigation of these hypotheses is needed.          
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4.4 Implications of Metformin in the CRC Consensus Molecular Subtypes 

The CMSs are considered to be the most robust method of classifying CRC to date (151). 

Moreover, patient responses to CRC therapies vary considerably and these subtypes may facilitate 

the stratification of patients for personalized therapies due to their intrinsic biological differences. 

Given the distinguishing features of the CRC CMSs, further investigation to determine whether 

the protective effects of metformin may be enhanced for a specific molecular subtype is needed to 

determine how this antidiabetic drug may be exploited to improve clinical outcomes. For example, 

downregulation of the production of sFas in favour of the pro-apoptotic isoform following 

metformin treatment may lead to enhanced immunogenic malignant cell death in the microsatellite 

instability immune subtype; inhibition of the UPR may also facilitate heightened expression of 

abnormal antigens on the cell surface, flagging cells for destruction. Conversely, the extent of 

metformin’s antineoplastic effects may be marginal at best for CMS1 tumours due to their inherent 

immunogenic nature, while the benefit may be more prominent in the other subtypes which do not 

display these signatures. Thus, investigation of metformin’s CMS-specific antineoplastic action is 

needed to better understand how this antidiabetic drug may be exploited in CRC patients.  

 

4.5 Three Additional Gene Expression Profiles Identified  

In our search for differential gene expression patterns that may help pinpoint important 

biomarkers of metformin action, we identified three additional classes of genes. Namely, genes 

differentiating between metformin-treated samples and diet-controlled samples, genes 

differentiating based on five-year survival status in non-diabetic samples, as well as genes 

differentiating between samples based on their diabetic status. While these molecular profiles did 
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not appear to be directly related to metformin’s antineoplastic action, they are worth noting for 

further investigation and are described below.  

 

4.5.1 The Role of Genes Differentiating Between Metformin-Treated & Diet-Controlled 

Samples in Cancer Pathology Remain Unclear 

Two genes, SORL1 and HNF4A, were found to differ significantly in their expression levels 

in metformin-treated samples compared to diet-controlled samples, suggesting they may be 

implicated in metformin action. However, there were no significant differences in expression 

levels of these genes in the five-year survival categories, indicating that they were less likely to be 

related to the cancer-protective aspect of metformin treatment. SORL1 encodes an intracellular 

sorting protein comprised of an extracellular domain, a transmembrane domain, and a short 

cytoplasmic domain (307,308). This multifunctional protein has been implicated in the regulation 

of lipid metabolism in the development of obesity, whereby overexpression of SORL1 suppresses 

insulin-induced lipolysis, resulting in excess adiposity (309–312). Nonetheless, the role of SORL1 

in cancer pathology remains unclear. Some studies report that SORL1 displays oncogenic functions 

in breast cancer by enhancing cell survival and proliferation; conversely, other studies report that 

SORL1 initiates pro-apoptotic signalling in nerve cells when it functions as a co-receptor and binds 

precursor nerve growth factors (307,313). HNF4A also differentiated between metformin-treated 

and diet-controlled samples. This gene encodes the hepatocyte nuclear factor 4 alpha, a 

transcription factor involved in the development of several organs including the intestines (314). 

The role of this gene in cancer pathology is also controversial. Some studies report that HNF4A 

acts as an oncogene by regulating transcription to promote cellular proliferation and survival (315). 

Nonetheless, other researchers report that loss of HNF4A expression may reduce the sensitivity of 
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liver cancer to targeted therapy while enhancing cellular invasive and migratory capacity by 

upregulating EMT (316). Thus, further investigation of the involvement of these genes in CRC 

pathogenesis, as well as their potential interaction with metformin, is needed.  

 

4.5.2 Decreased Expression of FOXC2, OCT4 & AKT1 in Patient Samples with Better 

Survival Contradicts the Functional Role of these Genes Reported in the Current Literature 

The expression levels of FOXC2, OCT4, and AKT1 were found to be lower in non-diabetic 

samples with poorer survival times, suggesting that these genes may be biomarkers for clinical 

outcomes. However, expression levels did not differ significantly between metformin-treated 

samples and diet-controlled samples, indicating that the effect may be independent of metformin 

action. An extensive review of the current literature revealed that these genes all display oncogenic 

functions. Namely, FOXC2 encodes a transcription factor that promotes EMT, thereby increasing 

cellular invasion and metastasis in several malignancies, including CRC (317–320). OCT4, a gene 

encoding a transcription factor with roles in the maintenance of stem cell pluripotency and 

embryonic development, is also reported to contribute to the development of metastatic disease in 

CRC and poor patient outcomes (321–323). Upregulation of AKT1 has also been associated with 

malignant disease progression in multiple cancers, including CRC, where knockout of AKT1 was 

reported to suppress metastatic potential (324–326). Given that lower expression levels were 

exhibited for these oncogenes in the non-diabetic patient samples with greater survival, 

contradicting what we would expect based on the current literature, further investigation to 

determine the reasons for these discrepancies is needed. Our work involved investigating 

molecular profiles at the transcriptomic level. Consequently, an analysis of the proteome may help 

explain these unexpected findings. For example, one study investigating the role of the 
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p53/miRNA-37b/AKT1 axis in CRC pathology reported that AKT1 mRNA levels were elevated 

following the treatment of cells with a cytotoxic agent to induce DNA damage (327). However, 

the AKT1 protein was strongly inhibited, facilitating cellular apoptosis and increased sensitivity to 

chemotherapy (327). Thus, despite the transcriptional upregulation of these oncogenes, inhibition 

may occur at the protein level, thereby contributing to improved survival.          

 

4.5.3 Invasive & Metastatic Genes Differentiate Between Diabetic & Non-Diabetic Samples       

The final expression profile that we identified encompassed genes differentiating between 

samples based on their diabetic status. TGFBR1, JAG1, and HGF, all showed increased expression 

in the metformin-treated and diet-controlled diabetic samples relative to the non-diabetic samples, 

with the greatest difference in expression levels being for TGFBR1. No significant differences 

were seen between metformin-treated samples and diet-controlled samples, nor were there 

differences between non-diabetic patient samples based on their five-year survival status. Thus, 

our results indicate that these genes do not appear to be biomarkers of metformin-action or clinical 

outcomes. Nonetheless, they may be implicated in the pathology of T2D, and thereby could 

contribute to poor survival.  TGFBR1 encodes a protein subunit of the TGF-β receptor complex, 

that initiates intracellular signalling when bound to TGF-β (328). This receptor plays an important 

role in cell signalling during embryogenesis, as well as the regulation of cell growth and death 

(328). The role of TGF-β signalling in cancer pathology remains controversial. Some studies report 

that loss of function of this signalling pathway coincides with early tumourigenesis; conversely, 

as cancer progresses, TGF-β signalling has been reported to switch functions and instead 

contributes to disease progression, as well as the promotion of invasion and metastasis (329–333). 

The implications of JAG1 in cancer pathology are less disputed. This gene encodes the ligand for 
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the notch 1 receptor and is reported to be overexpressed in multiple distinct malignant pathologies 

(334). Furthermore, upregulation of this gene has been correlated with poor clinical outcomes in 

cancer patients through increased cellular proliferation, therapy resistance, and invasive metastatic 

potential (335–338). Finally, HGF encodes a growth factor that regulates cellular proliferation, 

morphogenesis, and motility across various distinct tissue types (339). The oncogenic functions of 

this gene in several cancers, including CRC, are well documented in the literature, indicating that 

upregulation of HGF is associated with the development of metastatic disease and poor patient 

outcomes (340–343). Taken together, our results suggest that comorbid T2D may coincide with 

the promotion of invasive metastatic disease in CRC, via the upregulation of these genes. 

 

4.6 The Classification Algorithms Displayed Some Predictive Power 

To investigate the capacity to predict diabetic treatment, as well as five-year survival status, 

we generated two distinct classification algorithms using a supervised learning approach. Our 

model was able to predict whether a sample was from a metformin-treated or diet-controlled 

diabetic CRC patient, with an accuracy of 75.5 percent on the training data; this was not 

generalizable to our test data. Several reasons may explain these results. First, our study was 

limited due to our relatively small sample size. Consequently, the survival advantage in metformin-

treated patients that we were investigating was not significant in our data set. Thus, at the molecular 

level, the differences in metformin-treated and diet-controlled patient samples within our data set 

may have been subtle, making it difficult to generate a highly accurate model. Furthermore, access 

to a larger sample size would facilitate a stage-specific investigation, as previous work has reported 

that the greatest difference in survival between metformin-users and non-metformin-users 

occurred in patients with stage III disease (344). Moreover, we did not account for metformin 
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dosage or duration of treatment. Hence, some samples included in the metformin-treated group 

may not have been exposed to the antidiabetic drug for a long enough period, and/or at a high 

enough dosage to experience the protective effect, which may have biased our results. 

Additionally, we did not investigate the contribution of insulin treatment to the differential survival 

relationship documented in the literature. There is evidence to suggest insulin may have a cancer-

promoting effect, and thus, the cancer-protective effect of metformin may be relatively small. 

Finally, given that our work utilized a targeted gene panel, it is possible that key discriminatory 

genes may not have been included in our analysis, leading to the suboptimal performance of the 

algorithm. In contrast, our model to predict five-year survival status achieved a performance of 

80.6 percent on the training data and dropped only marginally, to 68.8 percent on the test data, 

thus revealing that this model exhibited greater predictive power. Nonetheless, this was also 

limited by a relatively small sample size, and an unequal distribution of the two classes within our 

data set. Consequently, our model tended to predict the more common class in our data set when 

applied to the test data, which may have deceptively inflated the performance accuracy. Therefore, 

confirmation of the model’s performance on a larger sample size is needed.   

 

4.7 Robust Performance of the NanoString nCounter® Assay on Degraded RNA Samples 

In general, the NanoString nCounter® assay performed well on our samples, despite 

exhibiting highly degraded RNA. We processed a total of 105 unique samples, of which only seven 

did not pass QC. In an attempt to augment the number of diabetic samples for our analysis, three 

diabetic samples that failed QC in early NanoString runs were re-processed using the stock 

concentration to maximize RNA input, in place of three randomly selected non-diabetic samples 

in later NanoString runs. These samples did not pass QC when they were re-run, indicating that 
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QC failure likely resulted due to poor sample quality rather than experimental errors or low RNA 

concentration, and therefore, these samples should not be re-evaluated unless there is reason to 

believe that failure resulted due to a technical error in the assay.   

 

4.8 Limitations of the Investigation  

There were several limitations in our investigation. First, the CRC-protective effects of 

metformin, which are documented in the literature, are reported in analyses with substantially 

larger sample sizes than what was used in this study. Consequently, the survival advantage in 

metformin-treated patients was not found to be statistically significant in our study population. 

Therefore, conducting a similar investigation with a larger sample size may yield more compelling 

results, while reducing the probability of missing significant genes that may not have been detected 

due to an inadequate sample size. Furthermore, the use of a custom gene panel imparts the inherent 

possibility of missing key genes that may not have been included in the codeset. However, the 

careful selection of genes for inclusion in the analysis likely minimized this number considerably. 

Next, this analysis did not account for the dosage or the duration of metformin treatment; given 

that higher dosages and longer durations of treatment are reported to contribute to a greater CRC-

protective effect, these variables would be important to account for in future work (61). Moreover, 

we were not able to account for BMI and glycosylated hemoglobin levels in the diabetic 

population, which are important indicators of diabetic severity that could bias clinical outcomes, 

and thus should be considered. In addition, our sample population contained an extremely low 

level of insulin-treated patients. Given that insulin is reported to have a cancer-promoting effect, 

studying how this contributes to the differential survival seen between metformin-users and non-

metformin-users, would also be a critical piece of information to determine the extent of 
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metformin’s antineoplastic effects. Finally, our investigation was conducted at the level of 

transcription. Given that molecular biology is highly complex, with cellular regulatory pathways 

occurring not only in the transcriptome, but also downstream at the protein level, further 

investigation is required to determine how remodelling of the transcriptome leads to biological 

changes at the protein level, and how this ultimately contributes to CRC pathology.  

 

4.9 Conclusions & Future Directions 

CRC is a frequently diagnosed malignancy and a major cause of death globally. In 2020, 

1.93 million new cases were reported and in the same year, 935 thousand people died from this 

illness (345). Despite the implementation of screening programs, 50 percent of cases are diagnosed 

once their disease has progressed to stage III or IV when current treatment options are undeniably 

inadequate. T2D, a highly prevalent metabolic disorder whose incidence is growing worldwide, is 

a major risk factor for the development and progression of CRC (53,346). Nonetheless, the 

growing prevalence of CRC patients with comorbid T2D led to an important discovery; namely, 

metformin-treated diabetic CRC patients tend to have better clinical outcomes than those who are 

not treated with metformin (59,60). Thus, to investigate the molecular underpinnings of this 

relationship, we performed a targeted transcriptomic analysis of primary colorectal tumour 

samples from metformin-treated, diet-controlled, and non-diabetic patients, to identify genes that 

may be implicated in metformin’s antineoplastic mechanism of action. 

Here we identified 43 genes discriminating between metformin-treated and diet-controlled 

diabetic CRC patient samples, as well as 61 genes discriminating between non-diabetic patient 

samples based on their five-year survival status. Further investigation of genes common to these 

separate analyses revealed three biologically related genes with expression profiles suggesting they 
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may be biomarkers of metformin’s antineoplastic effects in CRC. Namely, our results indicate that 

the UPR may be downregulated in response to metformin treatment by suppressing TMEM132A 

and FN1, while upregulating SCNN1A, to promote pro-apoptotic signalling in malignant cells. 

Furthermore, we also identified sFas as a potential biomarker of metformin action, suggesting that 

this antidiabetic drug may synergistically enhance programmed cell death by downregulating the 

soluble form of the Fas receptor. We also noted three other categories of unique expression 

profiles; genes differentiating between metformin-treated and diet-controlled patient samples, non-

diabetic patient samples based on clinical outcomes, as well as patient samples based on diabetic 

status. While these categories did not appear to be directly related to metformin’s cancer-protective 

effects, they may provide insight into metformin’s mechanism of action, molecular markers related 

to patient outcomes, as well as features of CRC with comorbid T2D, respectively. 

The work described here was conducted as a discovery-based analysis, thus, further 

validation of our findings is necessary. Future work should ideally be performed with larger sample 

sizes and should account for metformin dosage, duration of treatment, as well as diabetic severity. 

Nonetheless, our results highlight two potential mechanisms of metformin’s protective action in 

CRC, warranting further investigation. Performing cell-based assays to confirm that metformin 

downregulates the UPR and sFas production to promote apoptosis in malignant cells would be a 

critical next step. Furthermore, investigating these postulated mechanisms at the protein level, to 

elucidate metformin’s specific targets, would be important in determining whether these molecular 

pathways may be targetable for the design of novel CRC therapies, to ultimately improve patient 

outcomes.            
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Supplementary Table 1. Genes Included in the Custom NanoString nCounter Codeset, 

Their Biological Function & Reason for Inclusion  
 

Gene 
 

Category 
 

Biological Function 
 

Reason for Inclusion  

OCT4 Cell 

Stemness 

Transcription factor 

necessary for 

maintaining 

pluripotency and self-

renewal in embryonic 

stem cell and germ cell 

populations (347). 

Heightened expression of 

OCT4 has been associated with 

CRC pathogenesis and 

aggressive clinical features, 

including higher grade 

tumours, and poor patient 

outcomes (348). This gene is 

reported to interact with the 

miRNA let-7 inhibition of 

embryonic cell reprogramming 

(349).  

 
ACTA2 Invasion & 

Metastasis 

 

Encodes smooth muscle 

cell actin alpha 2, a 

protein involved in cell 

structure, motility and 

signalling (350). 

Amplification of this gene has 

been linked to early metastasis 

in lung cancer & has been 

identified as a hub gene in 

CRC bioinformatics analysis 

(351). Overexpression is linked 

to poor disease-free survival in 

CRC patients (352,353). This 

gene is reported to be involved 

in NOTCH signalling 

pathways, which is a regulator 

of tissue homeostasis (350).  

 
AFP Cancer  

Onset & 

Progression 

 

Encodes the major 

plasma protein during 

fetal life and is 

produced by the yolk 

sac and liver (354). 

Some cases of CRC have been 

linked to elevated AFP 

production and amongst CRC 

patients, those with AFP 

producing tumours tended to 

have more aggressive tumours 

(355,356). Reported to be 

involved in SMAD protein 

signal transduction, which is 

important for the regulation of 

cell development and growth 

(354).  
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AHNAK Epithelial-

Mesenchymal 

Transition 

Encodes a 

nucleoprotein with 

many different 

functions including cell 

structure, migration, 

blood-brain barrier 

formation, and 

regulation of calcium 

channels in cardiac 

tissue (357). 

 

Reported to play a role in 

tumour metastasis by inducing 

epithelial-to-mesenchymal 

transition via TGF signalling 

(358,359). 

AKT1 

AKT2 

AKT3 

 

Cancer 

Onset & 

Progression  

 

A family of genes 

encoding 

serine/threonine kinases 

which have a regulatory 

role in cellular 

proliferation, 

differentiation and 

survival. They have 

also been shown to play 

an important role in 

insulin signalling (360–

362). 

 

Aberrant activity of this protein 

is linked to tumourigenesis and 

several different malignancies 

including CRC. These genes 

function as oncogenes in many 

human cancers and have been 

linked to tumour metastasis 

(363,364). Signalling of 

PI3K/AKT is reported to be 

enhanced by insulin (64). 

These genes may also play a 

role in AMPK signalling 

pathways (361). 

 
ANXA3 Cell 

Stemness/ 

Cancer  

Onset & 

Progression/ 

Invasion & 

Metastasis 

 

Encodes a protein in the 

annexin family with 

regulatory roles in 

signal transduction and 

cell growth. Also plays 

a role in coagulation 

pathways (365). 

Elevated expression has been 

documented in CRC pathology. 

This gene functions as an 

oncogene (366–368). 

Downregulation of this gene 

has been reported to inhibit 

proliferation, invasion and 

migration of CRC cells (366). 

 
APC 

 

Invasion & 

Metastasis 

 

Encodes critical tumour 

suppressor protein that 

regulates cell division, 

cell-cell adhesion, and 

cellular migration 

(369). 

This tumour suppressor has 

been widely documented as a 

highly mutated gene in CRC 

where the protein is truncated 

leading to a loss of tumour 

suppressor function and cancer 

progression (370). This gene’s 

role in regulating WNT 

signalling is well documented. 
 



 

172 

 

AURKA 

 

Cancer  

Onset & 

Progression 

 

A kinase that helps 

regulate the cell cycle. 

Is present at the 

centrosome during 

chromosome 

segregation (371). 

AUKRA overexpression has 

been documented in CRC and 

has been shown to upregulate 

WNT and Ras-MAPK 

signalling to further exacerbate 

CRC pathogenesis (372). It has 

also been implicated in P53 

signalling (371). 

 
BIRC3 Cancer 

Onset & 

Progression/ 

Immune  

Markers & 

Inflammation 

 

Encodes a protein with 

several functions 

including the regulation 

of apoptosis and 

mitogenic processes 

(373,374). 

Upregulation of this gene is 

linked to resistance to 

chemotherapy in CRC patients 

(375). The gene has been 

implicated in NFB immune 

signalling, as well as anti-

apoptosis signalling (374).  

 
BMP7 Cell 

Stemness 

The protein plays a key 

role in the cellular 

differentiation of 

mesenchymal cells to 

distinct tissues in the 

bone and cartilage 

(376). 

Loss of function of this gene 

can lead to the development of 

cancer stem cell populations 

and therapy resistance. Some 

studies report that enhancing 

the function of BMP7 

promotes the differentiation of 

these cells, facilitating more 

effective treatment (377). 

 
BRAF Cancer  

Onset & 

Progression  

 

Key protein involved in 

signal transduction in 

the RAS/MAPK 

pathway with several 

downstream effects 

including cell 

proliferation and 

survival (378). 

 

Mutations in BRAF can lead to 

constitutive activation of 

oncogenic signalling pathways 

that promote uncontrolled cell 

growth and proliferation, 

reduced treatment efficacy and 

poor patient outcomes (379). 

CA 125 

 

Immune 

Markers & 

Inflammation 

 

Encodes mucin 16, a 

membrane associated 

protein that has been 

used as a biomarker for 

several cancers. Plays a 

key role in generating 

the mucous barrier on 

the apical surface of 

epithelial tissues (380). 

Elevated serum levels of this 

protein can be used in cancer 

diagnosis and prognosis and 

may provide some information 

regarding the management of 

CRC patients (381). Studies 

report this protein may be 

involved in the inhibition of 

antitumour immune responses, 
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while promoting tumourigenic 

inflammation (382). 

 
CAMK2N1 

 

Immune 

Markers & 

Inflammation/ 

Invasion & 

Metastasis 

 

Inhibits CAMKII, a 

protein kinase which 

has nearly 40 

downstream targets 

(383). 

Downregulation of this protein 

is linked to therapy resistance, 

aggressive disease and poor 

survival in several 

malignancies (384). Loss of 

inhibition of CAMKII enables 

WNT/CAMKII signalling to 

recruit tumour associated 

macrophages, inflammation, 

and cancer invasion (385). 

 
CCND1 Cancer 

Onset & 

Progression 

A protein that helps 

regulate cyclin 

D1/cyclin D4 

complexes which are 

crucial in cell cycle 

regulation (386). 

CCND1 is often overexpressed 

in many human cancers 

including CRC. 

Overexpression has been 

reported to lead to nuclear 

retention of the protein and 

constitutive activation of 

CDK1/4 complexes (387). 

 
CD82 

 

Invasion & 

Metastasis 

 

 

Membrane glycoprotein 

that has important roles 

in cell adhesion (388). 

Downregulation of this protein 

has been reported to correlate 

with more advanced stage 

disease and poor patient 

outcomes in several cancers 

including CRC (389). This 

protein is reported to be a 

suppressor of metastasis, and is 

reported to be involved in 

PI3K/HER2/Ras Pathway and 

downstream P63/CD82 

pathways (390,391). 

 
CD83 Immune 

Markers & 

Inflammation 

A cell surface protein 

marker for mature 

dendritic cells. Has 

been shown to localize 

in the thymus and play 

a role in T-cell 

development via 

antigen presentation 

(392). 

Downregulation of this protein 

has been reported in the CRC 

tumour microenvironment, 

thereby suppressing an immune 

response to abnormal antigens 

produced by a developing 

tumour (393). 
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CDH1 Invasion & 

Metastasis 

Encodes the protein E-

cadherin which has 

important roles in cell-

cell adhesion, 

proliferation, and 

motility in epithelial 

cells (394). 

Variants in this gene have been 

linked to familial CRC and has 

been shown to increase the risk 

for the development and 

progression of this disease, as 

well as enhanced proliferation, 

invasion and metastatic 

potential (395,396). 

 
CDH2 Epithelial-

Mesenchymal 

Transition 

Encodes the protein N-

cadherin which plays a 

role in cell-cell 

adhesion, neural 

development and 

cartilage and bone 

establishment. This 

protein is a 

mesenchymal marker 

(397). 

 

Upregulation of this protein 

has been reported during 

epithelial-to-mesenchymal 

transition in cancer 

pathogenesis of several 

malignancies; researchers also 

report that it is linked to poorer 

CRC patient prognosis (398). 

CDK8 Cancer 

Onset & 

Progression 

 

A cyclin-dependent 

kinase localized in the 

nucleus that functions 

to regulate transcription 

of key genes encoding 

cellular machinery for 

cell cycle progression 

(399). 

 

CDK8 is reported as an 

oncogene, whereby its 

upregulation is linked to 

overactivity of the WNT/-

catenin pathway that has been 

widely documented in CRC 

(400). 

CDKN2A 

 

Cancer  

Onset & 

Progression 

 

This gene encodes 

several proteins with 

tumour suppressor 

functions. P16 and P14 

are two that have been 

well studied. The 

protein products work 

to regulate cell cycle 

progression by 

stabilizing P53 and 

inhibiting CDK4 (401). 

Mutations in this gene that lead 

to loss of tumour suppressor 

function result in enhanced cell 

growth, proliferation, 

inhibition of cellular 

senescence and poor patient 

outcomes (402). This gene is 

reported to interact with the c-

MYC signalling pathway, a 

pathway that promotes rapid 

cell division and inhibits 

apoptosis (401). 
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CEA Cancer  

Onset & 

Progression/ 

Invasion & 

Metastasis 

Carcinoembryonic 

antigen (CEA) is cell 

surface glycoprotein 

that is highly expressed 

during fetal 

development. Elevated 

levels after birth is 

linked to 

carcinogenesis. Has 

roles in cell adhesion 

(403). 

 

This protein is used clinically 

to help diagnose, monitor and 

manage CRC patients. Higher 

levels of this protein are 

indicative of cancer 

pathogenesis, poor response to 

therapy and poor clinical 

outcomes (404). Increased 

expression may inhibit 

apoptosis and autophagy (405). 

CFC1 Cell 

Stemness 

 

Encodes a protein 

involved in the 

signalling to regulate 

embryonic development 

(406). 

CFC1 encodes an oncoprotein 

that enhances cellular 

proliferation and self-renewal 

capacity (407). Overexpression 

of this gene following 

embryonic development is 

linked to CRC pathology and 

stem cell characteristics 

(408,409). 

 
CLEC4D 

 

Immune 

Markers & 

Inflammation 

Encodes an endocytic 

receptor with roles in 

cell-cell adhesion, 

signalling and immune 

responses (410). 

This gene has been 

documented as a marker of 

myeloid derived suppressor 

cells which may result in 

cancer promotion by sustaining 

an immunosuppressive 

environment (411,412). 

 
CNRIP1 

 

Cancer 

Onset & 

Progression/ 

Invasion & 

Metastasis 

Encodes a protein that 

binds to the c-terminus 

of the cannabinoid 

receptor type 1 to 

inhibit its activity (413). 

Evaluation of the methylation 

status of this gene may provide 

diagnostic/prognostic 

information for CRC patients. 

Hypomethylation of the 

CNRIP1 promoter or enhanced 

expression of the gene is linked 

to inhibition of CRC 

proliferation and cell migratory 

capacity (414). 
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COL1A1 

 

Invasion & 

Metastasis 

Encodes the protein that 

is part of type 1 

collagen which is 

important for the 

structural integrity of 

many tissues in the 

body (415). 

 

Studies have reported 

overexpression of this protein 

in many different malignancies 

and may promote cell 

migration and overstimulation 

of the oncogenic WNT/-

catenin pathway (416). 

COL3A1 Immune 

Markers & 

Inflammation/ 

Invasion &  

Metastasis 

Encodes the protein 

denoted type III 

collagen which is 

important for the 

supporting many tissues 

in the body (417). 

Overexpression of this protein 

has been documented in 

several cancers including CRC 

and is linked to enhanced 

cellular proliferation, 

recruitment of tumour 

macrophages, and metastatic 

potential (418,419). 

 
CREBBP 

 

Cell 

Stemness 

Encodes a 

transcriptional regulator 

protein that is important 

for promoting cellular 

differentiation in many 

tissues. Plays a critical 

role in tissue 

homeostasis during 

embryonic 

development, and also 

regulates cellular 

growth by manipulating 

the transcriptome via 

chromatin remodeling 

(420). 

 

Mutations in this gene are 

reported in CRC and may serve 

as biomarkers for the diagnosis 

and prognosis of patients (421). 

In particular, loss of normal 

function of this gene is linked 

to increased stem cell 

characteristics (422). 

 

CTNNB1 

 

Cancer  

Onset & 

Progression/ 

Cell  

Stemness/ 

Invasion & 

Metastasis 

 

Encodes the protein 

beta-catenin. This 

protein is part of a 

protein complex that 

make up adherens 

junctions between cells. 

These junctions help 

regulate epithelial cell 

growth and contact 

(423). 
 

Mutations in this gene are well 

documented in CRC 

pathogenesis with 

overactivation of the WNT/-

catenin pathway leading to 

enhanced cell stemness, 

proliferation, cellular 

invasion/metastasis and poor 

patient outcomes (424). 
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CYFRA 21-1 

 

Cancer 

Onset & 

Progression 

Encodes a cytokeratin 

protein which is a 

structural protein found 

in epithelial cells (425).  

Degradation products of this 

protein are detected in the 

blood of many cancer patients, 

including CRC patients (426). 

Studies report that this tumour 

marker may be useful in 

diagnostics and treatment 

monitoring (427). This gene is 

reported to interact with the 

P38 mitogen kinase signalling 

pathway (425). 

 
EGF Cancer  

Onset & 

Progression 

 

Encodes epidermal 

growth factor, a known 

mitogen, which 

stimulates cellular 

proliferation in a variety 

of cell lines (428). 

Hyperactivity of this molecule 

is linked to the development 

and progression of CRC and 

other malignancies, via the 

activation of several oncogenic 

signalling pathways (113,429). 

This gene has been implicated 

in the RAS/MAPK and 

AKT/PI3K/mTOR pathways 

(428).  

 
EGFR Cancer 

Onset & 

Progression 

 

Encodes the receptor 

tyrosine kinase, 

epidermal growth factor 

receptor, which 

regulates the 

development of 

epithelial tissue and 

homeostasis (430). 

Overexpression of this receptor 

is linked to the development 

and progression of CRC as 

well as several other cancers 

(113,431). This gene has been 

implicated in the RAS/MAPK 

and AKT/PI3K/mTOR 

pathways (430). 

 
EPAS1 Immune 

Markers & 

Inflammation/ 

Epithelial- 

Mesenchymal  

Transition 

Encodes the protein 

hypoxia-inducible 

factor 2-alpha. This 

protein has functional 

roles in tissue 

adaptation to variable 

oxygen content by 

altering gene 

transcription. 

Expression is associated 

with an inflammatory 

response (432,433). 
 

Reduced expression of this 

gene has been reported in CRC 

compared to control tissue 

samples; furthermore, low 

expression of EPAS1 mRNA 

may be linked to poor clinical 

outcomes (434). This gene has 

been reported to interact with 

the AKT/PI3K/mTOR pathway 

(432). 
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ERBB2 Cancer  

Onset & 

Progression 

 

Encodes the receptor 

tyrosine kinase HER2 

which stimulates 

cellular proliferation 

when its ligand is 

bound (435). 

Mutations in this gene have 

been reported in several 

cancers including CRC. The 

mutational status of this gene is 

important for guiding treatment 

decisions as some therapies 

targeting this receptor have 

been developed (436,437). 

Activation of this gene has 

been reported to stimulate the 

AKT/PI3K pathway (438). 

 
ERBB3 Cancer 

Onset & 

Progression 

 

Encodes a receptor 

tyrosine kinase that 

forms heterodimers 

with other receptors 

when its ligand is 

bound to activate 

cellular proliferation 

and differentiation 

pathways (439). 

 

Activation of ERBB3 

signalling has been linked to 

CRC pathology and reduced 

efficacy of EGFR inhibitor 

treatments in CRC patients 

(440). 

EpCAM Invasion & 

Metastasis 

Encodes a 

transmembrane 

glycoprotein that 

functions as a cell-cell 

adhesion molecule, as 

well as a regulator of 

cell signalling, division, 

and differentiation 

(439). 

 

Downregulation or inactivation 

of EpCAM is linked to CRC 

invasive capacity and poor 

clinical outcomes (441–443). 

FBN1 Invasion & 

Metastasis 

Encodes a preprotein 

that is cleaved and 

processed to produce a 

glycoprotein that is 

transported from cells 

to the extracellular 

matrix, with roles in 

maintaining connective 

tissue structure. The 

other protein product, 

asprosin, has roles in 

maintaining glucose 

homeostasis (444).  

Enhanced FBN1 expression 

has been reported to coincide 

with the development of CRC 

(445). In addition, upregulation 

of this gene has also been 

reported with the development 

of tumour metastasis in several 

malignancies (446,447). This 

gene is reported to be involved 

in integrin signalling (444).   
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FGFBP1 

 

Cancer  

Onset & 

Progression/ 

Invasion & 

Metastasis 

Encodes a carrier 

protein for growth 

factors and is secreted 

by cells to stimulate 

proliferation, 

differentiation and 

migration (448). 

 

Enhanced expression of this 

gene is linked to aberrant 

cellular proliferation as well as 

invasion and metastasis in 

CRC (449). 

FGFR1 Cell 

Stemness 

Encodes a fibroblast 

growth factor receptor. 

The transmembrane 

protein binds fibroblasts 

and initiates 

intracellular signalling 

to stimulate cell 

division and 

differentiation (450). 

 

Amplification of this gene has 

been reported as a prognostic 

indicator of poor clinical 

outcomes for CRC patients 

(451). This gene has also be 

reported to play a role in EMT 

processes and cell stemness in 

other malignancies (452). 

FLJ20323 

 

Cancer 

Onset & 

Progression 

Encodes a protein that 

regulates meiosis in 

oocytes during 

development (453). 

Aberrant activity of this protein 

has been linked to CRC 

through its involvement with 

the PI3K/AKT/mTOR 

signalling pathway (454). 

 
FN1 Invasion & 

Metastasis 

Encodes a plasma 

protein as well as cell 

surface protein with 

roles in cell adhesion, 

cell migration, 

coagulation and wound 

healing (280). 

Hyperactivity of this gene has 

been linked to CRC pathology, 

the mediation of tumour 

metastasis and poor patient 

outcomes (455). Moreover, 

elevated levels of this protein 

are associated with disease 

recurrence, malignant cell 

invasion, and diabetic 

pathological changes (456–

458). This gene has been 

implicated in AKT/PI3K and 

P38/MMP2 signalling 

pathways (280).  
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FOXC2 Epithelial-

Mesenchymal 

Transition 

Encodes a transcription 

factor important in the 

regulation of 

organogenesis during 

fetal development 

(458). 

Enhanced expression and 

nuclear location of this protein 

have been reported in advanced 

stages of CRC and has been 

shown to promote tumour 

invasion and metastasis 

capacity (317,459). 

 
FOXD3 Invasion & 

Metastasis 

 

Encodes a transcription 

factor that regulates 

embryonic stem cells 

and has important roles 

in cell growth and cell 

cycle progression (460). 

Deregulation of this 

transcription factor has been 

reported in CRC via loss of 

function mutations (461). 

Several studies have reported 

the tumour suppressor function 

of this gene (462). This gene is 

reported to be implicated in the 

FOXD3/miR-214/MED19 and 

EGFR/RAS/MAPK and WNT 

signalling pathways (460). 

 
FOXO3 Cancer 

Onset & 

Progression 

 

Encodes a transcription 

factor with roles in 

regulating apoptosis, as 

well as cell cycle 

progression and 

proliferation (463). 

This gene has been reported to 

have conflicting roles including 

tumour suppressor functions as 

well as metastasis promoting 

functions; however, most 

studies report that 

downregulation of this gene is 

linked to disease progression 

(464,465). It has been reported 

to interact with the PI3K/AKT 

pathway (463). 

 
FZD7 Invasion & 

Metastasis 

 

Encodes a 

transmembrane receptor 

protein that enhances 

WNT signalling by 

binding WNT5A 

protein (466). 

Overactivation of the 

WNT5A/FZD7 pathway is 

linked to enhanced cellular 

proliferation, disease 

progression and metastasis in 

CRC patients (467,468). 
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GSC Epithelial-

Mesenchymal 

Transition 

Encodes a transcription 

factor that plays an 

important role in tissue 

fate determination 

during organogenesis 

(469). 

GSC has been reported to be an 

inducer of epithelial to 

mesenchymal transition, a 

process well known to be 

involved in cancer pathology 

and poor patient outcomes 

(470,471). Is reported to be 

implicated in SMAD2/3 

signalling and retinoblastoma 

protein signalling (469). 

 
GSK3B Immune 

Markers & 

Inflammation 

 

Encodes a serine-

threonine kinase 

involved in maintaining 

glucose homeostasis, 

regulating inflammation 

and apoptosis (472). 

Amplification of this gene has 

been associated with CRC 

pathogenesis by enhancing 

growth promoting cellular 

signalling (473). This gene has 

been implicated in the NF-B 

signalling pathway (474).  

 
HDAC2 Cancer 

Onset & 

Progression 

 

Encodes a histone 

deacetylase for the 

removal of acetyl 

groups from lysine 

residues on the N-

terminal region of 

histones to regulate 

transcription (475). 

HDAC2 is reported to have an 

oncogenic function and 

upregulation of this gene is 

linked to poor patient outcomes 

while the inhibition of this 

gene has been shown to hinder 

tumourigenesis by decreasing 

cellular proliferation and 

inducing apoptosis (476). This 

gene is reported to be involved 

in PI3K/AKT and P53 

signalling (475). 

 
HGF Invasion & 

Metastasis 

 

 

Encodes a hepatocyte 

growth factor which is a 

regulatory protein cell 

growth, motility, 

differentiation, 

angiogenesis, and tissue 

regeneration (339). 

Deregulation of HGF and 

signalling through its receptor 

c-MET has been reported to 

potentiate CRC pathogenesis 

through angiogenesis, cell 

motility and proliferation 

(341,343). 
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HIF1A Epithelial-

Mesenchymal 

Transition 

 

Encodes a transcription 

factor that regulates the 

cellular response to low 

levels of oxygen (477). 

Overexpression of this gene 

has been reported to correlate 

significantly with poor clinical 

outcomes in CRC patients 

(478,479). This gene has been 

implicated in WNT signalling. 

 
HNF4A Invasion & 

Metastasis 

 

Encodes a transcription 

factor that plays an 

important role in organ 

development including 

the intestines, liver and 

kidneys (314). 

Aberrant HNF4A is linked to 

colorectal tumourigenesis, 

protection of cancer cells from 

oxygen radicals, as well as 

promoting signalling of the 

oncogenic WNT/-catenin 

pathway and metastasis (480). 

 
HPSE Invasion & 

Metastasis 

Encodes an enzyme that 

facilitates extracellular 

matrix remodelling 

(481). 

Upregulation of this gene helps 

facilitate tumour growth and 

metastasis by altering the 

tumour microenvironment to 

accommodate the growing 

tumour (482). 

 
HSP90AA1 

 

Cancer 

Onset & 

Progression 

Encodes a chaperone 

protein that targets and 

regulates proteins 

important for cell cycle 

control as well as signal 

transduction (483). 

This gene is recognized as an 

oncogene in several 

malignancies and has been 

shown to promote cell survival 

as well as therapy resistance to 

conventional chemotherapy 

(484). 

 
IGF1 Cancer 

Onset & 

Progression 

Encodes insulin-like 

growth factor 1, which 

is widely recognized as 

a hormone that 

stimulates growth of 

cells and helps regulate 

metabolism (485). 

 

Elevated levels of circulating 

IGF1 have been reported to 

increase the risk for the 

development and progression 

of CRC (486). 

IGFR Cancer 

Onset & 

Progression 

Encodes insulin-like 

growth factor receptor, 

which is a tyrosine 

kinase receptor that 

binds IGF to stimulate 

cell growth and survival 

(487). 

IGFR upregulation has been 

shown to enhance cellular 

proliferation, invasion and 

survival capacity leading to 

poor clinical outcomes in 

cancer patients (488). 
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IGF2 Cancer 

Onset & 

Progression/ 

Cell Stemness 

Encodes insulin-like 

growth factor 2, a 

protein involved in fetal 

growth and 

development (489). 

Upregulation of this gene is 

linked to cancer pathology for 

many different cancers 

including CRC (488). 

Overexpression is also 

associated with poor patient 

prognosis (490). 

 
IGFBP3 Cancer 

Onset & 

Progression 

Encodes insulin-like 

growth factor binding 

protein 3, which binds 

the growth factor and 

stabilizes the protein to 

prolong its half-life, as 

well as altering its 

interaction with its 

receptor (491). 

 

Serum levels of this protein 

may be a potential biomarker 

for CRC; however, the clinical 

significance of this protein and 

its function remains 

controversial with results 

varying depending on several 

clinical parameters (492). 

IGFBP4 Cancer 

Progression 

Encodes insulin-like 

growth factor binding 

protein 4, which binds 

the growth factor and 

stabilizes the protein, as 

well as altering its 

interaction with its 

receptor (493). 

 

Some studies report that 

increased expression of 

IGFBP4 resulted in reduced 

cellular proliferation and 

increased programmed cell 

death, thereby regulating the 

tumourigenic capacity of the 

growth factor (494). 

IL17RC Immune 

Markers & 

Inflammation 

Encodes the interleukin 

receptor C protein. This 

receptor binds 

interleukins to promote 

inflammation (495). 

Some studies report that 

binding of this receptor to its 

ligand induces signalling via 

NF-B to activate genes that 

prevent apoptosis and stimulate 

angiogenesis in colon epithelial 

cells (496). 

IL2RB Immune 

Markers & 

Inflammation/ 

Cancer 

Onset & 

Progression 

Encodes the interleukin 

2 receptor beta. This 

receptor is mainly 

expressed in 

hematopoietic cells and 

is involved in the 

stimulation of 

mitogenic processes 

(497). 

The current literature related to 

CRC risk and this gene is 

limited and controversial. 

Some suggest that 

overexpression of this gene 

provides some protection 

against cancer while others 

suggest that some variants 

enhance risk (498,499). 
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IL6 Immune 

Markers & 

Inflammation 

Encodes the 

interleukin-6 cytokine 

which has roles in 

inflammatory processes 

and adaptive immunity; 

this gene is implicated 

in inflammation that 

increases the risk of 

T2D (500). 

 

IL6 has been shown to be 

highly elevated in CRC 

patients (501). IL6 has also 

been shown to trigger 

signalling cascades that 

promote disease progression 

and poor clinical outcomes 

(502). 

IL6ST Immune 

Markers & 

Inflammation/ 

Invasion & 

Metastasis 

Encodes a protein that 

has a role in signal 

transduction following 

the binding of a 

cytokine to its receptor 

(503). 

This gene is reported to be 

involved in JAK/STAT 

signalling in CRC and has been 

associated with key 

clinicopathological features 

including tumour size, cellular 

differentiation, cancer stage 

and invasiveness (504). 

 
IL8 Immune 

Markers & 

Inflammation 

Encodes interleukin 8, a 

proinflammatory 

cytokine secreted by 

macrophages (505). 

The role of IL8 in CRC is 

reported to be multifaceted. 

Overexpression is linked to 

disease progression, prolonged 

survival of tumour cells, 

cellular proliferation, migration 

and invasion (506). 

 
ILK Epithelial-

Mesenchymal 

Transition/ 

Invasion & 

Metastasis 

Encodes the 

transmembrane protein 

integrin linked kinase 

which regulates 

integrin-related signal 

transduction within the 

cell (507). 

Upregulation of this kinase is 

linked to epithelial-to-

mesenchymal transition, a 

common feature of cancer 

pathology; furthermore, it has 

been reported to be linked with 

disease progression and 

metastasis (508). 

 
INA Cancer 

Onset & 

Progression 

Encodes the internexin 

neuronal intermediate 

filament protein alpha 

which has roles in 

neuronal morphology 

and intracellular 

transport within 

neurons (509). 

INA is reported to be a tumour 

suppressor and studies have 

shown that through an 

epigenetic mechanism, the 

inactivation of this gene occurs 

early in the development of 

CRC and facilitates 

microtubule polymerization at 

an enhanced rate (510). 
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IRS4 Cancer 

Onset & 

Progression 

Encodes the insulin 

receptor substrate 4 and 

retains tyrosine kinase 

activity. This protein is 

involved in stimulation 

of cellular proliferation 

and signal transduction 

(511). 

 

Elevated expression of IRS4 

has been linked to CRC staging 

and may be involved in CRC 

pathogenesis, as well as patient 

prognosis (512). 

ITGA5 Invasion & 

Metastasis 

Encodes the integrin 

subunit alpha 5, a 

protein present on the 

cell surface with roles 

in cell signalling and 

adhesion (513). 

 

Overexpression of this gene is 

linked to highly aggressive 

features of CRC namely 

tumour metastasis and invasive 

capacity through loss of cell 

adhesion (514). 

ITGB1 Invasion & 

Metastasis 

Encodes the protein 

integrin subunit beta 1. 

This protein forms 

heterodimers on the cell 

surface and acts as a 

membrane receptor for 

signalling and cell 

adhesion (515). 

 

Elevated expression of this 

protein has been linked to poor 

CRC prognosis, enhanced 

cellular invasion and metastasis 

(516). 

JAG1 Epithelial-

Mesenchymal 

Transition/ 

Cancer 

Onset & 

Progression 

Encodes the protein 

jagged 1, which is a 

signalling molecule that 

binds the notch 1 

transmembrane receptor 

(334). 

Amplified expression of JAG1 

has been associated with poor 

clinical outcomes in CRC 

patients via promoting 

epithelial-to-mesenchymal 

transition, cell growth, division 

and survival (338). 

 
KRAS Cancer 

Onset & 

Progression 

Encodes the KRAS 

protein which is an 

integral component of 

the RAS/MAPK 

signalling pathway 

which promotes cellular 

growth and 

proliferation (517). 

 

KRAS has been reported as a 

gene that harbours oncogenic 

driver mutations in CRC 

pathogenesis and is the most 

frequently mutated gene in the 

MAPK/ERK pathway (518). 
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LMNB1 Cancer 

Onset & 

Progression/ 

Invasion & 

Metastasis 

Encodes the lamin B1 

protein, which has 

structural roles in cells 

and is classified as an 

intermediate filament 

(519). 

Aberrant activity of this protein 

is linked to tumour metastasis 

(520). Studies report that this 

protein is overexpressed in 

CRC tissue and the knockdown 

of this gene inhibited cellular 

proliferation, invasion and 

migration capacity and 

activated apoptosis (521). 

 
MAL Invasion & 

Metastasis 

Encodes a hydrophobic 

protein localized in the 

membrane. This protein 

functions to produce 

and sustain membrane 

microdomains enriched 

for glycosphingolipid 

(522). 

 

This gene is recognized as a 

tumour suppressor, and has 

been reported to be 

significantly downregulated in 

CRC tissue samples and 

furthermore was linked to CRC 

stage and metastatic processes 

(523). 

 
MGMT Invasion & 

Metastasis/ 

Cancer 

Onset & 

Progression 

Encodes a DNA 

damage repair protein 

with important roles in 

protecting cells against 

carcinogenic agents 

(524). 

Methylation of the promoter of 

this gene is reported in a 

substantial portion of CRC 

cases with metastatic disease 

which results in suppression of 

its function by reducing its 

transcription (525). 

 
MITF Cancer 

Onset & 

Progression 

Encodes a protein 

called melanocyte 

inducing transcription 

factor which regulates 

cell fate determination 

and survival in 

melanocytes (526). 

MITF is a widely documented 

oncogene in melanomas; 

however, its link to CRC 

remains unclear (527). 

Moreover loss of function in 

retinal epithelial development 

is linked to the disruption of 

cell differentiation, cell cycle 

regulation and apoptosis (528). 

MLH1 Cancer 

Onset & 

Progression/ 

Invasion & 

Metastasis 

The gene encodes a 

tumour suppressor 

protein, also known as a 

mismatch repair 

protein, that functions 

to repair damaged DNA 

(529). 

Loss of function of this gene is 

linked to tumour heterogeneity, 

disease progression, metastasis 

and poor clinical outcomes; 

furthermore, lack of function of 

MLH1 is used to predict 

aggressiveness and guide 

treatment (530). 
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MMP3 Invasion & 

Metastasis 

Encodes an enzyme 

called matrix 

metalloprotease 3, 

which functions to 

break down the 

extracellular matrix. 

This occurs normally 

during physiological 

tissue remodelling and 

early development 

(531). 

 

Upregulation of this enzyme is 

linked to enhanced cellular 

invasive capacity and tumour 

metastasis in several cancers 

including CRC (532). 

MMP9 Invasion & 

Metastasis/ 

Immune 

Markers & 

Inflammation 

Encodes an enzyme 

denoted matrix 

metalloprotease 9, 

which has been 

implicated in tissue 

remodelling during 

pathological processes 

such as inflammation 

and fibrosis (533). 

 

This enzyme is reported to be 

elevated in malignant 

pathologies including CRC; 

furthermore, inhibiting this 

protein has been linked to 

reduced metastatic potential 

(534). 

MSH2 Cancer 

Onset & 

Progression 

Encodes a tumour 

suppressor protein 

involved in DNA 

mismatch repair. The 

function of this protein 

is important for DNA 

integrity (535). 

Pathogenic variants of this 

gene lead to loss of function 

and thus contribute to the 

accumulation of errors in DNA 

base pairs. This has been 

linked to heritable syndromes 

such as Lynch Syndrome and 

greatly enhances the risk of 

CRC (536). 

 
MSH6 Cancer 

Onset & 

Progression 

Encodes a tumour 

suppressor protein that 

has an essential role in 

DNA mismatch repair. 

This protein helps 

facilitate the correction 

of errors made during 

DNA replication (537). 

 

Mutations that cause this gene 

to become non-functional 

result in a greatly enhanced 

risk of cancer development in a 

variety of malignancies, 

including CRC (538). 
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MST1R Epithelial-

Mesenchymal 

Transition/ 

Immune  

Markers & 

Inflammation 

Encodes a protein 

receptor located on the 

surface of cells that 

binds macrophage-

stimulating protein and 

induces signalling 

(539). 

MST1R has been reported to 

display oncogenic functions in 

several malignancies including 

CRC, where it has been 

associated with epithelial-to-

mesenchymal transition as well 

as metastasis (540). 

 
MUC1 Cancer 

Onset & 

Progression 

Encodes a protein 

called mucin 1 which is 

expressed on the apical 

surface of epithelial 

cells and functions to 

produce mucus in 

several body systems 

including the lining of 

the digestive tract 

(541). 

 

The clinical significance of 

MUC1 expressing tumours 

remains controversial; however 

some studies report that 

upregulation of this gene leads 

to poorer patient outcomes 

(542,543). 

MYC Cancer 

Onset & 

Progression 

Encodes a transcription 

factor with a variety of 

regulatory roles related 

to cell cycle control, 

proliferation, apoptosis, 

and metabolism (544). 

 

MYC is a proto-oncogene and 

upregulation of the gene via 

several mechanisms promotes 

tumourigenesis in several 

malignancies including CRC 

(545). 

NANOG Cell 

Stemness 

Encodes a transcription 

factor that is involved 

in self-renewal, 

pluripotency, and 

proliferation in 

embryonic stem cells 

(546). 

Enhanced expression of this 

embryonic stem cell marker is 

a predicter of disease 

progression and poor clinical 

outcomes in CRC; moreover, 

expression in adult cells 

suggests reprogramming to a 

stem cell phenotype (547). 

 
NDRG1 Epithelial-

Mesenchymal 

Transition/ 

Invasion & 

Metastasis 

Encodes a cytoplasmic 

protein with functional 

roles in cellular 

differentiation and 

growth, as well as the 

cellular stress response 

(548). 

 

This gene functions as a 

tumour suppressor and inhibits 

tumour metastasis, epithelial-

to-mesenchymal transition, and 

invasion in CRC cells (549). 
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NOTCH1 Cell 

Stemness/ 

Epithelial-

Mesenchymal 

Transition 

Encodes a membrane 

bound receptor that has 

important functions in 

cell fate determination, 

growth, proliferation, 

differentiation and 

programmed cell death 

(550). 

 

Some studies report that 

NOTCH1 signalling is linked 

to enhanced cell stemness, as 

well as epithelial-to-

mesenchymal transition in 

CRC pathology (551). 

OPN Immune 

Markers & 

Inflammation/ 

Invasion & 

Metastasis/ 

Cell  

Stemness 

Encodes a protein that 

attaches osteoclasts to 

the bone matrix by 

binding hydroxyapatite. 

In addition, this protein 

also acts as a cytokine 

by increasing the 

expression of 

interferon-gamma and 

interleukin-12 (552). 

 

This gene has been implicated 

in several malignant 

pathologies including CRC, 

and has been reported to 

correlate with tumour 

progression, cell migration, 

invasion and metastasis, as 

well as promoting a stem-cell 

phenotype (553). 

PAK1 Cancer 

Onset & 

Progression/ 

Invasion & 

Metastasis 

Encodes a protein 

kinase that plays an 

important role in cell 

morphology, nuclear 

signalling, and 

cytoskeletal 

reorganization (554). 

 

This gene is upregulated in 

CRC pathogenesis and 

promotes cellular growth, 

division, migration and 

invasion, as well as survival 

(555). 

PFK-2 Cancer 

Onset & 

Progression 

Encodes an enzyme 

with a critical 

regulatory role in 

cellular metabolism by 

controlling glycolysis. 

This enzyme is linked 

to the AMPK pathway, 

an important cellular 

signalling pathway that 

helps maintain cellular 

energy homeostasis 

(556). 

 

The enzyme encoded by this 

gene is involved in many 

aspects of cancer pathology 

including tumourigenesis, cell 

growth and division, as well as 

therapy resistance. This 

enzyme is critical in several 

signalling pathways related to 

cancer cell metabolism (557). 

PIK3CA Cancer 

Onset & 

Progression 

Encodes a protein with 

multiple subunits, one 

of which requires ATP 

to phosphorylate 

Mutations in the catalytic 

subunit of PIK3CA is linked to 

several malignant pathologies 

including CRC; furthermore, 
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several 

glycerophospholipids to 

enhance cell growth and 

survival (558). 

 

these mutations are linked to 

poor patient outcomes and 

response to therapy (559). 

PLEK2 Epithelial-

Mesenchymal 

Transition/ 

Invasion & 

Metastasis 

Encodes a protein that 

interacts with the actin 

component of the 

cytoskeleton, thereby 

affecting cellular 

morphology (560). 

This gene is linked to 

epithelial-to-mesenchymal 

transition in several 

malignancies, as well as 

contributing to enhanced 

invasiveness and capacity for 

metastasis (561,562). 

 
PMS2 Cancer 

Onset & 

Progression 

Encodes a protein that 

is part of the DNA 

damage repair response, 

facilitating the 

correction of errors 

generated during DNA 

replication (563). 

Studies report that there is a 

high frequency of mutations in 

PMS2 in cases of CRC; 

furthermore, patients with an 

inherited mutation in this gene 

are at an increased risk for 

developing CRC and other 

malignancies (564). 

 
PPARA Cancer 

Onset & 

Progression/ 

Immune 

Markers & 

Inflammation 

Encodes a protein 

receptor, that when 

bound to its ligand, 

triggers expression of 

genes that promote 

cellular proliferation, 

maturation, 

inflammation and 

immune responses 

(565). 

 

Elevated expression of PPARA 

is linked to therapy resistance 

in human colon cancer cell 

lines; furthermore, studies 

report that downregulation of 

PPARA results in decreased 

cellular proliferation and 

initiation of apoptosis (566). 

PPARB Cancer 

Onset & 

Progression 

Encodes a protein in the 

PPAR family that is 

believed to have a role 

in transcriptional 

repression and 

signalling in the nucleus 

(567). 

While the functions of this 

gene remain somewhat 

controversial, some researchers 

report that upregulation of this 

gene is involved in 

tumourigenesis and disease 

progression in CRC patients 

(568,569). 
 



 

191 

 

PPARG Cancer 

Onset & 

Progression/ 

Immune 

Markers & 

Inflammation 

Encodes a protein in the 

PPAR family, which 

encodes a nuclear 

receptor protein that 

results in the 

transcription of genes to 

regulate the 

differentiation of 

adipocytes, cell 

metabolism, apoptosis 

and inflammation (570). 

CRC patients expressing this 

gene have been reported to 

have significantly better 

clinical outcomes than those 

who do not (571). Furthermore, 

treatment of diabetic patients 

with thiazolidinediones, which 

work by binding PPARG to 

regulate adipogenesis, has been 

linked to a reduced incidence 

of several malignant 

pathologies including CRC 

(572). 

 
PPL Cancer 

Onset & 

Progression/ 

Invasion & 

Metastasis 

Encodes a protein 

subunit of desmosomes 

and interacts with both 

the plasma membrane 

and intermediate 

filaments to regulate 

cell signalling for 

growth and survival 

(573). 

This gene is classified as a 

tumour suppressor as loss of 

function mutations are linked 

to tumourigenesis and disease 

progression in CRC patients; 

furthermore, expression of this 

gene was shown to reduce 

metastatic capability and 

induce cell cycle arrest (574). 

 
PPP2R1A Cancer 

Onset & 

Progression 

Encodes a subunit of 

the protein phosphatase 

2, an enzyme which 

removes phosphate 

groups from molecules 

and has a role in 

downregulating cellular 

proliferation (575). 

Mutant forms of this gene that 

lead to loss of tumour 

suppressor function are 

documented in several types of 

malignancies, including CRC 

(576). Moreover, elevated 

levels of variant PPP2R1A 

have been linked to higher 

grade tumours in some 

malignancies (577). 

 
PPP2R5C Cancer 

Onset & 

Progression/ 

Invasion & 

Metastasis 

Encodes a subunit of 

protein phosphatase 2, 

an enzyme with 

important cellular 

functions to regulate 

growth and division; 

furthermore, this 

subunit is believed to 

inhibit cell growth and 

Loss of function of this protein 

can occur as a result of 

mutation leading to protein 

truncation. This has been 

associated with aggressive 

malignant phenotypes 

characterized by metastatic 

potential (579–581). 
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division following 

DNA-damage (578). 

 
PRRG4 Invasion & 

Metastasis 

Encodes a protein that 

limits the transcription 

of ROBO1 (a 

documented tumour 

suppressor) and 

prevents it from being 

transported to the cell 

membrane, which may 

affect neural cell 

migration during 

development (582). 

 

Upregulation of this protein 

causes a reduced functional 

capacity of ROBO1, a tumour 

suppressor, which has been 

linked to enhanced invasive 

and migratory capacity in 

tumours, leading to poor 

clinical outcomes (583,584). 

PTEN Cancer 

Onset & 

Progression/ 

Invasion & 

Metastasis 

Encodes a phosphatase 

that has been found to 

be highly mutated in 

many malignancies. 

This enzyme functions 

as a tumour suppressor 

in a variety of 

mechanisms, including 

through its regulation of 

cell division and 

apoptosis (585). 

 

The loss of function of PTEN 

is well documented in many 

malignancies including CRC. It 

has been linked to therapy 

resistance and metastatic 

disease (586,587). 

PTK2 Invasion & 

Metastasis 

Encodes a tyrosine 

kinase localized in the 

cytoplasm in regions 

adjacent to adhesion 

points between cells. 

This protein has 

functions in cell growth 

and signal transduction 

(588). 

 

Studies have reported elevated 

levels of this protein in 

colorectal malignancies; 

furthermore, expression of this 

gene has been positively 

correlated with disease 

progression, metastatic 

potential and poor clinical 

outcomes (589). 

RAB5 Cell 

Stemness 

Encodes a GTPase, 

which binds GTP in its 

active state to regulate a 

variety of cellular 

processes, including 

trafficking of cellular 

materials within a cell 

(590). 

Studies report that RAB5 has a 

role in the maintenance of 

cancer stem cell populations 

and that inhibiting its 

expression increased the 

effectiveness of cancer 

therapeutics on CRC cell lines 

(591). 
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RAC1 Invasion & 

Metastasis 

Encodes a GTPase that 

has roles in macrophage 

NADPH oxidase 

function, as well as cell 

adhesion and migration 

(592). 

The accumulation and 

hyperactivity of RAC1 has 

been reported in CRC tissues 

compared to that of normal 

colonic mucosa; furthermore, 

levels of this GTPase were 

correlated with tumour stage, 

metastasis and overall survival 

(593). 

 
RET Cancer 

Onset & 

Progression/ 

Invasion & 

Metastasis 

Encodes a 

transmembrane receptor 

tyrosine kinase, and 

when bound to its 

ligand, it initiates 

intracellular signalling 

to promote cell growth, 

maturation, survival and 

migratory capacity 

(594). 

 

Mutations that generate a 

fusion protein with constitutive 

activation have been linked to 

several malignancies; 

furthermore, overactivation of 

this kinase is linked to disease 

progression, tumour metastasis 

and poor patient (595,596). 

RGS2 Invasion & 

Metastasis 

Encodes a regulatory 

protein that aids in the 

differentiation of 

myeloid cells, 

regulation of blood 

pressure, as well as 

vasoconstriction and 

dilation (597). 

Abnormal expression and/or 

activity of RGS2 has been 

linked to several malignancies 

and is thought to exert 

suppressive control over G-

protein signalling; nonetheless, 

the role of RGS2 in cancer 

pathology remains 

controversial as researchers 

report low levels during 

tumourigenesis but higher 

levels in later disease stages 

(598,599). 

 
RUNX2 Epithelial-

Mesenchymal 

Transition/ 

Invasion & 

Metastasis 

Encodes a transcription 

factor with critical roles 

in the differentiation of 

osteoblasts and bone 

development (600). 

RUNX2 is reported to be an 

oncogene and elevated levels 

of this protein are linked with 

disease recurrence in CRC 

patients, as well as being 

positively correlated with 

tumour stage and metastasis 

(601). 
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RhoA Invasion & 

Metastasis 

Encodes a GTPase 

protein that affects actin 

polymerization, 

contraction via 

actin/myosin filament 

interactions, cell 

adhesion and other 

microtubule functions. 

Consequently, RhoA 

affects cell morphology 

and motility (602). 

 

This protein is a tumour 

suppressor and the loss of its 

function or downregulation of 

its activity is related to disease 

progression and metastatic 

potential in CRC patients 

(603). 

S6K Cancer 

Onset & 

Progression/ 

Invasion & 

Metastasis 

Encodes a ribosomal S6 

protein kinase that has 

functions in promoting 

the synthesis of protein 

which has downstream 

effects on cell cycle 

progression (604). 

Amplified expression of this 

protein has been reported in 

several malignant pathologies 

including CRC; furthermore 

expression has been shown to 

be positively correlated with 

disease stage and metastasis 

resulting in poor overall 

survival (605). 

 
SCNN1A Cancer 

Onset & 

Progression/ 

Invasion & 

Metastasis 

Encodes a protein 

subunit of a non-voltage 

gated sodium channel 

present in epithelial 

cells, and has roles in 

maintaining water and 

sodium ion homeostasis 

(244,606). 

Studies have reported the 

downregulation of molecular 

pathways involved in 

aldosterone-regulated sodium 

reabsorption in CRC, which 

includes the downregulation of 

SCNN1A transcription (607); 

alternatively, overexpression of 

this gene has been reported in 

several malignancies (608). 

Conversely, some studies 

report that downregulation of 

this gene is linked to 

aggressive tumours displaying 

extracellular matrix 

degradation profiles (609).  
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SERPINB5 Cancer 

Onset & 

Progression 

This gene encodes a 

protein that belongs to 

the serpin (serine 

protease inhibitor) 

family of proteins 

(610). Has functions in 

extracellular matrix 

organization, and 

epithelial cell 

morphology (611). 

While the tumour suppressor 

functions of SERPINB5 have 

been documented, several 

studies report oncogenic roles 

of this protein indicating that 

amplified expression is linked 

to disease progression, therapy 

resistance and poor clinical 

outcomes in CRC patients 

(612,613). 

 
SIRT1 Invasion & 

Metastasis 

Encodes a protein with 

several regulatory roles 

including having an 

effect on epigenetic 

silencing of genes, fat 

metabolism, and the 

maintenance of glucose 

homeostasis (614). 

The activity of this protein has 

been implicated in many 

different cancers including 

CRC; some studies report that 

expression of this protein 

confers protection against 

tumour metastasis in CRC via 

the initiation of intracellular 

signalling cascades (615). 

 
SMAD3 Cancer 

Onset & 

Progression 

Encodes a protein that 

functions in 

intracellular signalling 

by facilitating the 

transmission of 

extracellular signals to 

the nucleus. These 

signals are important in 

the regulation of 

cellular proliferation 

and gene transcription 

(616). 

 

Loss of SMAD3 expression or 

function has been associated 

with CRC progression, 

metastasis and poor overall 

survival (617). 

SMAD4 Cancer 

Onset & 

Progression 

Encodes a protein that 

functions in 

intracellular signal 

transduction. This 

protein is involved in 

bone developmental 

signalling and acts as a 

tumour suppressor by 

inhibiting the 

proliferation of 

epithelial cells (618). 

Loss of function of SMAD4 

has been linked to CRC 

pathogenesis by inhibiting 

TGF- signalling, an important 

suppressor of intestinal 

epithelial cell growth (619). 



 

196 

 

SNAI1 Cell 

Stemness 

Encodes a protein 

localized in the nucleus 

that functions as a 

repressor of 

transcription; this 

protein is important 

during embryonic 

development (620). 

 

Overexpression of this gene is 

linked to increased cell 

stemness, epithelial-to-

mesenchymal transition, 

therapy resistance, and poor 

clinical outcomes in CRC 

patients (621). 

SNAI2 Cell 

Stemness/ 

Invasion & 

Metastasis 

Encodes a protein that 

represses transcription 

of certain genes during 

embryonic development 

(622). 

Overexpression of this gene is 

linked to cancer pathology and 

is shown to promote a stem cell 

phenotype; furthermore, it is 

linked to the repression of the 

cell adhesion molecule E-

cadherin which may promote 

tumour invasion and metastasis 

(623,624). 

 
SNCA Cancer 

Onset & 

Progression 

Encodes a protein that 

is highly expressed in 

neuronal tissue with 

important roles in 

neuronal vesicle 

transportation and 

neural signalling (625). 

Promoter methylation of this 

gene and subsequent 

downregulation of its 

expression is reported in CRC 

tissues, and patient stool, 

suggesting that it may be a 

candidate biomarker for this 

disease (626). 

 
SORL1 Cancer 

Onset & 

Progression 

Encodes the sorting 

receptor for the insulin 

receptor. Enables the 

recycling of the insulin 

receptor by inhibiting 

its degradation and 

subsequently increasing 

its expression on the 

cell surface (308). 

Elevated expression of this 

protein is linked to enhanced 

cell survival in CRC through 

its intracellular trafficking 

ability; however, it has also 

shown proapoptotic functions 

indicating that the relationship 

of this gene and CRC is still 

highly controversial (627). 

 
SOX2 Cell 

Stemness/ 

Invasion & 

Metastasis 

Encodes a transcription 

factor that regulates the 

expression of many key 

genes during embryonic 

development. It is 

recognized as a marker 

of stem cells (628). 

Overexpression of this gene in 

adult tissues is strongly linked 

to aggressive malignant 

phenotypes in several cancers 

including CRC (629–631). 
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SOX9 Cell 

Stemness/ 

Invasion & 

Metastasis 

Encodes a transcription 

factor that is heavily 

involved in embryonic 

development, especially 

for skeletal 

development and sex 

determination (632). 

 

Overexpression of this gene is 

linked to CRC pathogenesis, 

therapy resistance, tumour 

metastasis and poor clinical 

outcomes (633,634). 

SPARC Invasion & 

Metastasis 

Encodes a protein that 

is strongly associated 

with the extracellular 

matrix, cell 

morphology, and the 

calcification of bone 

(635). 

 

Elevated expression of this 

gene is linked to 

tumourigenesis and poor 

prognosis in CRC patients 

(636). 

SPG20 Cancer 

Onset & 

Progression 

Encodes a protein with 

endosomal trafficking 

function via its capacity 

to interact with 

microtubules; this 

protein also has 

functions in the 

degradation of EGFR 

(289). 

Downregulation of this gene 

via promoter methylation has 

been reported in CRC patient 

plasma and tumour biopsies 

(637). Furthermore, 

inactivation of this protein is 

reported to enhance cell 

proliferation through the 

activation of EGFR signalling 

(638). 

 
STAT3 Cancer 

Onset & 

Progression 

Encodes a signal 

transducer protein that 

has important 

regulatory roles in gene 

transcription. It is 

reported to have roles in 

cell proliferation, 

apoptosis and migration 

(639). 

 

Overactivation of STAT3 is 

linked to malignant 

pathogenesis via the 

constitutive activation of 

cellular proliferation. STAT3 

inhibitors have been developed 

as an antineoplastic agent and 

have been used to treat CRC 

patients (640). 
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TAK1 Cancer 

Onset & 

Progression/ 

Immune 

Markers & 

Inflammation 

Encodes a protein 

kinase that activates 

pro-survival cell 

signalling pathways, 

namely NF-κB, whose 

target genes inhibit 

apoptosis while 

stimulating cell division 

and inflammation (641). 

 

Upregulation of TAK1 is 

associated with malignant 

pathogenesis in several cancers 

including CRC; this gene is an 

oncoprotein and studies report 

that inhibition of its function 

enables apoptosis to occur 

(642). 

TCF7L2 Invasion & 

Metastasis 

Encodes a transcription 

factor that is involved 

in the WNT signalling 

pathway, the 

maintenance of blood 

glucose homeostasis 

and studies report that 

mutations in this gene 

may predispose 

individuals to the 

development of T2D 

(643). 

 

This gene is reported to be one 

of the most frequently mutated 

genes in CRC and loss of 

normal function is associated 

with changes in cell 

morphology, as well as 

increased invasive and 

migration capacity to promote 

tumour metastasis (644). 

TFPI2 Invasion & 

Metastasis 

Encodes a protein that 

acts to inhibit serine 

proteases and has been 

classified as a tumour 

suppressor by 

preventing degradation 

of the extracellular 

matrix to limit tumour 

invasive capacity (645). 

 

Studies have reported that 

methylation and silencing of 

this gene is significantly higher 

in CRC tissue samples 

compared to normal intestinal 

mucosa, suggesting that loss of 

tumour suppressor function is 

linked to oncogenesis (646). 

TGFA Cancer 

Onset & 

Progression 

Encodes a protein that 

binds the epidermal 

growth factor receptor 

to promote cell 

signalling to enhance 

cell growth, division 

and maturation (647). 

Overexpression of this gene 

has been implicated in many 

malignant processes such as 

uncontrolled proliferation and 

angiogenesis; furthermore, 

elevated serum levels of this 

protein have been reported in 

CRC patients and were found 

to decline following surgical 

resection of the tumour 

(648,649). 
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TGFB1 Cancer 

Onset & 

Progression 

 

Encodes a signalling 

molecule that binds its 

receptor on the cell 

surface leading to 

transcriptional 

regulation to alter 

cellular proliferation, 

growth and maturation 

(650). 

Higher levels of this protein 

have been linked to invasive 

metastatic disease in CRC 

patients; furthermore, increased 

levels were more common 

amongst males compared to 

females suggesting there may 

be sex bias with respect to this 

gene/protein (651). 

 
TGFB2 Cancer 

Onset & 

Progression 

Encodes transforming 

growth factor 2, which 

is produced throughout 

the body to assist with 

fetal development, as 

well as regulation of 

cellular processes after 

birth (652). 

This gene is reported to be 

upregulated in cell signalling in 

CRC tissue compared to 

healthy controls; furthermore, 

loss of its receptor and 

subsequent signalling has been 

shown to promote greater 

overall survival times in CRC 

patients (653,654). 

 
TGFB3 Cancer 

Onset & 

Progression 

Encodes another protein 

in the transforming 

growth factor-beta 

superfamily. Similarly 

it is involved in 

embryogenesis and 

cellular maturation 

(655). 

 

Upregulation of this protein 

has been implicated in CRC 

therapy resistance by inhibiting 

cellular apoptosis induced by 

radiotherapy (656). 

TGFBR1 Cancer 

Onset & 

Progression 

Encodes a receptor for 

TGFB1, and when 

bound, it facilitates 

signal transduction to 

regulate cellular 

processes including 

proliferation, growth 

and maturation (328). 

 

Variants in this protein have 

been well-documented in CRC 

and are thought to promote 

tumourigenesis; however, 

depending on the variant the 

effect on CRC pathology varies 

(657). 
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TGFBR2 Cancer 

Onset & 

Progression 

Encodes a receptor for 

TGFB2 and facilitates 

transduction of growth 

signals from outside the 

cell to the inside (658). 

Inactivating mutations of 

TGFBR2 have been linked to 

overall improved survival 

times in CRC patients (168); 

however, the findings related to 

this receptor’s role in CRC 

pathogenesis remain 

controversial. 

 
THBS1 Epithelial- 

Mesenchymal 

Transition/ 

Invasion & 

Metastasis 

Encodes a glycoprotein 

with adhesive 

properties to facilitate 

cell-cell adhesion and 

interactions, as well as 

involvement with the 

extracellular matrix 

(659). 

 

Studies have reported that this 

protein promotes epithelial-to-

mesenchymal transition, 

thereby contributing to 

metastasis from the primary 

tumour to the liver in CRC 

patients (660). 

TIMP1 Invasion & 

Metastasis 

Encodes a protein that 

has been reported to 

have inhibitory effects 

on matrix 

metalloproteases (661). 

This protein also 

regulates cell 

proliferation and 

apoptosis (662). 

 

Studies report that this gene 

promotes tumourigenesis and 

metastasis in colorectal cancer 

patients through its regulation 

of PI3K and MAPK signalling 

pathways (661). 

TIMP3 Invasion & 

Metastasis 

Encodes a secreted 

protein that binds the 

extracellular matrix and 

functions to inhibit 

matrix metalloproteases 

(663). 

 

Expression of this protein has 

been reported to associate with 

better clinical outcomes in 

CRC patients compared to 

those with lower expression 

levels (664). 

TMEM132A 

 

Cancer 

Onset &  

Progression/ 

Invasion & 

Metastasis 

Encodes a 

transmembrane protein 

that has roles in brain 

development in-utero 

and after birth. It is also 

thought to help cells 

resist death in 

unfavourable conditions 

(216). 

There is minimal literature 

focused on the role of 

TMEM132A in cancer 

pathology; however, its ability 

to support cell survival in stress 

conditions suggests it may 

contribute to sustained survival 

and enhanced proliferation in 

malignant tissues (665,666). 
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TNFAIP3 Immune 

Markers & 

Inflammation 

Encodes a protein that 

is induced by the 

cytokine tumour 

necrosis factor and has 

been shown to have 

functions in the 

inhibition of apoptosis 

and inhibition of the 

NF-B pathway (667). 

 

Upregulation of this protein 

has been linked to therapy 

resistance in CRC patients 

(668); however, these findings 

remain controversial as some 

studies also report this gene to 

have tumour suppressor 

functions (669). 

TNFAIP6 Invasion & 

Metastasis/ 

Immune 

Markers & 

Inflammation 

Encodes a secretory 

protein with a special 

binding domain that 

functions to support the 

extracellular matrix and 

contribute to cell 

motility. The 

production of this 

protein is also related to 

inflammatory processes 

(670). 

 

Expression of this molecular is 

can be augmented by T2D; 

however, the relationship 

between this protein and 

malignant pathogenesis remain 

poorly understood (671). 

TNF Immune 

Markers & 

Inflammation 

Encodes the 

proinflammatory 

cytokine tumour 

necrosis factor alpha. 

The roles of this 

cytokine are wide 

ranging as it interacts 

with many cellular 

processes, both 

biological and 

pathogenic (672). 

 

TNF has been highly studied 

and is well documented for its 

role in promoting inflammation 

to stimulate tumourigenesis, 

epithelial-to-mesenchymal 

transition and several other 

malignant processes; 

heightened expression of this 

cytokine is linked to poor 

patient outcomes (673). 

TP53 Cancer 

Onset & 

Progression 

Encodes the TP53 

protein, a transcription 

factor, that is a known 

tumour suppressor 

protein through its 

ability to induce cell 

cycle arrest, apoptosis, 

and DNA repair to 

name a few (674). 

 

Loss of tumour suppressor 

function of TP53 is well 

documented in the literature for 

many different types of 

malignancies, including CRC 

(675). 
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TWIST1 Cell 

Stemness/ 

Epithelial- 

Mesenchymal 

Transition 

Encodes a transcription 

factor with important 

regulatory roles in 

embryonic 

developmental 

processes (676). 

This gene has been implicated 

in many malignant pathologies, 

including CRC; it has been 

reported to induce epithelial-to-

mesenchymal transition and 

promote chromosomal 

instability (677). 

 
TWIST2 Cell 

Stemness/ 

Epithelial- 

Mesenchymal 

Transition 

Encodes a transcription 

factor that helps 

regulate early 

developmental 

processes and may 

inhibit the maturation of 

osteoblasts (678). 

Upregulation of this protein, or 

loss of miRNA that function to 

silence this gene have been 

associated with CRC 

pathology, metastatic disease 

and poor patient outcomes 

(679). 

 
VDR Cancer 

Onset & 

Progression 

Encodes the vitamin D 

receptor protein, which 

is a hormone receptor 

localized in the nucleus 

(680). 

Variants of the vitamin D 

receptor have been reported as 

a plausible mechanism for 

deficiency in this vitamin, 

resulting in enhanced risk of 

CRC onset, progression and 

patient mortality (681). 

 
VEGFA Invasion & 

Metastasis 

Encodes vascular 

endothelial growth 

factor A and has a role 

in the induction of 

vascular endothelial cell 

growth, division and 

migration (682). 

 

Higher levels of VEGFA are 

associated with disease 

progression, invasion and 

metastatic potential in a variety 

of malignancies including CRC 

(683). 

VEGFC 

 

Invasion & 

Metastasis 

Encodes a growth factor 

that acts on endothelial 

cells in blood vessels to 

facilitate angiogenesis 

and vascular endothelial 

cell proliferation and 

may also affect vessel 

permeability (684). 

 

Activation and overexpression 

of this gene has been reported 

in CRC tissues and is thought 

to promote an aggressive 

disease phenotype with 

metastatic capability, leading 

to poor clinical outcomes 

(685). 
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VIM Invasion & 

Metastasis 

Encodes an 

intermediate filament 

protein, a component of 

the cytoskeleton. This 

protein has roles in 

cholesterol transport, 

cell shape, cell 

adhesion, migration and 

signalling (686). 

 

Molecular interactions with 

VIM have been reported to be 

involved in CRC pathogenesis, 

particularly tumour metastasis 

leading to poor clinical 

outcomes (687). 

WNT5A Invasion & 

Metastasis 

Encodes a secreted 

protein involved in cell 

signalling, and is 

critical during 

embryonic development 

(688). 

This protein has been 

implicated in CRC disease 

progression through its 

interactions with tumour-

associated macrophages to alter 

the tumour microenvironment 

to support oncogenesis (689). 

 
WNT5B Invasion & 

Metastasis 

Encodes a secreted 

signalling protein 

involved in cell fate 

determination during 

early development and 

notably fetal gut 

development (690). 

 
 

Variants in this gene are linked 

to disease recurrence in CRC 

patients and has been reported 

to enhance cellular 

proliferation and metastatic 

potential in CRC cells (691). 

ZEB1 Epithelial- 

Mesenchymal 

Transition/ 

Immune 

Markers & 

Inflammation 

Encodes a transcription 

factor that represses the 

expression of 

interleukin 2, as well as 

the expression of E-

cadherin (692). 

 

Expression of this gene has 

been linked to epithelial-to-

mesenchymal transition, 

aggressive colorectal cancer 

phenotypes and poor clinical 

outcomes (693,694). 

ZEB2 Epithelial- 

Mesenchymal 

Transition 

Encodes a transcription 

factor with important 

roles in organogenesis 

during fetal 

development (695). 

Expression of ZEB2 has been 

reported to promote metastatic 

disease and poor overall 

survival and response to 

treatment in CRC patients 

(696). 
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mTOR Cancer 

Onset & 

Progression/ 

Invasion & 

Metastasis 

Encodes a protein 

kinase, mammalian 

target of rapamycin, 

which is involved in 

cellular signalling 

pathways related to 

immune responses, 

metabolic alterations in 

response to nutrient 

concentrations and cell 

migratory capacity 

(697,698). 

 

Aberrant activity of this protein 

has been shown to play a key 

role in CRC pathogenesis by 

sustaining cell growth 

signalling and promoting 

tumour metastasis (699). 

sFas Cancer 

Onset & 

Progression 

The Fas gene encodes a 

cell surface receptor, 

that when bound to its 

ligand, initiates 

apoptosis (284). sFas is 

the soluble form of this 

receptor that impairs 

physiologic apoptosis 

by sequestering the Fas 

ligand and preventing it 

from binding its 

receptor (286).  

 

Loss of function and or 

expression of the Fas protein is 

linked with sustained tumour 

growth and resistance to 

immunotherapies which target 

this receptor to induce 

programmed cell death in 

malignant tissues (287); thus, 

enhanced expression of the 

soluble form reduces the 

function of the cancer-

protective cell surface form of 

the protein (286). 

 
CLTC Housekeeping Encodes clathrin, which 

is a major protein 

expressed in cells to 

coat intracellular 

organelles and function 

in intracellular 

trafficking (700). 

 

These genes are all constitutive 

genes necessary to maintain 

cellular function at the most 

basic level. These genes are 

selected on the basis that they 

should be expressed at a 

relatively consistent level in 

organisms under variable 

conditions including pathologic 

and physiologic conditions. 

Consequently, these genes 

provide data that can be used in 

the normalization of genes 

selected for the NanoString 

custom gene panel. 

GAPDH Housekeeping Encodes an enzyme 

denoted glyceraldehyde 

3-phosphate 

dehydrogenase, which 

functions to obtain 

cellular energy through 

the breakdown of 

glucose (701). 
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GUSB Housekeeping Encodes an enzyme 

denoted beta-

glucuronidase which is 

localized in lysosomes 

to allow for recycling of 

cellular components 

(702). 

 
HPRT1 Housekeeping Encodes a key enzyme, 

a protein transferase 

which functions to 

produce purine 

nucleotides (703). 

 
PGK1 Housekeeping Encodes a key enzyme, 

phosphoglycerate 

kinase, which functions 

to produce cellular 

energy through 

glycolysis (704). 

 
RPLP0 Housekeeping Encodes the large 60S 

ribosomal subunit 

protein (705). 

 
TUBB Housekeeping Encodes the beta 

tubulin protein which is 

a key component of 

microtubules in cells 

(706). 

 
NEG_A-H Negative 

Controls 

N/A NanoString nCounter probes 

are reported to be highly 

specific; however, low levels 

of non-specific probe binding 

is an intrinsic component of the 

assay. To account for the small 

number of false positive reads, 

8 negative controls, denoted 

NEG_G to NEG_H, are 

included in the assay to 

monitor the level of non-

specific binding. 
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POS_A-F Positive 

Controls 

N/A The NanoString codeset 

includes 6 synthetic DNA 

control targets, with known 

concentrations ranging from 

128fM to 0.125fM and 

decreasing in a linear fashion. 

These concentrations 

correspond to POS_A to 

POS_F, respectively. Inclusion 

of these controls allow the 

probe hybridization efficiency 

of the assay to be measured at a 

range of concentrations. 
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