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Abstract 

Immune checkpoint blockade (ICB) has revolutionised treatment for high-mutation burden cancers 

that have deficient mismatch repair systems, and typically exhibit strong intratumoural immunity. 

However, extending this success to low-mutation burden settings that dominate many cancers 

remains a major challenge. For unknown reasons, low mutational cancer cohorts exhibit substantial 

heterogeneity in both the strength of intratumoural immunity, and in clinical prognosis. Colorectal 

cancer (CRC) represents a robust model to investigate such phenomena, since it comprises distinct 

subgroups that are ICB-responsive (microsatellite instability-high, MSI-H) and non-responsive 

(microsatellite stable, MSS) which exhibit high and low mutational burden, respectively. Utilising a 

TH1-centric signature, I demonstrate that MSS patients have a highly variable intratumoural 

immunity and that MHC Class II expression can stratify a high-immunity MSS subgroup (MSS-hi-CIRC). 

Subsequently, using multispectral immunofluorescence, I demonstrate that MSS-hi-CIRC patients 

have an immune infiltrate comparable to ICB-responsive CRC patients (MSI-H), despite substantially 

lower mutational loads and no specific genetic determinants. Finally, I demonstrate differences in 

the microenvironmental immunobiology of MSS-hi-CIRC and MSI-H patients that indicate distinct 

routes to establishing high intratumoural immunity and suggest MSS-hi-CIRC immunobiology results 

from microbiome-driven adjuntivisation of intratumoural immunity. Furthermore, by mining data 

from other low-mutation burden cancers, I demonstrate that MSS-hi-CIRC immunobiology defined 

here might occur across several cancer types. My results therefore indicate that MHC-II level 

stratifies patients with immunobiology like that of MSI-H patients, albeit arising from distinct 

mechanisms. The analyses and mechanistic model proposed have implications for both the 

understanding of differential clinical prognosis in MSS cancer patients, and for the development of 

new immunotherapies and microbiome-based therapies focussed on this grouping.  
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Chapter 1: Introduction
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1.1 Introduction 

Cancer immunotherapy is now a mainstay in the cancer therapy arsenal. Multiple accounts of 

prolonged responses are consistently being reported (Hodi et al., 2010, Borghaei et al., 2015), with 

reduced/more manageable side effects than those described by more conventional therapies. The 

initial success demonstrated by immunotherapies, such as immune checkpoint blockade (ICB) and 

adoptive transfer of CD19-specific chimeric antigen receptor (CAR) T-cells, in basic and translational 

science has accelerated their introduction into the clinic and has now resulted in a plethora of varied 

and efficacious treatments in development (Zhang and Zhang, 2020). Immunotherapies can be 

primarily split into two groups, passive or active. Whereas passive immunotherapies, such as 

antibody immunotherapy, have been used in the clinic for years in the treatment of haematological 

malignancies or the targeting of specific receptors on solid malignancies (Cetuximab, Herceptin, etc.), 

active immunotherapies were initially challenging to implement into clinical practice, due to the 

multiple barriers that an immune response must overcome to be efficacious against cancer. 

 

1.2  Barriers to immune action 

Despite previous attempts, arguably the first successful demonstration of active immunotherapy 

occurred in 1891 by the surgeon William Coley. Coley, having studied the literature, noticed an 

association between sarcoma patients developing erysipelas, an acute skin infection, and their 

spontaneous remission. To validate this association, Coley developed a heat-inactivated concoction 

of gram-positive Streptococcus and gram-negative Serratia marcescens to ‘treat’ inoperable soft 

tissue sarcomas. After injecting the toxin directly into the sarcomas, Coley reported a success rate of 

higher than 10% (Wiemann and Starnes, 1994). The application of this toxin was later shown to have 

produced an immune response at the site of injection – killing the bacteria and bystander tumour 

cells alike (Mellman et al., 2011), and demonstrated the ability of the immune system in eliminating 
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cancer. However, despite Coley demonstrating that immune cells could kill cancer, it was long argued 

that cancer alone could not induce an immune response. Several lines of evidence suggested the 

potential for anti-tumour immunity, such as epidemiological studies of patients and immunodeficient 

mice strains demonstrating a relationship between immunodeficiency and increased tumour 

incidence [reviewed in (Pardoll, 2003)]. Furthermore, the co-existence of cancer and immune 

effectors was demonstrated by Rosenberg and colleagues (1988). This experiment demonstrated 

that cell suspensions from metastases could exert cytolytic activity on primary tumours in vitro 

without the aid of exogenous agents. Rosenberg's study highlighted that not only was cancer 

immunogenic, but it could utilise mechanisms to inactivate responding immune cells. Despite 

researchers reporting difficulty in recapitulating the results of this study, other accounts of natural 

immunogenicity against cancer have been published (Van der Bruggen et al., 1991). Moreover, 

murine studies have demonstrated a vital role for the immune system in shaping the immunogenicity 

of tumours. Tumours grown in immunocompromised mice were shown to be highly immunogenic 

when adoptively transferred to immunocompetent mice, leading to their rapid clearance (Kaplan et 

al., 1998). Together, these studies, amongst many others, have provided clear evidence for the 

theory of cancer immunosurveillance and immunoediting. These concepts, broken down into three 

phases of Elimination, Equilibrium, and Escape state that cancer and the immune system are in 

constant communication. Initially, as cancer develops it presents its mutated peptidome to the 

immune system. These antigens are recognised as non-self, eliciting an anti-tumour immune 

response and elimination of these cells before they develop further. If Elimination does not 

complete, it is succeeded by Equilibrium, the second phase and, perhaps, the longest phase of this 

process. Equilibrium involves a Darwinian-esque cycle in which continual growth of cancer cells and 

subsequent elimination by the immune system shapes the cancer cell pool to demonstrate non-

immunogenic phenotypes. Once established, cancer has reached the last phase where it has 

outwitted the immune system - Escape. Here, cancer proliferates and gathers more mutations which 
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increase its ability to survive (Dunn et al., 2004). Underpinning this, it is now abundantly clear that to 

exist in an immunocompetent host, cancer must employ mechanisms to evade the host’s immune 

system (Hanahan and Weinberg, 2011). 

 

1.2.1 Targeting resistance to immune action 

For an immune response to be deemed successful, it must remove the pathogen but also limit harm 

to healthy tissue. Regarding the T-cell compartment, the immune system has developed an 

immunosuppressive arm (TREGS) and a hard-wired cell-surface system in the form of immune 

checkpoint receptors (ICRs) to ensure appropriate restraint of immune action. ICRs are upregulated 

on T-cell activation to dampen responses by inhibitory signalling and, after chronic TCR stimulation, 

to ensure control through two primary mechanisms: T-cell exhaustion and T-cell apoptosis. T-cell 

exhaustion is characterised by both an upregulation of ICRs, such as Cytotoxic T-Lymphocyte 

Associated protein-4 (CTLA-4) or Programmed Death-1 (PD-1), and a reduction in cytokine release (Li 

et al., 2015). In contrast, T-cell apoptosis occurs through Fas-Ligand acting on its cognate receptor, 

among other mechanisms (Patil et al., 2015). In addition to providing a homeostatic mechanism of 

control, ICRs are often exploited by cancers to inactivate cancer-specific T-cells.  

 

1.2.1.1 CTLA4 

CTLA-4 was, arguably, the first described ICR. Expressed exclusively on T-cells, CTLA-4 binds to the 

same ligands as the co-stimulatory receptor CD28, albeit to a much higher affinity. Although the 

downstream pathways of CTLA-4 action are still yet to be fully elucidated, the most robust evidence 

suggests that CTLA-4 binds ZAP-70 and SYK to prevent tyrosine phosphorylation of the T-cell receptor 

(TCR) (Walker and Sansom, 2015). Therapeutic targeting of CTLA-4 is limited to the receptor, rather 

than including its ligands, due to the promiscuity of the ligands in producing both stimulatory and 

inhibitory responses. Despite this, therapeutically targeting CTLA-4 has shown dramatic success in 
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advanced cancers with Ipilimumab representing the first compound targeting immune checkpoints to 

enter the clinic (Thallinger et al., 2018). Initially, Ipilimumab was assumed to act by blocking the 

ability of CTLA-4 to sequester CD28 ligands from providing the second signal for effector T-cell 

activation. However, subsequent experiments have shown that CTLA-4 molecules are vastly 

increased on TREGS in comparison to effector populations. Furthermore, Ipilimumab, as an IgG1 

antibody, has a very high affinity for Fc receptors used to remove cells by antibody dependent cell-

mediated cytotoxicity (Arce Vargas et al., 2018). Finally, murine studies demonstrated a reduced TREG 

infiltration post-Ipilimumab and combined, these results demonstrate that Ipilimumab may act by 

removing inhibitory TREGS from the microenvironment rather than inhibiting CTLA-4-mediated ligand 

sequestration. However, these results are yet to be recapitulated in human studies, with no 

difference in TREG density pre- and post-Ipilimumab treatment in melanoma, bladder, and prostate 

cancer (Sharma et al., 2019). 

 

1.2.1.2 PD-1 

PD-1 is a type I transmembrane protein consisting of an Ig-like extracellular region and a cytoplasmic 

tyrosine-based inhibitory motif acting to inhibit ZAP-70, a CD3ζ chain-binding protein required to 

potentiate the TCR signal (Sheppard et al., 2004). PD-1 has two cognate ligands, PD-L1 and PD-L2, 

both of which belong to the B7 superfamily. Whereas PD-L1 is expressed ubiquitously on 

haematopoietic and non-haematopoietic tissue alike, PD-L2 is more restricted in its expression to 

haematopoietic tissue (Latchman et al., 2001). Expression of PD-1 ligands, however, is not limited to 

healthy tissue, with expression by tumours reported in a wide variety of malignancies. Tumours 

utilising this mechanism of control target and inactivate T-cells in their immediate vicinity, providing 

a means of immune evasion. Therefore, perhaps unsurprisingly, therapeutically targeting PD-1 or its 

ligands are of great clinical interest. Currently, the FDA has approved five antibodies that 
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therapeutically target PD-1 or its ligands in cancer, but there are many more in clinical trials (Syed, 

2017, Alsaab et al., 2017, Kim, 2017).  

 

1.2.1.3 The current state of checkpoint blockade in cancer 

Collectively, the targeting of ICRs, such as CTLA-4 and PD-1, or their ligands is known as ICB. While 

these antibodies have transformed the outcome of a subset of patients, there remains a group of 

patients who quickly relapse due to acquired resistance, or upon whom ICB has little to no impact. 

Therefore, pivotal to the field is the synergism of ICB with other therapies, including other 

immunotherapies to maximise efficacy. In the Checkmate 012 trial, researchers investigated the 

synergism between Nivolumab (anti-PD-1) and Ipilimumab (anti-CTLA-4) as first-line therapy in non-

small cell lung carcinoma (NSCLC) and demonstrated significant efficacy over single-agent therapy. 

The combination was first approved for first-line treatment of metastatic melanoma in 2015, it has 

since been approved in renal cell carcinoma and is currently being evaluated in several Phase III trials 

for NSCLC (Motzer et al., 2018, Hellmann et al., 2017). Although the authors caveated the Checkmate 

012 trial by suggesting it was completed on patients with high PD-L1 expression and therefore 

performed on those expected to respond, more recent evidence suggests that PD-L1 is less effective 

at predicting response to ICB than first thought. Inconsistencies in the PD-L1 positivity cut-off value 

across trials and the realisation that the cytokine microenvironment profoundly influences PD-L1 

expression, have all dampened PD-L1’s status as a biomarker of ICB success. Few predictive 

biomarkers have been validated to predict response to ICB; however, one that has consistently 

separated patients into responders and non-responders is a high mutational load or a deficiency in 

the mismatch repair (MMR) system (Thallinger et al., 2018). 
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1.3  Immunogenicity and genetics of cancer 

Natural adaptive immunity relies on the presentation of peptides derived from intracellular proteins 

by nucleated cells via major histocompatibility complex (MHC)-I molecules or the capability of 

specialised antigen presenting cells to process and present extracellular antigens via MHC-II to T-cells 

(Blum et al., 2013). With regards to MHC-I-restricted peptides, there is a highly diverse repertoire of 

self-peptides that a cell can present, to which self-tolerance is established, such that these antigens 

won’t induce an immune reaction (Bianconi et al., 2013). However, non-self-antigens which have an 

altered sequence, such as those of bacterial origin, will produce a response. 

 

Critical to the field of tumour immunology is the genetic instability that characterises cancer. Genetic 

instability, arising from inaccurate duplication of genetic data in cells under severe replication stress, 

results in a plethora of mutations which may be subsequently processed and presented as 

neoantigens. Therefore, one of the most significant predictors of an immune response in cancer is a 

high mutational load. When compiling mutation loads for various cancers, Alexandrov et al. (2013) 

found there was a high variability between and within tumours. While tumours which are chronically 

exposed to mutagenic agents, such as lung (tobacco smoke) and melanoma (UV radiation), were 

highest regarding mutation burden, they still displayed a high variability among patients (Figure 1.1).
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Figure 1.1 – The spectrum of mutational burden load in various cancers 
Mutation burdens are plotted for 30 different cancers. Each dot represents a patient with the red line representing the median number of mutations in each 
cancer type. The vertical axis represents the number of mutations per megabase (log transformed). The horizontal axis shows cancer types ordered by median 
mutation rates with the highest burden being seen in Melanoma. Figure and legend were adapted from Alexandrov, et al. (2013). 
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Perhaps unsurprisingly, the cancers which showed the highest mutation burden (melanoma and lung 

cancer) also display the highest sensitivity to ICB, with these therapies becoming front-line in these 

cancers (Alsaab et al., 2017). Attempts have been made to establish a mutation burden cut-off that 

predicts patient response to checkpoint blockade, to expand the cancer types that may usefully 

receive ICB. Rizvi et al. (2015) separated lung cancer patients into high-mutation burden and low-

mutation burden using a cut-off of 200 nonsynonymous mutations and demonstrated prognostic 

differences, however, this cut-off has not been validated clinically and only represents a median 

number of mutations within this cohort. Secondly, Panda et al., (2017) attempted to find a mutation 

burden threshold by investigating whole-exome sequencing and RNA sequencing data from pan-

cancer TCGA patients. Out of the 33 solid cancers investigated, 8 had mutation burden thresholds 

associated with signatures of immune activation. Patients with scores above these thresholds, 

termed immune checkpoint-activating mutation (iCAM) thresholds by the authors, were shown to 

have histological evidence of immune infiltration and a significantly better response to ICB therapy 

than those with lower scores. Importantly, iCAM thresholds could be predicted using pre-existing 

clinical sequencing assays, and therefore could directly impact clinical practice. However, despite 

this, iCAM thresholds were largely found to be surrogates for measures already used to determine 

whether one is eligible for ICB or not, such as microsatellite status for CRC. Although iCAM thresholds 

suggested more patients may be eligible for ICB therapy, there is still no established mutation burden 

cut-off used in clinical practice (Panda et al., 2017).  

 

In addition to a comprehensive investigation of mutational load across multiple cancers, Alexandrov 

et al. (2013) devised an algorithm to extract mutational signatures from whole genome data. 

Hypothesising that cancers occurring by a similar process will give rise to distinct mutation patterns 

and utilising both the base change and the flanking nucleotides either side of the alteration, they 

investigated the frequency of 96 possible single-base changes. Initially, 21 distinct signatures could 
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be delineated. However, this was subsequently extended and validated to 29 signatures each with 

distinct aetiologies and frequencies in different cancers (Alexandrov et al., 2015). Despite not being 

evaluated concerning a response to ICB, one would hypothesise that patients with comparable 

mutational signatures may respond similarly, however, other factors such as MHC haplotype, the 

microbiome, etc., are likely to be significant. Although this is unlikely to influence clinical practice 

directly, due to the expense and time-consumption of sequencing complete genomes, the 

stratification of patients by mutational signatures may highlight some unknown processes that give 

rise to an ICB-sensitive tumour. 

 

Although a high mutational burden is a strong predictor of the efficacy of immunotherapy, it is not 

the sole factor that impacts immunogenicity and, therefore, response to immunotherapies. Defective 

priming and antigen presentation, local immunosuppression by extracellular metabolites, and gut 

flora alterations have all been shown to impact responses to immunotherapies (Routy et al., 2018). 

Therefore, perhaps one of the most pressing issues in cancer immunology is to understand these 

other factors better, with a view to extending the success of immunotherapies to the low-mutation 

burden setting. 

 

1.3.1 Using CRC as a model for investigating the immunobiology of low-

mutation burden cancer 

One cancer in which immunotherapy has produced mixed results is CRC. Considering its high status 

concerning overall mutation burden (Figure 1.1), CRC also shows one of the highest variabilities. 

While there are patients with very high mutation burdens, there are also patients with very low 

levels of mutations, likely arising from the distinct pathways in CRC carcinogenesis. Importantly, ICB 

has been shown to be successful in a distinct group of patients with microsatellite instability-high 

(MSI-H) cancers in comparison to the low mutation burden, microsatellite stable (MSS) and 
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chromosomal instable (CIN) patients (Le et al., 2015). Both success and failure of ICB at the same 

anatomical site means CRC is an attractive human system in which to study the immunobiology of 

both settings. Other cancers also display deficiencies in MMR, most notably endometrial and gastric 

cancer, where they account for ~10% of tumours and share the objective response to ICB seen in 

MSI-H CRC. In fact, a subsequent investigation by Le et al. (2017) assessed the ability of MMR status 

to predict response to ICB across 12 separate tumour types, including endometrial and gastric 

cancers, and demonstrated that MSI-H cancers objectively respond better than MSS cancers to ICB. 

However, whilst collectively CRC MSS patients are deemed non-responders to ICB, 11% of CRC MSS 

patients have been shown to respond. Previous studies completed by this group (Lal, 2016), and 

others (Galon et al., 2006, Mlecnik et al., 2016), have demonstrated that intratumoural immunity is 

highly variable within the MSS grouping, meaning CRC is an appealing model to investigate novel 

routes to increased immunity within low-mutation burden cancer. There is clearly a strong link 

between high mutational burden, strong intratumoural immunity, and response to ICB. However, it is 

also clear that there is great heterogeneity in intratumoural immunity, even in the low-mutation 

burden settings. The drivers of immunity in such settings are unclear, however, understanding the 

basis for this will be important for extending the success of ICB/immunotherapy beyond high 

mutation burden settings – an issue that is highly pertinent to multiple tumour types. 

 

1.4 Colonic anatomy and function 

The human colon is part of the gastrointestinal (GI) tract, which begins at the mouth, finishes at the 

rectum and functions in the final stages of the digestive process. It serves four main roles; 

reabsorption of water, production and reabsorption of vitamins, movement of faeces towards the 

rectum, and to provide a home for an estimated 100 trillion microbial cells constituting the 

microbiome, which are vital for metabolism of polysaccharides, lipids, and peptides that pass 
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undigested through the small intestine. Anatomically, the colon is split into six main parts which 

make up its characteristic ‘broken-rectangle’ shape. The colon begins at the cecum, a pouch-shaped 

structure connected to the appendix. Although the appendix derives from the same embryological 

origin as the cecum, it isn’t considered a part of the large intestine as it does not aid in digestion. The 

next section of the colon, the ascending colon, travels up the right side of the abdomen, connecting 

to the transverse colon at the hepatic flexure. The cecum, ascending colon, hepatic flexure, and the 

proximal two thirds of the transverse colon make up the right-side of the colon and cancers which 

manifest here are collectively known as right-sided cancers. The transverse colon curves at the 

splenic flexure emptying into the descending colon. This structure travels down the left side of the 

abdomen reaching the S-shaped sigmoid colon, where it meets the rectum and anal canal. These 

structures are also grouped together and cancers manifesting here are collectively known as left-

sided cancers. A common embryological ancestor is one of the main reasons that splits the structures 

into being right and left, with those structures manifesting on the right-side of the colon originating 

from the midgut and those on the left arising from the hindgut (Mik et al., 2017).  

 

The various segments of the colon are tasked with specific jobs. At the point of entry into the colon, 

most of the nutrients and up to 90% of the water has already been reabsorbed by the small intestine. 

Despite this, the main function of the ascending colon is to reabsorb water. This concentrates any 

undigested material into stool for storage in the distal colon. In mammalian species, water is largely 

reabsorbed through osmosis of which the gradient for is set up by the selective absorption of sodium 

ions via channels. These channels show a heterogeneous distribution, being in abundance in the 

proximal colon and decreasing along its length thus restricting water reabsorption to the proximal 

colon. In a reverse pattern, the mucus layer which coats the lumenal-most layer (mucosa) is much 

denser as the colon progresses. This is for two main reasons. Firstly, to protect the colonic epithelium 
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from the rough food particles as they harden along the length, and secondly, to provide a protection 

from the increased number of bacterial species living in the distal colon. 

 

1.4.1 Microscopic anatomy 

The colon is organised into four main layers: the mucosa, submucosa, a muscle layer, and the serosa. 

Most lumenal of these is the colonic mucosa. This layer is further divided into two sublayers; a single 

layer of columnar epithelial cells which face the colonic lumen, and an underlying lamina propria. The 

lamina propria is loose connective tissue, housing many different cell types including those from the 

immune system such as B-cells, T-cells, and antigen-presenting cells. Whilst the colonic epithelial 

layer has a much lower immune presence than the lamina propria, it also contains lymphocytes 

which home to this region without antigen-specific activation. Unlike the small intestine, where the 

epithelium is organised into villi and crypts, the colon only has deep glands called the crypts of 

Lieberkühn and is interspersed by flat epithelium (Figure 1.2). At the base of such crypts reside the 

intestinal stem cells (ISCs), characterised by LGR5 expression (de Sousa e Melo et al., 2017), which 

are responsible to support the rapid turnover of cells in the colon. ISCs maintain high cell turnover by 

giving rise to transit amplifying daughter cells (TACs), which undergo rapid proliferation and migrate 

up the crypt wall as they differentiate into all the cell types of the colon. ISCs are few, estimated at 

around 10 per crypt, however, TACs can make up around 25% of cells in the crypt. In terms of 

differentiated cells, there are three major types in the colon. The fewest in number, comprising ~1% 

of differentiated cells, are the enteroendocrine cells. These cells differentiate directly from the stem 

cell compartment rather than the TACs, and function to secrete hormones. In contrast, colonocytes, 

the water-absorbing cells, are the most abundant cell type and account for ~75% of differentiated 

cells. Goblet cells are the last major cell type present in the colon and function to release mucus to 

ease the passage of faeces through the colon, and account for ~24% of differentiated cells (Ingham-

Dempster et al., 2017). Mucus-producing goblet cells are not only vital to easing the passage of 
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faeces, but also to maintaining a physical distance between bacteria and the epithelium. Microbes 

increase in density along the length of the colon, which is reflected by a thickness/viscosity of the 

mucus layer, and by extension an increasing abundance and activity of Goblet cells along the length 

of the colon. These microbes, collectively termed the colonic microbiome, function to digest 

otherwise indigestible material, providing a source of energy in exchange for hospitality in the colon.
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Figure 1.2 – The crypt organisation of normal colonic mucosa 
Schematic of the normal organisation of ‘healthy’ colonic mucosa. Intestinal stem cells (purple) reside at the 
base of the crypt. Wnt, and other factors, are secreted by cells surrounding the crypt (not shown), 
generating a high density of Wnt within the crypt and gradient along the crypt axis. The ISCs are slow 
dividing and maintain the transit amplifying cell (TAC) population (cyan) which are responsible for cell 
replacement. As TACs migrate up the crypt towards the villi they differentiate into either colonocytes (red) 
or goblet cells (yellow). Enteroendocrine cells (not shown) are repopulated directly from the stem cell 
compartment. Dying or dead cells (pale red, or no colour) are shed outside of the crypt through a process 
referred to as anoikis. The arrow depicts the direction of cell migration as cells differentiate. Wnt gradient is 
depicted by grey triangle, where the highest Wnt concentration is at the base and reduces across the axis 
(Ingham-Dempster et al., 2017). 
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1.5 The colonic microbiome 

The human microbiome refers to all species of microorganisms, bacteria, viruses, protozoa, and fungi 

colonising the skin, oral cavity and GI tract, placenta, and vagina. In 2008, the NIH Human 

Microbiome Project was launched to identify all members of the human microbiome and to 

investigate whether a common ‘healthy’ microbiome existed. Using high throughput multi-omic 

approaches, microbial communities were delineated at 18 different body sites in 300 healthy 

individuals at a single time point and generated over 32 terabytes worth of data (Human Microbiome 

Project Data Portal, 2021, The Human Microbiome Consortium, 2012a, The Human Microbiome 

Consortium, 2012b). These data demonstrated that each microbial site had distinct microbial 

communities and that the microbiomes of two healthy people differed vastly from one another. 

Interestingly, over the sampling period, the oral cavity microbiome changed the most drastically 

whereas at other sites, such as the vagina and colon, the microbiome seemed to be more constant 

(Ding and Schloss, 2014). The microbiome has become a ‘hot topic’ in biology, likely due to the 

increasing associations reported with various disease states. In fact, at the time of writing, a PubMed 

search for “microbiome” yields 86,320 results with ~25% of those arising between 2020 and 2021 

(PubMed, 2021). It seems now more than ever scientists are interested in our invisible friends. 

 

In addition to the body sites housing varying compositions of microorganisms, they also differ in 

abundance (The Human Microbiome Consortium, 2012b). The colon is home to between 1010 and 

1012 microbial cells, many orders of magnitude more than anywhere else in the body, and these 

express over 165 times the number of genes than expressed by the human genome. Interestingly, 

90% of the gut microbiota could be classified by just two bacterial Phyla – Firmicutes, and 

Bacteroidetes (Arumugam et al., 2011, Rinninella et al., 2019). Given the bacterial kingdom’s sheer 

abundance in the colon, it is no surprise that it is also the best studied. 
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1.5.1 Functions of the colonic bacteria 

Colonic bacteria primarily reside in the outer mucus layer and the lumen. Here they maintain a 

symbiotic relationship with the host, providing metabolic support in exchange for nutrients in the 

form of undigested/indigestible dietary material or epithelial cells shed by anoikis. Their major 

substrate - indigestible carbohydrates, is primarily processed by saccharolytic fermentation to 

synthesise short-chain fatty acids (SCFAs). Although the proportions of SCFAs vary greatly depending 

on the specific composition of the gut microbiota; acetate, butyrate, and propionate almost always 

comprise the majority (Davis-Richardson and Triplett, 2015). Despite formate and lactate also being 

produced during fermentation, little is known of the action of formate in the colon, and lactate is 

often further metabolised to acetate, butyrate, or propionate by cross-feeding bacteria (Morrison 

and Preston, 2016). Whilst acetate is widely produced by multiple species of bacteria, the production 

of the other main SCFAs (propionate and butyrate) seem to be more exclusive to specific bacterial 

genera. Unfortunately, knowledge of the specific species producing propionate is currently lacking, 

however, butyrate is known mainly to be produced by clostridia, eubacteria, and roseburia microbes 

(Reichardt et al., 2014, Nicholson et al., 2012). All SCFAs are metabolised rapidly in the colon, where 

they act as a major fuel for colonocytes and constitute ~70% of their energy requirements. Despite 

representing the minority of the most common SCFAs, butyrate is the ‘number one choice’ of fuel in 

the colon with it being preferentially oxidised even when competing fuels such as glucose or 

glutamine are present (Liu et al., 2018, Roediger, 1980). Butyrate, and other SCFAs, are well reported 

to have multiple systemic effects (Van Der Hee and Wells, 2021), however, the importance of local 

SCFA action, in particular butyrate, was demonstrated by Donohoe and colleagues in germ-free (GF) 

mice. Colonocytes in GF mice were shown to be in an energy-deprived state in comparison to the 

colonocytes of conventionally raised mice, exhibiting marked decreases in oxidative phosphorylation 

and ATP production, with concomitant increases in colonocyte autophagy and colonic barrier 
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breakdown (Donohoe et al., 2011). Interestingly, the addition of butyrate alone was sufficient to 

rescue mitochondrial dysfunction and prevent autophagy, restoring barrier integrity. Despite the 

colonic microbiome serving the host by providing energy among other vital functions, colonic 

microbes still have the capacity to cause infection/intestinal inflammation in case of a barrier breach. 

However, multiple mechanisms exist to prevent such an interaction between the microbiome and 

the immune system. 

 

1.5.2 Keeping bacteria at bay 

Mechanisms designed to protect from microbial encroachment are largely separated into 

segregation and mediation. Broadly, “mediation” refers to the cocktail of signals exchanged between 

gut microbes and host immune cells. These signals, in the form of cytokines or chemokines, can 

activate T-cell responses which in turn release various cytokines, such as IL-17, which increase 

production of antimicrobial molecules from colonic epithelial cells to prevent bacterial 

encroachment. On the other hand, “segregation” refers to the physical or chemical barriers that 

spatially separate microbes and the immune cells in the underlying lamina propria.  

 

1.5.2.1 Physical and chemical barriers 

Colonic epithelium is covered in a dense mucus produced by goblet cells. Secretion of mucus is 

tightly regulated by the host sensing the presence of microbes or their metabolites such as SCFAs. As 

such, this layer is much thicker in the colon than in the small intestine to compensate for the 

increased bacterial presence. Colonic mucus forms a bilayered structure in which the outer layer is 

more viscous and serves as a habitat to microbes, and the inner is highly structured and largely 

impermeable. The major constituent of both layers is the highly O-glycosylated Muc2 mucin protein, 

with the differences in microbe hospitality and viscosity between the layers owing to the net-shape 

of the Muc2 protein. On release from the goblet cells, Muc2 self-assembles into sheet-like structures. 
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Moving upwards, Muc2 undergoes proteolytic cleavages by the host or by bacterial species that 

inhabit the outer mucin layer. These cleavages do not destabilise the mucin protein, but allow it to 

expand up to 4 times in volume – giving rise to a structure with increased viscosity (Johansson et al., 

2008). Although the inner mucin layer is largely impermeable to microbes, in the absence of dietary 

fibre the selection for Muc2-degrading bacteria occurs. These microbes use the polysaccharide-dense 

Muc2 as fuel, degrading the epithelial cells’ protective barrier and gaining access to the epithelial 

layer (Desai et al., 2016). In addition to physically restraining microbe movement, the inner mucus 

layer is filled with various antimicrobial molecules which chemically impede movement. Although the 

colon lacks the dedicated antimicrobial peptide-making Paneth Cell, the colonic epithelium can 

produce antimicrobial agents such as defensins and secretory immunoglobulin A (S-IgA). Although 

expression of defensins is much lower in the colon than the small intestine, they work to induce 

microbe cell death. Defensins are small, cationic peptides which electro-attract to microbes, which 

by and large, are always negatively charged. Microbial membranes have high expression of the 

phospholipids phosphatidylglycerol and phosphatidylserine, two phospholipids carrying a high 

negative charge due to their acidic nature. Furthermore, these negative charges are further 

exacerbated by the inclusion of lipopolysaccharide (LPS) in gram-negative bacteria, or abundance of 

teichoic or teichuronic acids in gram-positive bacteria. In contrast, mammalian bilayers contain 

phospholipids which have a much more neutral charge, causing antimicrobial agents to repel away 

from the host and attract to sites of infection. After attraction, defensins integrate into microbial 

membranes creating pores which ‘empty’ microbes of their necessities to life, such as metabolites 

and ions, ensuring decoupling of membrane-coupled respiration and death of the microbe (Cobo and 

Chadee, 2013).  

 

In contrast to defensins, the colonic mucus is more densely packed with S-IgA antibodies, although 

still not to the degree of the small intestine. These antibodies, produced by the underlying plasma 
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cells residing in the lamina propria, are transported to the lumen by transcytosis after binding the 

polymeric immunoglobulin receptor on the basolateral surface of epithelial cells. Once in the lumen, 

S-IgA binds exclusively in the less-dense outer mucus layer (Rogier et al., 2014). Here, it is perfectly 

poised to neutralise any microbe attempting to make epithelial contact. In contrast to other 

immunoglobulin molecules, S-IgA is perfectly adapted for mucosal defence. Firstly, as mucosal 

barriers are coated in helpful microbes the translation of microbial presence to the onsite immune 

system would cause unwarranted immune activation. S-IgA are weak activators of the complement 

system - the messenger between S-IgA and an immune response. This means that S-IgA can 

neutralise microbes, but the translation into a potentially chaotic, inflammatory response is 

prevented. Secondly, the majority of S-IgA, especially in the gut, is cross-reactive meaning that S-IgA 

can neutralise a wide variety of pathogens (Mak et al., 2014). S-IgA predominantly neutralises 

bacteria by simply preventing their attachment to the epithelium. The coating of bacteria with S-IgA 

immobilises bacteria, impeding their ability to invade. This method of immobilisation, rather than 

direct killing, allows for the S-IgA-coated-microbiome to still function, however, limits the ability of 

pathogens to infect colonic epithelial cells (Bunker and Bendelac, 2018).  

 

Should the mucus layer be penetrated, and the anti-microbial agents be bypassed, epithelial cells are 

covered in a dense glycocalyx and express multiple tight junction proteins which physically prevent 

bacteria from getting too close or invading paracellularly, respectively. Furthermore, increased 

goblet cell mucus production, defensin and S-IgA production, and increased expression of the tight 

junction proteins; claudin-1 and Zonula Occludens-1, have been documented on SCFA application 

(Wang et al., 2012, Willemsen, 2003, Zhao et al., 2018). These mechanisms act as a positive feedback 

loop which increases barrier function the closer bacteria get.  
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1.5.2.2 Intestinal Epithelial Lymphocytes (IELs) 

Should pathogens breach the barriers, the colon has a dense immune system. In fact, well over half 

of the cells of the immune system are concentrated in the gut (de Kivit et al., 2014) . Most of these 

cells reside underlying the epithelium in the lamina propria, however, some are interspersed within 

the colonic epithelium. These latter cells, referred to as intestinal epithelial lymphocytes (IELs), are 

almost exclusively antigen-experienced T-cells and act as a first-line defence to any microbes that 

have made it past the many barriers previously outlined. Colonic IELs consist predominantly of the 

‘conventional’ (αβ TCR and CD8 αβ heterodimer or CD4) subtype and, in adulthood, are mostly 

induced from naïve T-cells (Mowat and Agace, 2014). These cells, having been primed in secondary 

lymphoid structures such as the colonic patches or the mesenteric lymph node by CD103POS dendritic 

cells, gain their colon-homing capacity by predominantly upregulating the integrin αEβ7 (Dzutsev et 

al., 2017). Once in place, these cells are perfectly poised to provide immediate clearance of any 

pathogen. However, damage must also be limited. These potent inducers of inflammation are in 

contact with a fragile barrier, and therefore must demonstrate dual inflammatory and regulatory 

function. Whilst CD8POS IELs are almost exclusively inflammatory, CD4POS IELs are also present. In the 

steady state, these cells are almost solely forkhead box P3 (FOXP3) positive TREG cells and release the 

anti-inflammatory cytokines, TGFβ and IL-10. In fact, even under inflammatory conditions where 

these CD4 IELs are polarised to a more effector TH fate and are participating in host immunity, these 

cell types are capable of producing IL-10 so as to dampen their TH1 or TH17 inflammatory behaviour 

and limit damage to the vulnerable barrier (Cheroutre et al., 2011). 

 

1.5.2.3 Relaying the message 

In addition to deploying a physical barrier in the mucus layer to keep microbes away, the colonic 

epithelium features prevalent expression of pattern recognition receptors (PRRs) responsible for 

relaying pro-inflammatory or anti-inflammatory signals to the underlying lamina propria immune 
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cells. These receptors recognise conserved pathogen-associated molecular patterns (PAMPs), or 

intracellular patterns associated with perturbations in homeostasis termed danger associated 

molecular patterns (DAMPs). The main families of PRRs with examples of their ligands are shown in 

Table 1.1. Signals conveyed by PRRs in response to their ligands are dependent on their subcellular 

localisation within the polarised IEC layer. By growing human IEC cell lines on microporous inserts, 

one can create a polarised layer of epithelial cells analogous to the human colon. Studies completed 

by Lee et al., (2006) using these polarised layers highlighted that the application of certain toll-like 

receptor (TLR) ligands to the basolateral membrane caused an upregulation of the inflammatory 

cytokine, IL-8, and NF-κB activation - the downstream targets of which are responsible for epithelial 

homeostasis and repair. Interestingly, when the same ligands were applied on the apical side of the 

membrane, no release of IL-8 or activation of NF-κB could be measured by ELISA and EMSA, 

respectively (Lee et al., 2006). Furthermore, when cells were not polarised, IECs reacted similarly to 

application of ligand on the basolateral membrane potentially owing to the loss of polarisation of 

IECs on a barrier breach, demonstrating the importance of ligand localisation in determining the 

appropriate response to commensals versus pathogens.  

 

Perhaps the second most well-described family of PRRs is the NOD-like receptor (NLR) superfamily. 

Unlike TLRs, which have polarised downstream signalling, NLRs are intracellular sensors and 

therefore don’t require polarisation for activation (Al Nabhani et al., 2017). NLRs can be split into two 

main groups. The first of these groups function analogously to basolaterally-stimulated TLRs and 

includes NOD2. NOD2, an intracellular sensor of the Gram-positive and Gram-negative bacterial 

peptide MDP, was the first described susceptibility locus for Crohn’s disease (Hugot et al., 2001, 

Ogura et al., 2001). It is expressed widely in the human colon in various cell types, including those of 

the immune system as well as enterocytes and goblet cells. Whilst NOD2 activation by MDP is poorly 

understood, once activated NOD2 signals via NF-κB, mitogen-activated protein kinases (MAPK), or 
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interferon regulatory factors (IRFs) to increase barrier function (Ramanan et al., 2014) and induce 

inflammatory cytokine production (Kobayashi et al., 2005).  

 

In contrast, the second group of NLRs act as molecular sensors, and cooperate with other adaptor 

proteins to form an ‘inflammasome’. These proteins recruit ASC and pro-caspase-1 to form the 

inflammasome complex. This complex, capable of cleaving pro-caspase 1 into its active form, permits 

the cleavage of pro-IL-1β and pro-IL-18 into the active pro-inflammatory cytokines, IL-1β and IL-18 (Li 

and Wu, 2021). Whereas IL-1β has been shown to be capable of inducing TH17 differentiation, 

promoting inflammation, IL-18 has been linked to epithelial repair, and the induction of MHC class II 

on IECs (Van Der Kraak et al., 2021). 
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Table 1.1 – Non-exhaustive list of human Pattern Recognition Receptors (PRRs) 
Condensed from Table 1 and the main text in Li and Wu (2021). 
Abbreviations - dsRNA; double-stranded RNA, ssRNA; single-stranded RNA, iE-DAP; γ-D-glu-meso-diaminopimelic acid, MDP; muramyl dipeptide, MyD88; myeloid 
differentiation factor 88, TRIF; TIR domain-containing adaptor protein-inducing interferon β, RIP2; receptor-interacting serine threonine protein 2, TAK1; 
transforming growth factor-β-activated kinase 1, NF-κB; nuclear factor κB, MAVS; mitochondrial antiviral signalling protein, TRAF6; tumour necrosis factor 
receptor-associated factor, TBK1; TANK-binding kinase 1. 
Family PRR PAMP Sources Signalling Pathway 

Toll-like Receptors (TLRs) 

TLR1 (TLR1-TLR2) Triacyl lipopeptide Bacteria MyD88-dependent 

TLR2 (TLR1-TLR2, 
TLR2-TR6) 

Lipoteichoic acid Bacteria 

MyD88-dependent 

Arabinomannan Mycobacterium 
Peptidoglycan Bacteria 
Zymosan Fungi 
Lipoprotein Mycoplasma 
Pore Protein Neisseria 

TLR3 dsRNA Virus TRIF-dependent 

TLR4 (MD-2/CD14) 
Lipopolysaccharides (LPS) Bacteria MyD88-dependent and TRIF-

dependent Heat-shock proteins Host 
TLR5 Flagellin Bacteria MyD88-dependent 

TLR6 (TLR2-TLR6) 
Lipoteichoic acid Bacteria 

MyD88-dependent Peptidoglycan Bacteria 

TLR7 
ssRNA Virus 

MyD88-dependent 
Imidazoquinoline Artificially synthesised 

TLR8 ssRNA Virus MyD88-dependent 
TLR9 Non-methylated CpG DNA Bacteria and Virus MyD88-dependent 
TLR10 dsRNA Virus MyD88-dependent 

Nucleotide-binding 
oligomerization domain-like 
receptors (NLRs) 

NOD1 IE-DAP Gram-negative bacteria 
RIP2-TAK1-NF-κB pathways NOD2 MDP Gram-negative bacteria and 

Gram-positive bacteria 
NLRP1 Anthrax toxin Bacteria 

Inflammasome Complex NLRC4 Flagellin Bacteria 
NLRP3 Pore-forming toxins, M2 protein, 

Hemozoin 
Bacteria, viruses, parasites 
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DAMPs - (ATP, Hyaluronan, Alum) 

RIG-I-like receptors (RLRs) 

RIG-I 5’ triphosphorylated RNA, short-chain 
dsRNA 

Virus 
MAVS-TRAF6- NF-κB/TBK1 
pathways MDA5 Poly IC, long chain dsRNA Virus 

LGP2 dsRNA Virus 
C-type lectin receptors (CLRs) Dectin-1 β-Glucan  Fungus Tyrosine kinase-dependent 

and non-tyrosine kinase-
dependent pathways 

Dectin-2 α-Mannan  Fungus 

Absent in melanoma-2-like 
receptors (ALRs) 

ALRs dsDNA Bacteria Inflammasome-pyroptosis 
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Finally, the production of reactive oxygen species (ROS) can have varied effects depending on the 

cellular source, the enzyme that has produced it, and the primary oxygen species produced. For 

example, ROS produced by the phagocyte-limited NADPH oxidase (NOX) 2 enzyme will produce large 

quantities of superoxide after engulfing microbes. Superoxide will be subsequently converted to 

hydrogen peroxide and then to the highly reactive hypochlorous acid which destroys bacterial 

proteins and inhibits bacterial cell division (McKenna and Davies, 1988, Aviello and Knaus, 2018). In 

contrast, ROS production by IECs is vital to ensuring barrier integrity. Production of ROS by colonic 

IECs is chiefly performed by NOX1 and dual oxidase (DUOX) 2. These enzymes, activated by upstream 

PRR signalling, produce ROS, which inactivate redox-sensitive tyrosine phosphatases, leading to the 

formation of focal adhesions - a vital process in wound healing, and restoration of barrier function 

(Swanson et al., 2011). In addition to their role as intracellular messengers, ROS release from IECs 

can have roles as intercellular messengers, most notably by communicating with the dense immune 

presence in the underlying lamina propria. ROS action on T-cells is complicated. Whilst low 

concentrations of intracellular ROS are vital for T-cell activation, proliferation, and differentiation, 

high levels of extracellular ROS such as those released by immunosuppressive cells, are toxic to T-

cells (Yarosz and Chang, 2018). Likely reflecting internal expression of antioxidants, such as 

superoxide dismutase (SOD1) or glutathione (GSH), various T-cell subsets have differing sensitivities 

to a high ROS microenvironment (oxidative stress). By subjecting freshly isolated TREG cells to 

increasing hydrogen peroxide concentrations, the Kiessling laboratory demonstrated increased 

viability of TREG cells in comparison to conventional (CD4pos CD25neg/low) T-cells. In fact, TREG cells 

survived and maintained their suppressive activity at H2O2 concentrations which killed half of the 

conventional cell subset (Mougiakakos et al., 2009). This selective ability of TREGS to survive, and 

function, under severe oxidative stress, selectively dampens the inflammatory response and acts as 

an important negative feedback mechanism to limit tissue damage. 
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1.5.2.4 Lamina propria lymphocytes (LPLs) 

The colonic lamina propria is filled with an abundance of immune cells. Previously, studies 

attempting to characterise this compartment have been limited to animal models or tissue that has 

been surgically removed due to disease. However, in 2013, a collaboration between the New York 

Organ Donor Network and the Organ Procurement Organisation offered the chance to investigate 

the immune composition of 8 different tissues in 24 individuals with healthy immune systems. 

Samples were taken prior to organ transplantation from organ donors who died suddenly from 

traumatic causes. These samples were subsequently digested and subjected to flow cytometry for 

analysis. Analysis of colonic tissue demonstrated that whilst the colon had an enrichment of B-cells in 

comparison to other tissue areas, colonic lymphocytes were around 8 times more likely to be of the 

T-cell subset rather than B-cells (Sathaliyawala et al., 2013). These T-cells, predominantly of an 

effector memory phenotype, can be both CD4POS and CD8POS but, in contrast to the IEL compartment, 

are twice as likely to be CD4POS. This CD4POS LPL compartment is highly diverse, with TH1, TH2, 

FOXP3POS TREGS, and TH17 cells all being reported. Interestingly, whilst the distribution of TH1 and TH2 

cells didn’t seem to vary along the length of the colon, there seems to be an inverse relationship 

between TH17 and TREGS, with later stages of the colon demonstrating larger TREG populations and a 

lower TH17 cell abundance (Mowat and Agace, 2014) so as to preserve the anti-inflammatory state of 

colonic homeostasis. Despite differing inflammatory actions, TH17 and TREGS take a similar journey in 

their differentiation from naïve CD4 T-cells. Both have a requirement for TGFβ in their 

differentiation, although it may be replaced by IL-1β for IL-6-mediated TH17 differentiation 

(Ghoreschi et al., 2010). Therefore, in an environment rich in TGFβ and the absence of IL-6, naïve CD4 

T-cells will take on a TREG fate, whereas if both TGFβ and IL-6 are present, T-cells will take on a TH17 

fate. The dual promoting behaviour of TGFβ likely lies in a concentration-dependent functionality. At 

low concentrations, it can synergise with IL-6 to promote TH17 differentiation through inducing the 

IL-23 receptor (IL23R) whereas at higher concentrations TGFβ represses IL-23R and promotes FOXP3 
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expression. The differentiation into these two subtypes, therefore, is highly dependent on the 

surrounding cytokine milieu, in which a microbe-rich (high in IL-6) microenvironment favours TH17 

differentiation over TREG fates. TH17 CD4POS cells, as well as directing CD8POS T-cells via IL-21, have 

direct antimicrobial function (Cai et al., 2016). IL-26, thought to be characteristic of highly 

differentiated TH17 cells, has a cationic amphipathic structure working analogously to the defensin 

molecules (Pène et al., 2008, Meller et al., 2015). Whilst it is generally accepted that TH17 cells are 

useful for the protection against extracellular pathogens, they also kill intracellular parasites. In 

mouse models of Trypansoma cruzi infection, Cai and colleagues showed that allogenic adoptive 

transfer of parasite specific TH17 cells conferred a greater protection from T. cruzi mortality than 

those from a TH1 differentiation status. Furthermore, this action was linked predominantly to their IL-

17A-dependent induction of NOX enzymes on macrophages (Cai et al., 2016). The production of ROS, 

and TH17 cells are therefore intertwined. Whilst the cytolytic ability of TH17 seems to predominantly 

reside in the utilisation of ROS, the presence of ROS negatively feedbacks to inhibits the action of 

TH17 and other effector-TH subsets. These feedback mechanisms are vital for resolving inflammation, 

and ensuring colonic homeostasis is maintained. 

 

1.5.2.5 The importance of being immunologically idle 

The colonic epithelial layer represents one of the most incredible immunobiological and 

microenvironmental balancing acts that exist. It is in constant contact with potential pathogens, but 

it must remain one of the most fragile barriers to permit nutrient uptake and function effectively. 

This combination means that harmonising inflammation and tolerance is vital. Uncontrolled 

inflammation is not only potentially devastating to barrier function such as that apparent in 

inflammatory bowel disease (IBD), but also in terms of the potential transformation of ISCs, driving 

CRC. Unlike the small intestine in which the ISCs are buried deep in crypts, the crypts of the colon are 

much shallower and are therefore more at risk of inflammation-induced transformation. These 
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differences are translated to increasing abundances of tolerance-inducing cell types along the length 

of the intestine (Mowat and Agace, 2014), but also to increasing abundances of mucus producing 

goblet cells as you enter the crypts, enabling increased protection of the ISCs from microbial 

encroachment. Protection, and maintenance of the ISC population is vital for healthy colonic 

function. 

 

1.5.2.6 Maintenance of the ISC niche 

ISCs give rise to all differentiated cells of the colonic epithelium and therefore ISC maintenance is 

tightly regulated. Maintenance of the ISC niche is performed by a multitude of cell types as well as 

the physical action of the extracellular matrix. To investigate which signals were important for ISC 

maintenance, Kosinski et al. (2007) characterised gene expression profiles in various 

microanatomical locations of the human colonic crypt. By separating the crypt into cells located at 

the top and at the base, they could perform differential gene expression analysis to determine which 

pathways are being regulated in the stem cell compartment. Unsurprisingly, “Cell Cycle” and “DNA 

replication” gene ontology (GO) terms were detected as significant for cells in the base of the crypt 

with respect to the top, consistent with these cells being proliferative ISCs. Interestingly, Wnt-related 

genes were significantly increased in the base of the crypt, and those that are induced by 

interruption of Wnt signalling were induced at the colon tops. This provided key evidence that Wnt 

pathways are a major determinant of cell behaviour, by differentially regulating pathways such as 

cell proliferation, migration, and differentiation across the colon crypt axis (Kosinski et al., 2007, 

Neumann et al., 2014). The action of Wnt on ISCs is of special interest in CRC as inactivating 

mutations in adenomatous polyposis coli (APC) are highly prevalent. Inactivating APC mutations are 

often a first port of call in many tumours because of APC’s normal role in regulating destruction of 

the intracellular mediator of Wnt signalling, β-catenin. β-catenin is a constitutively produced 

transcription factor that, when not destroyed, acts to increase transcription of Wnt-target genes - 
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most notably c-Myc which controls cell proliferation. In the absence of Wnt, β-catenin is destroyed 

by the Axin complex of which APC is an integral part (MacDonald et al., 2009). In the presence of 

Wnt, however, this complex is disrupted by recruitment of scaffolding proteins to the membrane and 

β-catenin accumulates. Inactivating APC mutations, therefore, mimic the presence of Wnt by causing 

disruption of the Axin complex leading to increased proliferation of the epithelium. Although 

heterozygous mutations in APC can be hereditary in a condition called Familial Adenomatous 

Polyposis, most APC mutations are spontaneous. In both pathways, however, the second allele is 

often lost through loss of heterozygosity. The progression of CRC from adenoma to invasive 

carcinoma is, perhaps, one of the best characterised pathways in multistep carcinogenesis. 

 

1.6 Colorectal Cancer 

CRC, also known as bowel cancer, refers to tumours arising in both the large intestine and rectum. 

Despite these cancers having clear progression routes and prognoses, they are primarily classified 

together due to their shared basic biology (Perez-Ruiz and Berraondo, 2016). Despite incidence and 

mortality declining over the past few decades, likely due to better screening measures and improved 

awareness of preventable risk factors, CRC remains the second most common cause of cancer-

related death in the United States when both genders are combined and, therefore, continues to be 

a significant clinical burden (Siegel et al., 2020). 

 

1.6.1 CRC Carcinogenesis 

CRC development often first involves benign growths of the mucosa (polyps). These growths can be 

classified into two main types, the most common of which are adenomatous polyps and commonly 

referred to as adenomas. Whilst polyps are usually harmless and can be routinely removed during a 

colonoscopy, if left over time, they can grow into the wall of the colon or rectum and become cancer. 
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The genetic model for progression from adenoma to invasive carcinoma in CRC was first postulated 

by Fearon & Vogelstein in 1990 and follows two main routes from normal epithelium to carcinoma: 

chromosomal instability (CIN) and microsatellite instability (MSI) (Figure 1.3).
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Figure 1.3 – Genetic and epigenetic changes that occur in CIN and MSI routes to CRC 
carcinogenesis 
Schematic depicting the stepwise gain of genetic/epigenetic changes that must occur in colorectal 
cancer progression. Alterations are split by the two main routes: chromosomal instability (CIN) and 
microsatellite instability (MSI) and outline the changes most associated with each route. Adapted from 
Tariq and Ghias (2016). 
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Whilst both pathways (MSI and CIN) demonstrate a tendency for inactivating APC mutations, 

mutated APC has been suggested to be particularly key in the development of CIN tumours. Although 

an imperfect relationship exists between APC mutations and the likelihood of CIN-driven CRC, 

experiments have demonstrated the role for APC in ensuring dividing cells receive equal numbers of 

chromosomes during division. After engineering mouse embryonic stem cells to express a defective, 

truncated version of APC, Kaplan et al. (2001) found that daughter cells often acquired unequal 

numbers of chromosomes. Furthermore, they later showed that APC localised to the kinetochore 

with wildtype, but not truncated, APC also binding the positive end of microtubules. These findings 

place APC centrally in regulating the segregation of chromosomes during mitosis, and thus, it is not 

too speculative to suggest that defective APC plays a large role in subsequent development of CIN. 

Comprising the remaining 15-20% of CRCs are those developing via MSI. MSI tumours can arise 

through a genetic predisposition – Lynch Syndrome, although the majority of MSI CRC cases are 

sporadic. Lynch syndrome patients possess a germline mutation in the MMR system used to correct 

DNA mutations that may be generated during DNA replication. These tumours, therefore, exhibit 

large quantities of mutations scattered across the genome. These two biological subtypes of CRC are 

important, as they often have differing clinical features, including prognoses and potential 

treatments (Tariq and Ghias, 2016). 

 

1.6.2 CRC Diagnosis & Classification 

Early diagnosis of CRC has vastly improved over the last few years, most notably due to the 

introduction of population-based CRC screening programs. In the UK, these screening programs 

invite men and women between the ages of 60 and 74 years to take part. They have drastically 

improved mortality rates due to the ability to diagnose CRC in its asymptomatic form by completing 

home-test kits or routine colonoscopies in high-risk individuals. Conversely, early diagnosis of CRC in 

symptomatic patients poses an issue in that many of the early signs of CRC are shared with non-
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neoplastic conditions. Whilst severe abdominal symptoms, such as rectal bleedings, pain, or a change 

in bowel habits may be an indication of CRC, these symptoms are nonspecific and insufficient for a 

diagnosis of CRC. Despite this, clinicians will often perform a colonoscopy for patients reporting 

abdominal symptoms on the suspicion of CRC. A colonoscopy is an examination in which a thin tube 

with a small camera and light is inserted into the rectum and moved along the length of the colon to 

check for any abnormalities that may indicate CRC. If abnormal areas are encountered, then a biopsy 

will be taken and analysed by a pathologist (CRUK, 2015). Once a diagnosis of CRC is confirmed, 

staging must be undertaken. Staging in the UK largely follows the tumour-node-metastasis (TNM) 

staging criteria first set out in 1946 (Denoix, 1946) and last re-evaluated for CRC in 2017 

(Weisenberg, 2017). 

 

1.6.3 Stratification approaches towards CRC 

While current clinical assessment mainly relies on tumour-node-metastasis (TNM) staging 

(Weisenberg, 2017), there have been several attempts to introduce stratification approaches to 

improve the prediction of clinical outcome or the response to particular therapies. Perhaps the most 

widely adopted stratification criterion to complement TNM staging is based on MMR status, now a 

standard test in most hospitals. MMR is a highly conserved system which repairs erroneous 

insertions and deletions that can occur during DNA replication. Testing of MMR status can be 

completed using immunohistochemistry (IHC) on paraffin-embedded tumour tissue, by staining for 

the MMR proteins (MLH, MSH2, MSH6, and PMS2), however, this is often validated by PCR (fragment 

analysis) if the results are inconclusive (Lindor et al., 2002). Generally considered more accurate, 

fragment analysis can be completed by utilising a panel of five validated nucleotide repeat sequences 

(two mononucleotide repeats in BAT26 and BAT26, and three dinucleotide repeats in D2S123, 

D5S346, and D17S259), termed the Bethesda panel. Whilst the utilisation of this panel did 

standardise the procedure, the inclusion of dinucleotide repeats has been questioned due to these 
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being less sensitive and specific for the identification of MMR-deficient cancers. It is now advised 

that MSI-H be called using a pentaplex panel of mononucleotide repeats (BAT25, BAT26, NR21, 

NR24, and NR27) (Murphy et al., 2006). Irrespective of whether the Bethesda panel or the pentaplex 

PCR assay are used, the number of loci which demonstrate instability stratifies the results of 

fragment analysis into distinct groups (Table 1.2). Although an MSI-L group is also defined in these 

criteria as containing one marker of instability, subsequent studies have found no qualitative reason 

for the distinction between MSI-L and MSS (Pawlik et al., 2004). In contrast, MSI-H tumours have a 

specific clinical profile. They have presentation features such as being localised to the proximal 

(right) colon, poor differentiation, an abundant lymphocytic infiltrate, and are eligible for ICB 

therapies (Boland and Goel, 2010, Buckowitz et al., 2005). MSI-H tumours also largely have a 

favourable prognosis, especially in those with localised disease with these tumours demonstrating a 

higher disease free survival, regardless of stage. The opposite is true for recurrent MSI-H tumours, 

however. Post-recurrence survival was much worse for MSI-H patients than MSS patients and 

therefore a significance in overall survival between MSI-H and MSS is rarely seen. The reasons for a 

reduced recurrence survival are likely many-fold. However, a major reason is due to the lack of a 

curative option for recurrent MSI-H tumours. These tumours have an inherent resistance to 

chemotherapies, due to the lack of an intact MMR system, and therefore aren’t eligible for this type 

of therapy (Kim et al., 2016b). 
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Table 1.2 – Criteria for separating patients based on microsatellite instability loci 
Microsatellite status is determined based on the number of microsatellites detected by PCR. This can be 
based on either the Bethesda panel (BAT25, BAT26, D2S123, D5S346, D17S250), or a pentaplex panel of 
mononucleotide repeats (BAT25, BAT26, NR21, NR24, and NR27). 
Microsatellite Status Description 
Microsatellite Stable (MSS) No markers show instability 
Microsatellite Instability – Low (MSI-L) One of the five markers show instability 
Microsatellite Instability – High (MSI-H) Two or more markers show instability 
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Many researchers have attempted to develop classifiers that alter clinical practice, however, 

alongside the Immunoscore classification (see below), perhaps the closest to doing so are the 

Consensus Molecular Subgroups (CMS groups) suggested by Guinney et al (2015). Guinney and 

colleagues identified that discrepant results between studies was the main reason biological 

stratifications had struggled to access the clinic. They aimed to create a ‘methodological framework’ 

in which a set of subgroups could be delineated across various data processing and sample 

preparation methodologies, within diverse patient cohorts, and across gene expression platforms. By 

establishing the “CRC Subtyping Consortium (CRCSC)”, six independent classifiers and 18 separate 

data sets spanning multiple RNA sequencing platforms were used to build a classifier. This classifier 

converged on four, distinct consensus molecular subgroups (CMS). By incorporating other data 

sources such as mutation, copy number, methylation, microRNA, and proteomics, it was shown that 

each of these groups had distinct characteristics. 14% of CRC had a CMS1 subtype. These cancers 

represented the conventional MSI-H subtype with hypermutation, immune infiltration, and poor 

post-relapse survival characteristics being their defining features. The majority of CRC, however, fell 

in the CMS2 subtype, with 37% of cancers having high levels of copy number alterations and high 

signalling through the wnt and myc pathways. In contrast, CMS3 cancers represent the fewest in 

abundance, representing only 13% of CRC. These cancers are made up from both MSI-H and MSS 

cancers and have KRAS mutations, low levels of copy number alterations, and metabolic 

dysregulation as defining features. Lastly, CMS4 cancers or the “mesenchymal subgroup”, made up 

23% of CRC. These cancers have high levels of stromal immune infiltration, TGFβ activation, and 

increased angiogenesis. Multiple studies have highlighted the CMS4 subgroup as having the worst 

relapse-free survival and overall survival out of all the CMS subgroups and are therefore in dire need 

of targeted therapeutics (Guinney et al., 2015). Subsequent trials, such as the randomised MAX trial, 

have attempted to target the hallmark of angiogenesis in CMS4 cancers by combining chemotherapy 

with the anti-VEGF drug – bevacizumab, although to no avail. The authors found that CMS2 and 
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CMS3 benefitted much more from the addition of bevacizumab than CMS1 and CMS4 (Mooi et al., 

2018). These therapies, however, were only tested in metastatic disease. CMS subtyping is 

completed on primary tumours; therefore, it is conceivable that CMS subtype could change between 

primary and advanced disease (Pfeiffer and Qvortrup, 2020). Despite attempts to utilise CMS 

subgroups clinically, at the time of writing, they are yet to influence any practice. 

 

1.6.4 Management of CRC 

Current management of CRC is mainly dependent on the stage of disease. Generally, regarding 

tissue-limited cancer, patients undergo a colectomy where the affected tissue is surgically removed. 

After CRC develops to the point of presentation with lymphatic metastases, patients receive 

additional adjuvant chemotherapy administered over six months. Progression to metastatic CRC 

(mCRC) means palliative treatment is generally used unless the metastases can be surgically 

resected. Palliative treatment for stage IV CRC patients consists of the combination of surgery, 

chemotherapy, and radiotherapy, although ICB therapies have recently been added as an option for 

a select group of patients (Cancer.Net Editorial Board, 2012). Patients who have progressed after 

treatment with chemotherapy, or have mCRC and test positive for MMR deficiency are currently 

eligible for Pembrolizumab (PD-1 blockade) as second or third-line therapy (Fellner, 2017). Recent 

trials have demonstrated Pembrolizumab has high success in MSI-H settings, with a progression-free 

survival at 20 weeks of 78% in the MSI-H setting, compared to 11% in MSS (Le et al., 2015). After 

successful Phase II trials in MSI-H CRC patients (Le et al., 2020), a recently closed Phase III clinical trial 

(KEYNOTE-177) investigated Pembrolizumab as a first-line therapy in cancers with deficient MMR 

systems (ClinicalTrials.gov, 2020). Whilst analyses regarding overall survival are still ongoing, initial 

data suggest that pembrolizumab was superior to chemotherapy with regards to a longer relapse 

free survival and a reduced likelihood of treatment-related adverse events. These results could well 

justify pembrolizumab to be escalated to front-line therapy soon (Shiu et al., 2021). 
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1.6.5 CRC Immunology 

Despite the success of immune checkpoint blockade being primarily limited to a subset of CRC 

patients to date (MSI-H), much emphasis has been placed on delineating the role of the immune 

infiltrate in CRC. Over the past 15 years, studies have consistently reported the improved prognosis 

of patients with a denser immune infiltrate (Galon et al., 2006). However, the type, location, and 

abundance of the various effectors are likely to impact prognosis. While reports for some effectors, 

such as eosinophils and mast cells may reflect the stage of disease rather than an active immune 

response to a tumour, reports of CD8 and CD4 αβ T-cells are more reliably considered as indicative of 

a systemic immune response (Dalerba et al., 2003).  

 

1.6.5.1 Immune landscape in CRC 

Functionally, αβ T-cells are divided into two main groups – effector and regulatory. The effector 

population, primarily comprising CD4POSFOXP3NEG and CD8POS T-cells, are further subdivided based on 

function, whereas the regulatory compartment (TREGs) is typically defined as CD4POSFOXP3POS. 

Expression of CD4 or CD8 discriminates function in the effector compartment. Whereas CD8POS T-cells 

are conventionally regarded as classical “effectors” in that they are cytolytic and act to remove cells 

expressing aberrant/non-self-peptides on MHC-I molecules, CD4POS T-cells are generally classified as 

helper T-cells (TH). TH cells canonically act to orchestrate an immune response by adopting 

functionally distinct phenotypes. Historically, only two TH subsets were defined – TH1 and TH2. TH1, 

which can be phenotypically delineated by their expression of T-bet, act to clear intracellular 

pathogens by secretion of IFNγ and activation of CD8POS T-cells, whereas TH2 cells, characterised by 

GATA3 expression and release of IL-4, are biased towards an extracellular response and act to 

increase humoral immunity. From a cancer perspective, a strong emphasis has been placed on the 

importance of TH1 cells in the anti-tumour response, since the action of these cells in increasing 
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intracellular presentation of processed antigen would be expected to result in tumour clearance due 

to the increased number of non-tolerised antigens arising from cancer mutation. More recently, 

however, other TH phenotypes have been delineated, of which possibly the most famous is TH17. 

TH17 cells, identified by their expression of RORγt and named for their characteristic production of IL-

17 cytokines (IL-17A-F), normally function to maintain mucosal barrier function and contribute to 

pathogen clearance at these sites (Curtis and Way, 2009). While the impact of TH1 and TH2 cells in 

cancer is relatively well established, the effects of TH17 cells in cancer are still controversial, with 

many arguing that their impact is mostly dependent on the cancer site. The existence of these 

distinct phenotypes of TH cells, however, does highlight the importance of delineating the phenotype 

of immune cells when linking immune infiltrate with outcome.  

 

Arguably the most comprehensive study completed on immune presence in CRC was carried out by 

Galon and colleagues (2006). This study was one of the first to demonstrate the impact that an 

immune-based stratification technique could have in CRC. By first identifying a cluster of TH1-centric 

genes whose expression was inversely correlated with tumour recurrence, Galon et al. (2006) 

demonstrated that functional polarisation towards a TH1 fate was vital for patients to gain a clinical 

benefit. However, despite highlighting the importance of this functional phenotype for patient 

outcome, Galon et al. went on to determine the influence of geographical location of immune 

subsets in determining patient outcome. Utilising IHC stains for CD8 and CD3, they separated CD8POS 

and CD3POS T-cells in patient biopsies into those in the tumour core (CT) and those at the invasive 

margin (IM). Based on these metrics, they found they could stratify patients into various groups, 

each with distinct disease-free survival and overall survival statistics. Furthermore, the combination 

of CT and IM metrics into a single score increased the accuracy of survival prediction and led to the 

development of the “Immunoscore”. Recently, Mlecnik et al. (2016) demonstrated that the 

Immunoscore was more prognostic than MMR status although its utility as a predictive biomarker for 
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ICB is still being investigated. The ease of staining for two markers will likely accelerate the adoption 

of the Immunoscore into the clinic; however, it is likely to be incorporated into TNM staging as a 

revised TNMI staging paradigm, rather than a standalone test (Donnem et al., 2016). 

 

1.6.5.2 Coordinated immune response cluster (CIRC) 

Adopting a similar approach to that of Galon and colleagues, Lal et al. (2015) utilised a self-curated 

set of immune-related genes as a surrogate for immunity for comparison across publicly available 

CRC patients' microarray data (The Cancer Genome Atlas, 2012). After defining clusters using two-

dimensional hierarchical clustering, they found a central group of genes which were co-ordinately 

expressed across patients (Table 1.3), and subsequently termed this the Coordinate Immune 

Response Cluster (CIRC). This geneset was extended to include 4 more genes which, by visual 

analysis, followed the trend of the central group determined by hierarchical clustering. Whilst the 

addition of these genes is unlikely to affect a strong expression of the CIRC signature, it does 

introduce noise and deflects from the unbiased analysis in which the geneset was produced. CIRC 

expression was almost uniformly increased in MSI-H patients, whereas MSS patients had a more 

variable expression of the CIRC signature with MSS patients being split across all four clusters (Lal et 

al., 2015). Subsequently, by comparing CIRC scores between MSS patients and MSI-H patients, Lal 

(2016) suggested an arbitrary cut-off based on MSI-H patients to highlight a subset of MSS patients 

with a similar CIRC score. As MSI-H tumours are well documented to have a dense immune infiltrate, 

it was hypothesised that these patients might also share a comparable immune infiltrate and thus 

may be eligible for ICB therapies, however, the nature of this infiltrate is currently unclear.
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Table 1.3 – Genes within the initial gene list, including those which formed the Coordinate 
Immune Response Cluster (CIRC) 
All genes in the table represent those that Lal (2016) curated to investigate an immune response. Those 
highlighted in red resemble the 24 genes which were co-ordinately expressed and formed the CIRC 
signature. Adapted from Lal (2016). 

Initial gene list used to delineate the CIRC signature 
ACTB CXCL9 HLA-DRB5 RAET1E 
CCL11 GNLY ICAM1 RAET1G 
CCL2 GZMB ICOS STAT1 
CCL5 HAVCR2 IFNγ STAT3 

CD247 HLA-A IL12RB2 TBX21 
CD274 HLA-B IL17A TNFRSF14 
CD3D HLA-C IL18RAP TNFSF4 
CD3E HLA-DMA IL7R ULBP1 
CD3G HLA-DMB IRF1 ULBP2 
CD4 HLA-DOA KLRK1 ULBP3 

CD80 HLA-DOB LAG3 VCAM1 
CD86 HLA-DPA1 MADCAM1 VTCN1 
CD8B HLA-DPB1 MICB  
CTLA4 HLA-DQA1 PDCD1  

CX3CL1 HLA-DQA2 PDCD1LG2  
CXCL10 HLA-DRA PROCR  
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1.7 Project aims 

In this thesis, I investigate the potential for immune presence in low-mutation burden cancers using 

CRC as a model human cancer. Possibly the most significant challenge in the field of cancer 

immunology is to extend the success of ICB to the low mutation burden setting. To date, ICB has had 

success in cancers with high mutation burdens, such as melanoma and lung cancer, or subsets of 

cancers which have deficiencies in the MMR system. However, most cancers, on average, display 

much lower mutational burdens and, therefore, are not eligible for ICB based on current 

stratification approaches. While it is clear a high mutation burden is pivotal in driving strong 

immunity in the tumour microenvironment, there is clearly considerable heterogeneity in 

intratumoural immunity in low mutational settings. Despite this, underlying mechanisms driving an 

immune response in such settings are currently unclear. Although multiple factors other than 

mutation have been suggested, none have been incorporated into current stratification approaches 

(Routy et al., 2018).  

 

CRC presents a compelling case to act as a model in which to explore the optimisation of 

immunotherapy in the low-mutation burden cancer setting. The application of ICB in CRC is currently 

limited to ~15% of patients who have deficiencies in the MMR system. Most CRC patients, however, 

exhibit very poor responses to ICB (Le et al., 2015). CRC, therefore, demonstrates both success and 

failure of ICB at the same anatomical site, and is thus poised to explain the immunobiology of both 

settings. Furthermore, while a high mutational load is highly prognostic for CRC, high intratumoural 

immunity is, perhaps, more so (Mlecnik et al., 2016). Although collectively MSS patients are deemed 

non-responders to ICB, 11% of patients do respond and previous studies completed by this group 

(Lal, 2016), and others (Galon et al., 2006, Mlecnik et al., 2016), have demonstrated that 

intratumoural immunity is highly variable within the MSS grouping.  
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In this thesis, I aim to systematically define a subgroup of CRC patients which are genetically MSS but 

have a high intratumoural immunity and explore underlying mechanistic drivers of the immune 

response in this subgroup. I will utilise previously published signatures, which are surrogates for an 

increased immune response (CIRC signature), and MMR status to evaluate various clustering 

mechanisms to stratify patients. Next, I will exploit the wealth of publicly available data to 

interrogate differences in clinical parameters, cancer and host genetics, and microbiotal 

compositions between high-immune MSS, low-immune MSS, and MSI-H cohorts. Here, I hypothesise 

that the MSS cohort will display differences in one or more of these factors, offering explanation for 

the differing intratumoural immunity seen within this patient subgroup. Lastly, I will investigate 

whether patterns outlined in CRC extend to other barrier-based cancers by completing similar 

analyses using public data for gastric and endometrial cancer.  

 

Finally, this thesis benefits from being aligned with a trial driven by the University of Birmingham and 

in collaboration with Bristol Myers-Squibb which investigates the potential for HLA-Class II in 

stratifying patients who could benefit from Nivolumab (ANICCA). This trial is due to finish February 

2023 and is currently recruiting (ClinicalTrials.gov, 2019). 
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Chapter 2: Materials and Methods
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2.1 Introduction 

The bespoke scripts used in this thesis can be accessed at: 

https://github.com/JackLMc/ThesisAnalysis. The R packages; tidyverse and ggstatsplot were 

used throughout (Wickham et al., 2019, Kassambara, 2020, Patil, 2021). To ensure the versions of all 

R packages used in this thesis were consistent throughout analyses, all R packages were updated to 

the latest releases and analyses were rerun prior to submission. A collection of bespoke functions 

was also used throughout these analyses and were bundled in a local package, 

GeneralFunctions, which is available on demand. To ensure repeatability of subsequent runs, 

the seed for all analyses was set to 2021, unless otherwise stated. 

 

2.2 Public Data Collection and Processing 

The datasets used in Guinney et al., (2015) were used as inspiration for this thesis. However, the 

public availability of clinical data dictated the datasets which were used (Table 2.1). Eleven datasets 

from the Affymetrix microarray platform, one from the Agilent microarray platform, and the TCGA-

COADREAD RNA sequencing dataset were used. Clinical and phenotype data for those with a GSE 

identifier were accessed from the Gene Expression Omnibus (GEO) database using the R package 

GEOquery (Davis and Meltzer, 2007). Clinical data for GSE2109 unsuccessfully parsed in R and, 

therefore, columns were manually adjusted in Excel Ltd. TCGA-COADREAD clinical data was 

downloaded using the R package TCGAbiolinks (Colaprico et al., 2016, Mounir et al., 2019, Silva et 

al., 2016).  

 

Samples were filtered to only include those annotated as primary colorectal cancer. Where MMR 

data were not available, it was inferred separately for RNA sequencing and microarray data using 

Entrez IDs and the CMSCaller R package using processed data (Eide et al., 2017, R Core Team, 

https://github.com/JackLMc/ThesisAnalysis
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2018). Any patients for whom an MMR status call could not be delineated were discarded. The 

number of patients belonging to each MMR group is shown in Table 2.2. CMS and CRIS subgroups 

were also called using this method. 
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Table 2.1 – Meta data for the datasets used in this thesis 
List of datasets used in this thesis, including a breakdown of the number of patients from each study after applying filtering steps. Filtering steps included 
the availability of clinical data, samples belonging to primary CRC, the availability of sequencing data, samples passing outlier criteria, and the availability 
of data for MMR status data. TCGA data were downloaded from two sources. RSEM data was accessed from Synapse (synapse repository IDs: syn1910201 
[TCGA-COAD], syn1910239 [TCGA-READ]), and all other TCGA data were accessed using TCGAbiolinks. Studies prefixed by ‘GSE’ were downloaded from 
their respective gene expression omnibus accession databases. 

Study Code Platform No. Patients with 
Clinical Data 

Primary CRC with 
Clinical Data 

No. Patients with 
Clinical and 

Sequencing Data 

No. Patients after 
Outlier Removal 

No. Patients with 
MMR Data 

TCGA-COADREAD RNA Sequencing 633 633 591 543 542 
GSE13067 Affymetrix 74 74 74 69 49 
GSE13294 Affymetrix 155 155 155 149 149 
GSE14333 Affymetrix 290 290 290 276 216 
GSE17536 Affymetrix 177 177 177 163 128 
GSE20916 Affymetrix 145 101 101 99 38 
GSE2109 Affymetrix 366 365 279 247 193 
GSE23878 Affymetrix 59 35 35 31 23 
GSE33113 Affymetrix 96 90 90 77 64 
GSE35896 Affymetrix 62 62 62 57 57 
GSE37892 Affymetrix 130 130 130 117 86 
GSE39582 Affymetrix 585 566 566 512 504 
GSE42284 Agilent 188 188 188 164 145 
 

Total 2,960 2,866 2,738 2,504 2,194 
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Table 2.2 – Frequency of patients for each MMR status 
Number of patients belonging to each MMR status. Data shown is for all available datasets. 
Subtype Frequency 
MSI-H 569 
MSS 1,625 
Total 2,194 
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2.2.1 TCGA-COADREAD 

Various data for TCGA-COAD and TCGA-READ projects were accessed from multiple sources. Guinney 

et al. (2015) utilised RNA sequencing data normalised by RNA sequencing by expectation 

maximisation (RSEM) and reported no batch effects between TCGA-COAD and TCGA-READ samples, 

therefore, RSEM-normalised RNA sequencing data were used only for outlier removal and batch 

effects were not checked for between TCGA-COAD and TCGA-READ samples here. The patients 

deemed outliers in RSEM were removed from the raw count data below. 

 

2.2.1.1 RNA sequencing by Expectation Maximisation-normalised (RSEM) data 

TCGA-COADREAD RNA sequencing data were downloaded from Synapse (synID; syn1910201 [TCGA-

COAD], syn1910239 [TCGA-READ]) using the SynapseClient in a recursive manner. RSEM data for 

both the Illumina HiSeq and Illumina Genome Analyzer (GA) were read into R. If a patient was run on 

both platforms, the Genome Analyzer sequenced sample was discarded. Expression data were 

subjected to log2(x + 1) transformation, where x represents RSEM values. PCA revealed strong batch 

effects between GA and HiSeq samples, which were removed by the ComBat method from the sva R 

package (Leek et al., 2020) (Figure 2.1). Outlier detection was performed using two separate 

approaches; PCA and the arrayQualityMetrics R package (Kauffmann et al., 2009). A sample was 

deemed an outlier if it failed criterion set out in Guinney et al. (2015). All outliers were removed from 

the analyses. These data were used for outlier removal only. 
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Figure 2.1 – Combat batch correction for sequencing platform in the TCGA-COADREAD cohort 
RNA sequencing of the TCGA-COADREAD cohort was performed via two separate platforms (HiSeq – blue, and GenomeAnalyzer – red). Single value 
decomposition used all available genes to evaluate batch effects between sequencing platforms. Prior to batch correction, the sequencing platforms 
showed strong separation (left). After Combat batch correction, the separation of samples based on sequencing platform was removed (right). 
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2.2.1.2 Count data processing 

HT-seq count data for TCGA-COADREAD patients were downloaded and processed using the R 

packages TCGAbiolinks (Colaprico et al., 2016, Mounir et al., 2019, Silva et al., 2016) and 

SummarizedExperiment, respectively (Morgan et al., 2020). Where patients had multiple tumours 

sequenced, the tumour with the largest library size was taken. Ensembl gene identifiers (Ensembl 

IDs) were converted to Entrez gene identifiers (Entrez ID) using the org.Hs.eg.db R package 

(Carlson, 2020). In the 233 occasions where one Ensembl IDs mapped to multiple Entrez IDs, the first 

instance was taken. Whereas in the 67 occasions that multiple Ensembl IDs mapped to one Entrez ID, 

the Ensembl ID with the largest median absolute deviation (MAD) across the cohort was taken.  

 

For geneset enrichment analysis (see below) counts were normalised using conditional quantile 

normalisation (CQN) and the cqn R package (Hansen et al., 2012). To inform the start and end sites 

of genes, and their percentage G+C content, a biomaRt object was created using the biomaRt R 

package (Durinck et al., 2005, Durinck et al., 2009). 9,413 Entrez IDs didn’t have information in the 

biomaRt object and were discarded. 1,273 genes had duplicate information for start and end sites 

and/or percentage G+C content. To ameliorate this issue, the data was averaged for individual genes. 

Gene length information was rounded to the nearest integer. In total, 24,699 genes were available 

for interrogation. Raw counts were used for differential gene expression analysis (see Section 2.2.5).  

 

2.2.1.3 UPC Transformation 

The processed count file matrix of the TCGA-COADREAD cohort was subjected to UPC transformation 

using the SCAN.UPC R package (Piccolo et al., 2012, Piccolo et al., 2013). Data were normalised using 

a negative-binomial model, and correction for GC content and length was performed using the data 

frame generated in Section 2.2.1.2. A maximum of 100 iterations were allowed for the data to reach 

the default convergence threshold of 0.01. 
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2.2.1.4 Mutation data collection and analysis 

Mutect-called mutation data was downloaded using the TCGAbiolinks R package (Colaprico et al., 

2016, Mounir et al., 2019, Silva et al., 2016). Silent mutations were removed and mutation numbers 

for each variant type and patient were tabulated. Mutation spectrum analysis utilised all SNP 

mutations, regardless of whether they were silent and used the SomaticSignatures and 

BSGenome.Hsapiens.UCSC.hg38 R packages (Gehring et al., 2015, Team, 2020). Data were 

processed to produce a matrix of the frequency of base changes for each patient. Negative matrix 

factorisation (NMF) decomposition was utilised to determine the number of signatures present in 

the cohort, replicating the analysis ten times. Data converged on five signatures (Figure 2.2), and, 

therefore, five signatures were chosen to segregate the patients. The contribution of individual base 

changes to the delineated signatures are shown in Appendix 1. The delineated signatures were 

compared to those described in Alexandrov et al. (2015) using cosine similarity. Alexandrov 

signatures are present as a matrix in the package SomaticSignatures. Recurrent mutations were 

calculated utilising the maftools R package (Mayakonda et al., 2018).  
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Figure 2.2 – Delineation of the number of mutation signatures present in the TCGA-COADREAD 
cohort by Negative Matrix Factorisation decomposition 
A matrix of the frequency of single nucleotide base changes was used as input to Negative Matrix 
Factorisation decomposition to test the number of mutation signatures present in the TCGA-COADREAD 
cohort. Data points converged on five mutation signatures. An average of 10 repeats demonstrated a 
low average error statistic of 3.25 (Residual Sum of Squares [RSS]) and a high fraction of explained 
variance (average of 88.7%). Top panel – Y axis represents the RSS statistic. Bottom panel – Y axis 
represents Fraction of Explained Variance. 
RSS = Residual Sum of Squares. 
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2.2.1.5 Copy number data collection and analysis 

GISTIC and Segment Mean copy number files were downloaded for the TCGA-COADREAD cohort 

using the TCGAbiolinks R package (Colaprico et al., 2016, Mounir et al., 2019, Silva et al., 2016). 

Data visualisation utilised both the svpluscnv and CNVRanger R packages (Garcia, 2021, Da Silva et 

al., 2019).  

 

2.2.1.6 SNP data collection and analysis 

Access to controlled SNP arrays from TCGA-COADREAD patients was gained on 28/10/2019. SNP 

arrays were downloaded using the GDC download client (Grossman et al., 2016). SNP arrays contain 

~1,000,000 common SNPs. SNPs not located on Chromosomes 1-22, or the mitochondrial genome 

were removed, leaving 868,026 autosomal SNPs and 107 mitochondrial SNPs. A meta data file was 

downloaded from the GDC repository and read into R using the rjson package (Couture-Beil, 2018). 

Data were filtered to include only data that were from normal paired blood data. Not all patients had 

SNP arrays completed. The number of patients for each subgroup can be seen in Table 2.3. SNP 

arrays were concatenated together using the terminal, and association tests were used to determine 

the enrichment of SNPs with the subgroups. For mitochondrial germline SNPs, a genotype test was 

used whereas autosomal germline SNPs utilised allele tests due to the diploid nature of autosomes. 

Annotation of SNP locations were downloaded on 21/11/2019 from: 

http://www.affymetrix.com/Auth/analysis/downloads/na35/genotyping/GenomeWideSNP_6.na35.a

nnot.csv.zip. SNP meta information regarding associated genes and population frequency was gained 

using rsnp R package (Gustavsen et al., 2020). Autosomal SNPs passing a phred score of 60 and 

mitochondrial SNPs passing a phred score of 23 were displayed using the karyotypeR package (Gel 

and Serra, 2017). For mitochondrial SNPs, a custom genome was built using karyotypeR and 

information gained from biomaRt (Durinck et al., 2005, Durinck et al., 2009). FDR correction was 

completed on BlueBEAR using 100 random shuffles of the clusters and repeating the analyses. 

http://www.affymetrix.com/Auth/analysis/downloads/na35/genotyping/GenomeWideSNP_6.na35.annot.csv.zip
http://www.affymetrix.com/Auth/analysis/downloads/na35/genotyping/GenomeWideSNP_6.na35.annot.csv.zip


 56 

Table 2.3 – Number of patients in each subgroup with SNP arrays completed on paired blood 
Subtype Frequency 
MSI-H 56 
MSS 304 
MSS-hi-CIRC 80 
Total 440 



 57 

2.2.2 TCGA-STAD and TCGA-UCEC 

TCGA Stomach Adenocarcinoma (STAD) and the TCGA Uterine Corpus Endometrial Carcinoma (UCEC) 

datasets were downloaded and processed in a similar manner as the TCGA-COADREAD dataset 

(Section 2.2.1). Unfortunately, TCGA-UCEC could not be exposed to RSEM-based outlier removal due 

to a lack of data availability.  

 

Mutation analysis of both TCGA-UCEC and TCGA-STAD were chosen to have three signatures. With 

an RSS statistic of 4.5 (TCGA-STAD) and 8 (TCGA-UCEC) and an explained variance 0.78 (TCGA-STAD) 

and 0.73 (TCGA-UCEC). 

 

2.2.3 Affymetrix datasets 

2.2.3.1 fRMA normalisation 

Data analysed on Affymetrix platforms were redownloaded from each of their GEO accession 

databases on 12/05/2021. These data were normalised in R using the frozen robust multiarray 

analysis (fRMA) method. Unpacked .tar files were read into R using the affy package (Gautier et al., 

2004), and normalised using the frma package for R (McCall et al., 2010), taking the robust weighted 

average. Despite Guinney et al. (2015) having stated that there existed overlapping samples between 

GSE14333 and GSE17536, I did not find any overlapping samples between these datasets. As datasets 

were from different laboratories and at different time points, they displayed strong batch effects 

(Figure 2.3). The ComBat method from the sva R package (Leek et al., 2020) was used to remove the 

batch effects on a study basis, followed by outlier removal following the same parameters previously 

outlined for TCGA data (Figure 2.3). Affymetrix microarrays utilise probesets, which are made up of 

multiple different probes. For this reason, one probeset may cover more than one locus. In this 

dataset, however, there were no single probes which covered different Entrez IDs as determined by 
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the hgu133plus2.db R package (Carlson, 2016). On the other hand, 20,161 Entrez genes had 

multiple probes mapping to them. Therefore, the probe with the largest MAD across patients were 

used to represent individual Entrez IDs. This ensured a 1:1 mapping between probes and Entrez IDs.  

 

2.2.3.2 UPC Transformation 

The “.CEL.gz” files for non-outlier samples were copied to the BlueBEAR cluster. Files were 

normalised on an individual study basis using the SCAN.UPC R package (Piccolo et al., 2012, Piccolo 

et al., 2013) and BlueBEAR. Probes were converted to Entrez IDs using the 1:1 mapping delineation 

created in Section 2.2.3.1.
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Figure 2.3 – Combat batch correction for study in the Affymetrix cohorts 
Affymetrix datasets were gathered from studies performed at various timepoints and displayed significant batch effects based on study 
(left). Single value decomposition used all available genes to evaluate batch effects between Affymetrix cohorts. After Combat batch 
correction the separation of samples based on study was removed (right). 
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2.2.4 Agilent dataset 

The GSE42284 dataset was downloaded on the 21/07/2020. Data were read into R and normalised 

using the limma package (Ritchie et al., 2015). Data were normalised using global loess 

normalisation, and background correction was performed resulting in average log2(values) taken 

forward. Missing data were imputed using the impute package (Hastie et al., 2020). Eight rows had 

over 50% of data missing, and the mean imputation was used for these values. Outlier detection was 

completed as outlined previously for the other cohorts. The supplied mapping file in the .tar archive 

was first used to map the probes to HUGO symbols. These symbols were then used to find Entrez 

identifiers using the org.Hs.eg.db R package (Carlson, 2020). Any HUGO symbols, and therefore 

probes, which didn’t map to an Entrez ID were removed. In accordance with Affymetrix microarray 

data, Agilent microarray also utilise probesets, and probesets can cover more than one gene. A total 

of nine probesets were found to cover more than one genos in this dataset, and the first instance 

was taken to avoid duplication. The reverse can also be true in that a single Entrez identifier can be 

covered by more than one probe. 6,369 Entrez identifiers were covered by more than one probe. To 

avoid multiple probes mapping to the same entrez ID, the probe with the maximum MAD was taken 

to represent the Entrez ID. The resultant data frame had 15,071 genes.  

 

2.2.5 Geneset enrichment analysis  

Genesets were collated from various sources. Where only HUGO gene symbols were available, these 

were converted to Entrez IDs using the CMScaller package. If genes did not exist in the data frame, 

they were discarded from the signature. Gene signatures were converted to lists and the GSVA R 

package was used to determine enrichment scores (Hänzelmann et al., 2013).  
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 The CIRC signature and initial gene list were taken from Lal et al., (2015)(Table 1.3). Genesets 

reflecting different cell types were largely taken from, and processed, using the R package, 

consensusTME (Jiménez-Sánchez et al., 2019). Patients were split into COAD and READ samples for 

processing. Those which didn’t have this information and were simply referred to as “colorectal” for 

primary site were removed from these analyses. Enrichment scores were again calculated using 

GSVA. HGNC Symbols are required for consensusTME, and therefore, Entrez IDs were converted 

using the CMScaller R package (Eide et al., 2017). Signatures of THelper subtypes were taken from 

multiple sources. TH1 and TH2 signatures were taken from the study performed by Bindea and 

Colleagues (2013). This study also contained a TH17 signature, however, this signature was likely not 

collated in the same manner due to the considerable overlap between TH1 and TH17 cells. and was, 

therefore, deemed too simple to be reminiscent of an entire cell type. A TH17 signature was, 

therefore, taken from Castro et al., (2017) who had skewed naïve CD4POS T-cells to either a TH17 or a 

TH1 fate and completed a subtractive assay to ensure that the genes were specific to TH17, rather 

than being shared with those upregulated in TH1. Only one gene overlapped between Castro TH17 

and Bindea TH1 signatures – IL22.  

 

Significance in pathways was tested on the TCGA-COADREAD cohort using the R package, edgeR. 

Following guidance in the user manual, transcripts with a lower count than 6.5 counts in at least 69 

samples were removed. 69 samples were chosen as a cut-off as this represented the smallest of the 

three groups investigated. This filtering step removed 9,513 transcripts from analysis. The gage R 

package was used to search the GO database for buzzwords for genesets of interest (Luo et al., 

2009). Only genesets of length between and including 5 and 200 genes were analysed. The R 

packages; RCurl and RCy3 were used to communicate with, and plot in, Cytoscape using the 

enrichmentMap module (Temple Lang, 2020, Gustavsen et al., 2019, Shannon, 2003, Merico et al.). 
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2.3 Local Cohort Collection and Processing 

2.3.1 Birmingham cohort 

2.3.1.1 Patient characteristics 

Multiplex immunohistochemistry data from this cohort was kindly donated by Ghaleb Goussous and 

Neeraj Lal for analysis via computational methods. In short, 30 patient slides were collated from 

Heartlands or the Queen Elizabeth Hospital (Birmingham, United Kingdom). Where available, MMR 

status was taken from clinical data which had been investigated by IHC staining for MSH2, MSH6, 

MLH1, and PMS2. Those who were negative for all four proteins were deemed MSI-H. Where MMR 

status had not been clinically investigated, or data were not available, MMR status was investigated 

in-house by fragment analysis (Lal, 2016). 

 

MSS-hi-CIRC patients from the Queen Elizabeth hospital were previously delineated from a cohort of 

95 MSS patients using singleplex IHC for MHC Class II (ABCAM, clone: CR3/43J). After ranking patients 

for epithelial MHC Class II expression, as quantified by Definiens Tissue Studio Software’s H score, the 

top 10 patients in terms of highest epithelial MHC Class II expression were assigned as MSS-hi-CIRC. 

MSS patients from Heartlands, however, hadn’t been subjected to the same singleplex MHC Class II 

IHC protocol and, therefore, were re-evaluated using a mean of the multiplex immunofluorescence 

MHC Class II metric on entire cells phenotyped as either “Class II” or “Other” from InForm (see 

Section 2.3.1.3ii, below). Two MSS patients from Heartlands had a mean MHC Class II expression 

higher than the 75% quartile of the MSI-H and MSS-hi-CIRC patients combined (246.31) and were 

relabelled as MSS-hi-CIRC. 
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2.3.1.2 Multispectral Immunofluorescence 

FFPE sections were stained with the antibodies listed in Table 2.4, in addition to DAPI. Using the Leica 

Bond RX platform, staining was automated to run overnight. Staining utilised a heat-based step 

between each antibody to remove any antibodies before the subsequent antibody was added. 

Spectral deconvolution was achieved by completing a series of single stains (Table 2.4) on serial 

sections of an individual patient's biopsy. Autofluorescence was compensated for by scanning an 

unstained slide, which was subsequently used for DAPI staining. All antibodies were either validated 

in-house or had sufficient IVD-CE/CST based validation (Goussous, 2020). Post-staining, whole slides 

were scanned by the Vectra 3.0 Automated Quantitative Pathology Imaging system. 
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Table 2.4 – Primary antibodies used for multispectral immunofluorescence 
Experimental details for primary antibodies used in multispectral immunofluorescence experiments. 
Clone and company details are provided. 
Stain Channel Dilution Company Secondary 

Species 
Clone 

CD4 Opal 520 1:50 Leica Mouse 4B12 
CD8 Opal 540 1:400 Leica Mouse 4B11 
FOXP3 Opal 570 1:400 Abcam Mouse 236A/E7 
T-Bet Opal 620 1:400 CST Rabbit D6N8B 
MHC Class II Opal 650 1:200 Abcam Mouse CR3/43J 
RORγt Opal 690 1:4000 Merck Rabbit 6F3.1 
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2.3.1.3 Image Analysis 

i PhenoChart 

Whole slide images were uploaded to PhenoChart (version 1.0.5) in a “.QPTIF” file format to choose 

areas for high power magnification scanning. Six areas of interest were randomly chosen for each 

patient. These regions of interest were subsequently scanned by the Vectra 3.0 at high power 

magnification (20X). 

 

ii InForm 

A spectral library was constructed for the stains using the InForm 2.3 software and single slide 

images. An InForm project was set up which utilised trainable tissue and cell segmentation, and a cell 

phenotyping algorithm. The unstained, autofluorescence slide image was imported into the project, 

allowing correction for autofluorescence in the subsequent images. Images were processed in 

batches, to include one patient from each subtype; however, only the first batch was used to 

produce the algorithm. Tissue categories were separated into "Epithelium", "Stroma”, and 

"Background", with a minimum segment size set at 1000 pixels. All training images were checked for 

any obvious mis-segmentation and were corrected up to, but no more, than three times. Cell 

segmentation was performed, segmenting both nuclei and membrane. Only the nuclei were used to 

aid detection of cells and cells were discarded if they touched the edge of an image. For nuclei aid, 

DAPI was chosen as a counterstain, whereas membrane detection was aided by the membrane stains 

MHC Class II and CD8. Cell phenotyping included choosing at least five cells for each of the 

phenotypes shown in Table 2.5. The algorithm produced was then used on all images. The main steps 

and representative images for InForm analysis are shown in Figure 2.4. 
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Table 2.5 – Phenotypes delineated from the combination of multispectral immunofluorescence 
stains 
Eight phenotypes were delineated based on the combination of available stains. All phenotypes 
included the DAPI stain. 
Stain Combination Name 
CD4 Only CD4 Only 
CD8 Only CD8 Only 
CD4 & FOXP3 TREG 

CD4 & T-Bet TH1 
CD4 & RORγt TH17 
CD8 & T-Bet TC1 
MHC Class II Class II 
Any other combination or DAPI alone Other 
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Figure 2.4 – The main steps taken in InForm analysis of multispectral immunofluorescence 
images 
Composite images are subjected to trainable tissue and cell segmentation algorithms. Cells were then 
phenotyped based on the combination of stains (Table 2.5). 

A. Composite Vectra image. Image shows all stains after autofluorescence correction. (Red – MHC 
Class II, Yellow – CD8, Green – CD4, Cyan – T-bet, Orange – FOXP3, RORγt – Magenta, DAPI – 
Blue). 

B. Tissue segmentation map outlining epithelium (Red), stroma (Green) and background (Blue).  
C. Cell segmentation map demonstrating outline of cells (Green – cells, Red - membrane). 
D. Cell phenotyping map demonstrating the various phenotypes trained by the phenotyping 

algorithm (Red – Class II, Yellow, CD8 Only, Green – CD4 Only, TH1 – Pink, TC1 – Cyan, TH17 – 
Brown, TREG – Orange, Other – White). 

  

  

A B 

C D 
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iii R analysis 

Data were exported as cell summary data. All cells present in the Background category were 

removed. By taking the average density per megapixel as unit, the densities of the various 

phenotypes were compared. 

 

2.3.1 100K Genomes Colorectal Cancer Dataset 

Access to the 100,000 genomes colorectal cancer dataset was granted on: 10/02/2021. Those 

patients which had been withdrawn in the GeCIP were removed from the analysis. These data had 

associated clinical data, which was accessed by Toritseju Sillo using LabKey in 2019. MMR status was 

combined from two columns – PathMMR, which was the MMR status completed by Pathologists at 

the QE hospital and GELMMR, an MMR call by the GeCIP. The GELMMR column was used as the 

reference, using the PathMMR column to fill any NAs that existed. Three patients had duplicate 

information in the provided clinical datasheet – P016250, P018987, and P019993. In all duplicated 

patients, most of the clinical information matched, therefore the first instance of each patient was 

taken.  

 

2.3.1.1 RNA Sequencing 

3’ single-end RNA sequencing data of 203 FFPE CRC patients was kindly donated by Toritseju Sillo in 

the form of raw FASTQ files. Samples were sequenced on the NextSeq and merged. FASTQ files were 

aligned to Ensembl GRCh38, downloaded from: ftp://ftp.ensembl.org/pub/release-

84/fasta/homo_sapiens/dna, using HISAT2 (version 2.2.1) (Kim et al., 2019). Bam files were read into 

R using the Rsubread package, and counts were exported (Liao et al., 2019). 23 sequenced samples 

were withdrawn from the GeCIP, and thus were removed. Of the remaining samples, one patient had 

the same sample sequenced twice, and 7 patients had multiple samples sequenced. To avoid a one-

to-many mapping issue regarding samples, the sample with the largest library size was taken 

ftp://ftp.ensembl.org/pub/release-84/fasta/homo_sapiens/dna
ftp://ftp.ensembl.org/pub/release-84/fasta/homo_sapiens/dna
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forward. Six patients had no data for MMR status and were removed. During CQN normalisation, 

data for gene length was taken from the Rsubread object for annotations, and percentage G-C 

content was taken from a biomaRt object. 982 genes had duplicate data for percentage G+C content 

and were dealt with as outlined previously (Section 2.2.1.2). Outliers were determined using CQN 

normalised counts. Five patients were deemed outliers by PCA only. These pre-processing steps left 

146 patients for analysis, consisting of 36 MSI-H patients, and 110 MSS patients. For the final cohort, 

average successful alignment was low (18.9%) however, this was attributed to samples being from 

FFPE origin. Samples had an average library size of 281,197.  

 

2.3.1.2 DNA Sequencing 

Access to whole genome sequencing (WGS) data from the 100,000 genomes project was granted on 

10/02/2021. Samples were sequenced by and sorted by Illumina, and subsequently aligned to 

GRch38. Sorted bam files were subjected to bacterial calling by Centrifuge (version 1.0.4)(Kim et al., 

2016c). Default settings were used other than the minimum hit length (--min-hitlen) being 

increased to 35 (default = 22) and the host tax ID (--host-taxids) was set to 9606 (Homo sapiens). 

The reference database included: the human genome, prokaryotic genomes, and viral genomes 

including the 106 SARS-CoV-2 complete genome (h+p+v+c, found here: 

https://ccb.jhu.edu/software/centrifuge/). These initial analyses were performed by Boris Noyvert, 

and access was granted to output files on 06/05/2021 for downstream analyses.  

 

i Downstream microbial analyses 

Output files were annotated by NCBI taxonomic ID. These values were used as input to the 

taxonomizr R package (Sherrill-Mix, 2021) to gain taxonomy data for each of the microbes. Gram 

staining data was annotated for Bacteria using the gram staining rules (Chamberlain, 2019). 49 

microbial species lacked taxonomy data and were discarded, leaving 5,753 species for investigation. 

https://ccb.jhu.edu/software/centrifuge/
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Diversity calculations utilised Shannon diversity indices. These functions were taken from the vegan 

package for R (Oksanen et al., 2020). Differential microbe analysis utilised the metagenomeSeq R 

package for the zero-inflated model they employ (Paulson et al., 2013b, Paulson et al., 2013a). 2,500 

features were deemed rare and were removed from the matrix prior to normalisation. Sankey 

diagrams were created utilising the networkD3 R package (Allaire et al., 2017). 

 

2.3.1.3 RNAscope for eubacteria 16s rRNA probe 

30 samples were requested from the HBRC tissue bank. These consisted of 10 patients from each 

subgroup (MSS-hi-CIRC, MSS-lo-CIRC, MSI-H). To distinguish between MSS-hi-CIRC and MSS-lo-CIRC, 

patients were scored and ordered by CIRC enrichment score. The top 10 MSS patients were labelled 

as MSS-hi-CIRC and the bottom 10 patients, MSS-lo-CIRC. The top 10 CIRC score expressors of MSI-H 

patients were also requested. Unfortunately, only 9 MSI-H patients, 7 MSS-lo-CIRC, and 7 MSS-hi-

CIRC tumour samples could be sourced. Matched normal sections were also requested from this 

original cohort. Healthy tissue for 5 MSI-H, 8 MSS-lo-CIRC, and 7 MSS-hi-CIRC were available for 

analyses.  

 

FFPE slides were freshly cut for staining by the eubacteria 16s rRNA probe [EB-16S-rRNA] (bio-

techne, catalogue #464468) with the RNAscope 2.5 LS Reagent Kit-BROWN (bio-techne, Catalogue 

#322100). Positive and negative controls utilised matched normal tissue. Slides were loaded onto the 

Leica Bond Max. A 150μL dispense volume was set, following the pre-set “ISH Detection” protocol. 

 

2.3.2 Wales Cancer Bank Cohort 

2.3.2.1 Patient Characteristics 

FFPE slides and scrolls were obtained from Wales Cancer Bank (WCB), project number – 19/003 and 

ethics REC number – 13/WM/0339. WCB did not have MMR status information readily available. To 
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inform the natural distribution of MSS and MSI-H tumours, the preferential localisation of MSI-H 

tumours to the right-side of the colon was used to get an 80:20 split of MSS:MSI-H. To avoid any bias 

in batch preparation, patient identifiers were randomised into batches as to maintain the MSS:MSI-H 

ratio using R (R Core Team, 2018). For MHC Class II staining, the seed for randomisation was set at 1, 

whereas for all other analyses it was set at 2020. 

 

2.3.2.2 Mismatch Repair Status Delineation 

DNA was extracted from FFPE scrolls as per manufacturer instructions using the Maxwell RSC DNA 

FFPE Kit (Promega – AS1450). The extraction protocol was run on the Maxwell RSC instrument. Once 

finished, DNA concentration was determined using the Qubit dsDNA BR assay kit (Fisher Scientific - 

10625443) as per manufacturer instructions, and DNA was frozen. DNA was thawed prior to 

polymerase chain reaction (PCR) amplification of the quasimonomorphic markers - BAT-25, BAT-26, 

NR-24, NR-21, and NR-27 (primer sequences in Table 2.6). Extracted DNA underwent PCR with 

reagents listed in Table 2.7. Primers were first delyophilized by resuspending in Tris-EDTA (TE) buffer 

to make a 100µM stock. Primer mix included 8µL of all forward primers, 8µL of NR-27 and BAT-26 

reverse primers, 6µL of NR-21, NR-24, and BAT-25 reverse primers, and 26µL of water to make up to 

100µL of primer mix. The PCR reaction started with 2 minutes at 95oC to denature. This was followed 

by 95oC for 15 seconds, 55oC for 15 seconds, and 72oC for 50 seconds for 33 cycles. Prior to fragment 

analysis, PCR product was cleaned using a MinElute PCR purification kit as per manufacturer 

instructions (Qiagen - 28004) and frozen. PCR products were thawed and 5µL was submitted in a 96-

well plate to the University of Birmingham Gene Facility for processing on the Tapestation High 

Sensitivity D1000. Microsatellite status in each sample were assessed using the Tapestation Analysis 

Software (A.02.02) under the guidance of Professor Andrew Beggs. 
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Table 2.6 – Forward and reverse primers for the detection of microsatellite instability 
Primer sequences are given in a 5’ to 3’ orientation. Primer sequences were gained from Buhard et 
al., (2004) and orientation checked via IGVviewer BLAT and FindMotif searches. Microsatellites are 
ordered by fragment size. Bp = Base pairs. All primers were purchased from Merck. 
Microsatellite Gene Primer Sequences Estimated Fragment Size 

BAT26 MSH2 
F: CTGCGGTAATCAAGTTTTTAG 

183 Bp 
R: AACCATTCAACATTTTTAACCC 

BAT25 KIT 
F: TACCAGGTGGCAAAGGGCA 

153 Bp 
R: TCTGCATTTTAACTATGGCTC 

NR24 ZNF2 
F: GCTGAATTTTACCTCCTGAC  

131 Bp 
R: ATTGTGCCATTGCATTCCAA 

NR21 SLC7A8 
F: CTGGTCACTCGCGTTTACAA 

109 Bp 
R: GAGTCGCTGGCACAGTTCTA 

NR27 BIRC3 
F: AACCATGCTTGCAAACCACT 

87 Bp 
R: CGATAATACTAGCAATGACC 
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Table 2.7 – PCR conditions for the detection of microsatellite status 
MyTaq reagents gained from MyTaq DNA Polymerase kit (Meridian Bioscience – BIO21105). 
Reagent Volume per sample (µL) 
Water 19 
Primer Mix 0.6 
5x MyTaq Reaction Buffer 5 
MyTaq DNA Polymerase 0.2 
Sample (DNA) 1.0 
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2.3.2.3 Immunohistochemistry 

Paraffin-embedded CRC sections from WCB were single-stained for various antigens. Information 

regarding staining conditions for all antibodies can be seen in Table 2.8. Antigens were stained in two 

batches using the Leica BondMax Autostainer. Dispense volume was set at 150µL and the staining 

mode was set at “Single” and “Routine”. IHC Protocol F (DAB) was used for staining. Leica Bond 

reagents can be seen in Table 2.9. Images were scanned in using Leica Aperio AT2 digital pathology 

scanner. Although no dedicated positive controls were utilised, in the two batches of staining for 4-

HNE I saw no evidence of batch effects across the cohort (P-value = 0.087). 
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Table 2.8 – Primary antibodies for singleplex staining 
Experimental details for primary antibodies used in IHC experiments. Clone and company details are 
provided. 
Antibody Target Company Clone Secondary Epitope Retrieval 

Method 
Dilution 

MHC Class II Abcam CR3/43 Mouse ER1, 20 minutes 1:100 
4-HNE Abcam HNEJ-2 Mouse ER1, 20 minutes 1:100 
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Table 2.9 – Leica BondMax Autostainer Reagents 
Reagent Supplier Catalogue Number Comments 
Bond Dewax Solution Leica AR9222 NA 
Bond Primary Antibody 
Diluent 

Leica AR9352 NA 

Bond Epitope Retrieval 
Solution 1 

Leica AR9961 pH6 

Bond Epitope Retrieval 
Solution 2 

Leica AR9640 pH9 

Bond Wash Solution 10X 
Concentrate 

Leica AR9590 10% dilution in Type 2 deionised water 
before use 
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i Singleplex Visiopharm analysis 

Scanned images were loaded into Visiopharm (2021.02). The WCB slides stained for HLA-Class II were 

used to build applications for tissue detection, and the delineation of tumour versus stroma.  

 

a) Tissue detection 

To reduce as much background as possible, a classifier was produced to detect tissue. This classifier 

utilised the RGB-G channel, taking a minimum of filter size 1x1. Output was then manually checked 

to ensure no off-tissue staining or air bubbles were being taken as tissue (Figure 2.5 – left). 

 

b) Stroma versus epithelium 

A classifier to delineate stroma from epithelium was created and trained using the U-NET deep 

learning module. To inform the algorithm of areas of epithelium, stroma, and background, the 

patients which failed MMR testing were used as input – CRAC_0035, CRAC_0066, CRAC_0100, and 

CRAC_0113. CRAC_0100 was subsequently removed from the study due to no epithelium being 

present in the slide. CRAC_0009 was added to the training pool to replace CRAC_0100 due to it 

having an epithelium with a high-Class II expression, a variable the other slides lacked. Five fully 

annotated ROIs were used for initial training, with an average diameter of 457μm. ROIs were chosen 

as to prioritise stromal and epithelial areas. 2,500 iterations were allowed for the training process, 

reaching an error rate of 4.9%. This algorithm was then tested on four separate ROIs of average 

diameter 4,681μm in this cohort. It was then tested on two whole slides – CRAC_0015 and 

CRAC_0684 for refinement of post-processing steps. 

 

DAB stain was detected by the HDAB- feature (Figure 2.5 - right). Mean intensity of this feature was 

calculated in both epithelium and stroma and for the total slide. This value was used for computing 

differences.
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Figure 2.5 – The main steps in Visiopharm analysis of singleplex IHC data 
Analysis was performed in a stepwise manner from left to right. Tissue was first detected by constructing a tissue-detection algorithm (Left panel, dotted blue line 
resembles tissue outline). Next, stroma versus epithelium was detected by an AI-trained algorithm (Centre panel, Green – Background, Red – Stroma, Blue – 
Epithelium). Lastly, the DAB stain was detected using the HDAB feature (Right panel, White = high DAB intensity, Black = low intensity of DAB). Patient 
CRAC_00015 stained for HLA-Class II was chosen for demonstration of algorithms. 
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These applications were also applied to the Genomics England cohort for MHC Class II and 16s rRNA 

RNAscope quantification. An additional 3,000 iterations of training on four annotated ROIs were 

given to this cohort. An initial 2,000 iterations utilised the slides - S362480, and S363141 which were 

chosen at random. A further 1,000 iterations of training were given using S363951 to incorporate 

epithelium with high staining.  
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Chapter 3: A Redefinition of High Immunity CRC using the 

CIRC Signature
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3.1 Introduction 

At the start of my involvement in the project, previous analyses of CRC on the TCGA database from 

our research group had revealed a cohort of MSS patients who had an increased immune infiltrate. 

These patients were determined by utilising hierarchical clustering on microarray Z-scores using a 

self-curated geneset to find a group of genes which were co-ordinately expressed. This set of genes, 

termed the Coordinate Immune Response Cluster (CIRC), was then used to ‘cut’ MSS patients into 

high and low expression (Lal, 2016). Whilst this analysis was useful in informing the project design 

going forward, many of the decisions to delineate these patient groups were subjective. These 

included the application of ‘visual analysis’ and using arbitrary thresholds for delineating MSS-hi-CIRC 

patients. The aim of this chapter, therefore, was to ameliorate this, and to robustly define the MSS-

hi-CIRC cohort, in an objective and evidence-based manner.  

 

The potential importance of stratifying cancer patients by immune infiltration has been extensively 

demonstrated. Multiple papers by multiple groups, and across different cancers, have repeatedly 

demonstrated that patients who have an increased intratumoural immune infiltration have an 

increased survival than their lower infiltrated counterparts (Mlecnik et al., 2016, Clemente et al., 

1996, Schumacher et al., 2001). In comparison to molecular stratification, which has become 

increasingly important in clinical management, immunological stratification is still in its infancy. 

Patients are now routinely administered single-agent EGFR mAbs following chemotherapy failure 

provided they have a wildtype RAS gene, however, the administration of ICB has only recently been 

approved for use after chemotherapy failure and if a patient has microsatellite instability (National 

Institute for Clinical Excellence, 2017, National Institute for Clinical Excellence, 2021). Tumours with 

microsatellite instability have a dense immune infiltration (De Smedt et al., 2015) . The basis for the 

increased immune infiltration observed in these patients is thought to arise from their increased 
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mutational burden, especially as a similar level of immune infiltration is observed in POLE and POLD1 

mutants, which also give rise to an increased mutation burden (Van Gool et al., 2015, Chae et al., 

2018). The ideology behind an increased mutation burden driving an increased immune infiltration is 

relatively easy to comprehend. The greater number of mutations, the increased chances that a non-

tolerised mutated peptide will be displayed on MHC Class I and induce an immune response. 

However, this does not exclude other factors causing an immune response in mutation-low cancer. 

Multiple studies have now demonstrated high variability of intratumoural immunity within MSS 

cancers, however, those patients with the highest infiltrates will be refused immunotherapy on the 

basis that their MMR system is intact, despite arguably having the direct target of the therapy – an 

increased immune infiltrate (Mlecnik et al., 2016, Millen et al., 2020). Trial data initially 

demonstrated a reduced efficacy of ICB in MSS cancers, however, more recent data demonstrates a 

small percentage of MSS patients benefit from ICB (Le et al., 2015). One would assume these patients 

to have an increase intratumoural immunity, therefore, it seems bizarre that, despite the means to 

directly test for an increased immune infiltration, the surrogate of microsatellite instability is still 

used. A worldwide taskforce is attempting to ameliorate this issue by the introduction of the 

‘Immunoscore’ first proposed by Galon and colleagues (Galon et al., 2006). This score, as discussed 

briefly in the thesis introduction, centres on IHC staining of CD3 and CD8. Their density is based on 

two areas of the tumour – the tumour core, and the invasive margin. Subsequently, these densities 

are combined into a central score which distinguishes the ‘immunological-heat’ of a tumour, and 

which has been shown to be more prognostically accurate than MMR status (Mlecnik et al., 2016). 

The simplicity of this scoring procedure will likely increase chances of clinical implementation, 

especially considering that IHC is still routine for MMR status delineation, and this utilises just two 

IHC stains. A likely obstacle for applying Immunoscore into clinical practice, however, is its analysis. 

Analysis of Immunoscore requires density counts of CD8 and CD3 stains at both the invasive margin 

and in the tumour core, which if carried out conventionally and counted by pathologists across an 
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entire slide may be laborious and slow. However, the incorporation of new, digital pathology 

analyses into this space would greatly ameliorate these speed issues, although these techniques 

would still require pathologist oversight. 

 

Despite Immunoscore likely impacting clinical practice, it offers little to furthering biological insight 

(Galon et al., 2014, Galon et al., 2012). For example, in non-MSI-H cancers, where the reason for the 

increased immune infiltrate is unclear, Immunoscore will provide little understanding as to why. 

Incorporation of other key mediators of immunity, such as other cell types, or cytokines may give 

more insight into the origin of increased immunity, however, will complicate clinical implementation. 

In contrast to Immunoscore, the CMS subgroups proposed by Guinney et al. (2015) offer much to be 

investigated, however, currently little clinical translatability. The delineation of four subgroups of 

patients within CRC, each with distinct mechanisms (discussed in detail in thesis introduction) is of 

high interest to fundamental science. In particular, the delineation of CMS4 is of high interest to this 

project, as this subgroup displays a high immune signature. The delineation of CMS groups, however, 

requires RNA sequencing – a technique requiring expertise in analysis and appropriate sample 

material.  

 

To define an MSS cohort of CRC patients which have an increased intratumoural immune infiltrate, I 

utilised public databases of CRC sequencing data. I combined this with local cohorts to ensure that 

these patients could be delineated across multiple platforms, by various approaches. These analyses 

resulted in generation of a central repository of cross-platform CRC sequencing data of high utility, 

including for hypothesis generation in this project and in the future. Furthermore, these analyses 

provide a bioinformatic framework, ultimately of strong relevance across different cancer types, to 

investigate reasons as to why some cancer patients have an increased immune infiltrate despite a 

canonically low-mutation burden background. 
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3.2 Results  

3.2.1 Patient characteristics 

The CRC datasets from Guinney et al. (2015) were used as input for this thesis. Datasets which had 

available clinical data were first filtered for only primary samples. Clinical characteristics across all 

cohorts were split by MMR status and available clinical data can be visualised in Table 3.1. 

Unfortunately, data were largely incomplete for clinical characteristics, however, MSS and MSI-H 

were largely comparable in terms of age groups, gender, tendency for being colon or rectal cancer, 

and cancer stage. Notable differences were seen where MSI-H patients had a greater tendency to be 

right-sided, as documented extensively elsewhere (Tariq and Ghias, 2016). Furthermore, CMS and 

CRIS distribution varies greatly between the two groups. MSI-H patients were enriched for CMS1 and 

CRIS-A subtypes, again in accordance with published literature (Guinney et al., 2015, Sawayama et 

al., 2020).
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Table 3.1 – Clinicopathological characteristics of the COADREAD datasets 
Results are stratified by MMR status. The frequency of patients belonging to either MSS or MSI-H in 
each clinical characteristic subcategory are displayed, and the percentage abundance is given in 
brackets. Data were taken from GEOquery and TCGAbiolinks. MMR status, CMS subgroups, and CRIS 
subgroups were taken either from raw clinical data or inferred using CMScaller. Whether a tumour was 
deemed left or right was based on descriptions from Mik et al., (2017). Stages were condensed to stages 
I-IV. Non-integers are rounded to 3 significant figures. ‘Not Classified’ exists in ‘Colon or rectal cancer’ 
category due to cancer being classified as “colorectal” in clinical data. 

Characteristics 
MMR Status 

MSS (%) 
n = 1,625 

MSI-H (%) 
n = 569 

Age Group (%) 

20-30 8 (0.492) 4 (0.703) 
30-40 27 (1.66) 18 (3.16) 
40-50 126 (7.75) 33 (5.80) 
50-60 256 (15.8) 63 (11.1) 
60-70 431 (26.5) 106 (18.6) 
70-80 411 (25.3) 153 (26.9) 
80-90 165 (10.2) 79 (13.9) 
90-100 2 (0.123) 3 (0.527) 
NA 199 (12.2) 110 (19.3) 

Gender (%) 
Female 670 (41.2) 271 (47.6) 
Male 843 (51.9) 208 (36.6) 
NA 112 (6.89) 90 (15.8) 

Colon or rectal cancer (%) 
Colon 1226 (75.4) 394 (69.2) 
Rectum 148 (9.11) 10 (1.76) 
Not Classified 251 (15.4) 165 (29.0) 

Histological Subtype (%) 

Adenocarcinoma 773 (47.6) 229 (40.2) 
Mucinous Adenocarcinoma 52 (3.20) 15 (2.64) 
Adenoma 2 (0.123) 17 (2.99) 
Carcinoma 2 (0.123) 4 (0.703) 
Mucinous Carcinoma 2 (0.123) 15 (2.64) 
NA 794 (48.9) 289 (50.8) 

Location (%) 

Left 578 (35.6) 76 (13.4) 
Rectum 180 (11.1) 12 (2.11) 
Right 370 (22.8) 218 (38.3) 
NA 497 (30.6) 263 (46.2) 

Stage (%) 

I 165 (10.2) 58 (10.2) 
II 436 (26.8) 139 (24.4) 
III 374 (23.0) 79 (13.9) 
IV 137 (8.43) 12 (2.11) 
NA 513 (31.6) 281 (49.4) 

Consensus Molecular 
Subtypes (%) 

CMS1 55 (3.38) 285 (50.1) 
CMS2 576 (35.4) 4 (0.703) 
CMS3 203 (12.5) 115 (20.2) 
CMS4 568 (35.0) 110 (19.3) 
NA 223 (13.7) 55 (9.67) 

CRIS Subtypes (%) 
CRIS A 271 (16.7) 278 (48.9) 
CRIS B 129 (7.94) 95 (16.7) 



 86 

CRIS C 481 (29.6) 4 (0.703) 
CRIS D 218 (13.4) 9 (1.58) 
CRIS E 226 (13.9) 6 (1.05) 
NA 300 (18.5) 177 (31.1) 
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3.2.2 Validation of the CIRC as an immunity signature 

Although the CIRC signature has been validated as a measure of immunity elsewhere (Lal et al., 

2015), these analyses were based on the original 28-gene meta-gene signature, including the 4 genes 

which did not objectively separate using hierarchical clustering analyses. Furthermore, these 

analyses were correlations with signatures of cell types rather than signatures which are indicative of 

‘overall immunity’. Here, I used the HTG geneset – a well-documented meta-gene signature which 

contains 745 genes split over 15 functional groups associated with a general immune response. The 

CIRC signature showed a highly significant correlation with the HTG dataset on all platforms (Figure 

3.1), supporting its role as a surrogate measure of immunity. Furthermore, I utilised the “Immune 

Function” section of the ConsensusTME R package and show much stronger correlations. These data 

suggest that the CIRC signature acts as a good surrogate for a general immune response, at least to 

the degree of the HTG and/or the Immune Function section of the ConsensusTME R package. Lastly, 

ConsensusTME also contains multiple gene signatures of cell types. The. CIRC signature was highly 

correlated with all signatures (>0.6 Pearson correlation estimate), except for the non-immune cell 

types – endothelial cells and fibroblasts (Table 3.2). Interestingly, γδ T-cells showed the greatest 

correlation out of all cell types present in the analysis. However, from other work, it is extremely 

difficult to distinguish γδ T-cells from other effector cell types from transcriptional data, and 

therefore, unlikely to be evidence of a γδ T-cell infiltrate (McMurray et al., 2022).
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Figure 3.1 – Relationships between the CIRC gene signature and other immune meta-gene signatures 
Enrichment scores for the CIRC gene signature were plotted against enrichment scores of the HTG gene signature (Top row) 
and the ‘Immune Score’ geneset from ConsensusTME R package (Bottom row). All three platforms (TCGA-COADREAD [RNA 
sequencing – Left column], Affymetrix Microarray [Centre column], and Agilent Microarray [Right column]) demonstrated 
highly significant positive Spearman correlations between the CIRC signature and immune meta-gene signatures (>0.67 
Spearman statistic). Bin widths were set according to the Freedman-Diaconis rule. 
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Table 3.2 – Relationships between the CIRC signature and signatures of cell types from the 
ConsensusTME 
CIRC enrichment scores were correlated with enrichment scores of genesets of various cell types from 
the ConsensusTME R package. The CIRC signature demonstrated highly positive Pearson correlations 
with all signatures of immune cell types (>0.6) in the ConsensusTME R package on all three platforms. 
Cell types are ordered by the highest average Pearson correlation estimates across the cohorts. 
Correlations are rounded to 3 significant figures. Number of samples per group were as follows. TCGA-
COADREAD: COAD; 393, READ; 149 Affymetrix: COAD; 1,058, READ; 6. Agilent: COAD; 145, READ; 0. 

Cell Type 
Correlation with 
CIRC Signature 

(TCGA-COADREAD) 

Correlation with 
CIRC Signature 

(Affymetrix) 

Correlation 
with CIRC 
Signature 
(Agilent) 

Average 
Pearson 

Correlation 
Statistic 

γδ T-cells 0.937 0.894 0.878 0.903 
NK cells 0.909 0.880 0.895 0.895 

CD8 T-cells 0.925 0.896 0.860 0.894 
CD4 T-cells 0.908 0.880 0.841 0.876 

M1 Macrophages 0.899 0.891 0.783 0.858 
Dendritic cells 0.899 0.881 0.784 0.855 

TREGS 0.895 0.856 0.776 0.842 
Cytotoxic cells 0.857 0.845 0.795 0.832 
Macrophages 0.816 0.802 0.704 0.774 

M2 Macrophages 0.814 0.783 0.641 0.746 
Monocytes 0.806 0.768 0.650 0.741 
Mast cells 0.780 0.797 0.644 0.740 

Eosinophils 0.799 0.746 0.555 0.700 
B cells 0.785 0.666 0.649 0.700 

Neutrophils 0.756 0.709 0.608 0.691 
Plasma cells 0.739 0.678 0.605 0.674 

Endothelial cells 0.456 0.420 0.314 0.397 
Fibroblasts 0.368 0.298 0.0598 0.242 
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3.2.3 Variability of the CIRC signature amongst MSS patients 

To investigate the differences in CIRC expression across MMR status that Lal et al., (2015) report, I 

plotted CIRC enrichment scores for each of the MMR subgroups (Figure 3.2). Significant differences 

were found between groups on all platforms, demonstrating a higher immune-phenotype in MSI-H 

patients, as reported elsewhere (Zhang et al., 2017). However, while significance did exist between 

these groups, it was apparent from the violin plots that the MSS setting displayed a higher variation 

in contrast to MSI-H (Figure 3.2). Statistical tests investigating the homogeneity of variances and 

their distribution were conducted between the subgroups and demonstrated significance (Table 3.3). 

The high degree of variability between patients in the MSS grouping suggested that there were 

patients within this subtype which also display a high CIRC signature expression as Lal and colleagues 

(2016) previously reported. This serves as evidence that an MSI-like MSS grouping does exist and 

warrants investigation into the best method of stratifying these patients.
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 Figure 3.2 – CIRC enrichment scores across MMR status  
The enrichment score for the CIRC signature was calculated using RNA sequencing (TCGA-COADREAD - left), Affymetrix (centre) and Agilent (right) 
microarrays and compared across MMR status. Results are stratified by dataset. The number of patients per MMR status for each of the platforms are 
shown on the X axis. 
Statistical analysis used Mann Whitney Tests for comparisons, and were Holm corrected. TCGA-COADREAD; CI95% [0.44, 0.66], nsamp = 542. Affymetrix; CI95% 

[0.34, 0.45], nsamp = 1,507. Agilent; CI95% [0.30, 0.69], nsamp = 145.  

 



 92 

 

Table 3.3 – Measures of variability between MSS and MSI-H patients 
Tests investigating the homogeneity of variances (Fligner test) and differences in distribution 
(Kolmogorov-Smirnov) were completed between MSI-H and MSS patients using CIRC enrichment scores 
as input. P-values are stratified by cohort and are rounded to 3 significant figures. 
Cohort Fligner Test P-value  Two-sample Kolmogorov-Smirnov Test P-value 
TCGA-COADREAD 0.00472 6.08e-10 
Affymetrix 1.11e-05 < 2.2e-16 
Agilent 0.783 0.000924 
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3.2.4 Utilising the MSI Template from CMScaller to define MSS-hi-CIRC 

During the imputation of MMR status on each of the platforms to reduce the degree of missing 

values, I noticed that some patients distinguished as MSS on IHC or by fragment analysis were being 

determined as MSI-H by the CMScaller algorithm. Therefore, I hypothesised that the algorithm was 

capturing this MSI-like cohort of MSS patients. By utilising this template of genes and the classifier I 

aimed to find the patients who had similar expression of the CIRC geneset to the MSI-H cohort – and 

call these patients MSS-hi-CIRC (Figure 3.3). This method found 79 MSS-hi-CIRC patients, 

representing 16.7% of MSS patients. This delineation, however, included four POLE or POLD1 

mutants, known for their high immune infiltration and therefore these were removed from the 

subtype of MSS-hi-CIRC. Whilst this method did indeed stratify a noteworthy figure of MSS-hi-CIRC 

patients (15.9% of MSS patients), it failed to capture the highest expressors of the CIRC signature and 

find a significant difference between MSS-hi-CIRC and MSS-lo-CIRC. Interestingly, the distribution of 

MSS-hi-CIRC and MSS-lo-CIRC were indiscernible , with a two-sample Kolmogorov-Smirnov test 

revealing no significant difference (pVal = 0.506).  

 

Importantly, this template was created by comparing MSI-H patients and MSS patients, inclusive of 

the MSS-hi-CIRC patients. This would, therefore, likely reduce the number of genes associated with 

immunity due to the high proportion of MSS patients which demonstrate increased immunity. Also 

of note, is the distribution of the MSI-H patients. Whilst there are patients with a very high immune 

score, there also exists a section of patients who have a very low score, again blurring the lines in 

terms of immune genes being enriched in this geneset. In fact, on closer inspection of this geneset 

only 5 out of 50 genes could be considered immune-related (CD55 – complement cascade, CTSE – 

microbial activity, BNIP3L – pro-apoptosis cascade, PBK – lymphoid activation, and PSME1 – 

proteasome activation), with all other genes being associated with DNA damage repair, or ER-stress 

responses. This geneset, therefore, is unlikely to capture those patients who have been defined 



 94 

based on their increased expression of an immune signature. Using clustering mechanisms on the 

MSI-H patients, may ameliorate issues with MSI-H distribution in CIRC score and allow a more direct 

‘cutting’ of MSS patients into MSS-hi-CIRC and MSS-lo-CIRC. 
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Figure 3.3 – CIRC enrichment scores of TCGA-COADREAD subtypes as defined by MMR status 
and the MSI-H template 
MSS patients in the TCGA-COADREAD dataset were split into MSS-hi-CIRC and MSS-lo-CIRC using the 
MSI-H template from CMScaller and the CMScaller algorithm. MSS patients misclassified as MSI-H were 
labelled MSS-hi-CIRC. CIRC enrichment scores were calculated using RNA sequencing data and 
compared across subtypes. The number of patients per subgroup are shown on the X axis. 
Statistical analysis used a Kruskal-Wallis test, p-value = 7.52e-13. CI95%[0.06, 0.16]. Pairwise 
investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are 
shown. 
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3.2.5 Use of an MSI-H based cut-off to define MSS-hi-CIRC 

MSI-H patients were used as input to clustering analyses to find a CIRC score cut-off for MSS patients 

to be split into hi-CIRC and lo-CIRC. The initial geneset described in Lal et al., (2015) was used as the 

variables and phenograph clustering was employed to determine the number of clusters that 

appeared within the MSI-H patients, using the RPhenograph package in R (R Core Team, 2018, 

Chen, 2015). According to the modularity rule, three clusters were the optimum number of clusters 

(modularity value – 0.367 [3 significant figures]). Using these clusters, the CIRC enrichment score 

highlighted Cluster 1 and Cluster 3 had a much higher CIRC enrichment score than Cluster 2 (Figure 

3.4). The number of MSI-H patients that fell into either of these clusters amounted to 42, 

representing 60.9% of MSI-H patients. Therefore, the CIRC enrichment score representing the 39th 

(rounded to 2 significant figures) quantile was taken as the cut-off for MSS patients to be deemed 

MSS-hi-CIRC (CIRC Enrichment score greater than or equal to 0.483 [rounded to 3 significant 

figures]). This delineation found 93 MSS-hi-CIRC patients (19.7% of MSS patients). The equation to 

calculate MSS-hi-CIRC patients is shown below. 

 

𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄𝑄 𝑓𝑓𝑓𝑓𝑓𝑓 𝑐𝑐𝑐𝑐𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 (𝑛𝑛)  =  1 −  𝑁𝑁𝑁𝑁. (𝑀𝑀𝑀𝑀𝑀𝑀 − 𝐻𝐻 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑖𝑖𝑖𝑖 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 1 𝑜𝑜𝑜𝑜 3)
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑁𝑁𝑁𝑁.𝑀𝑀𝑀𝑀𝑀𝑀 − 𝐻𝐻 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃�  

𝑀𝑀𝑀𝑀𝑀𝑀 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 (𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑎𝑎𝑎𝑎𝑎𝑎 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃1 𝑊𝑊𝑊𝑊) 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 > 𝑛𝑛𝑛𝑛ℎ 𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 𝑜𝑜𝑜𝑜 𝑀𝑀𝑆𝑆𝐼𝐼 − 𝐻𝐻 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 

 

As previously alluded to, this dataset also included data on POLE and POLED1 mutation status. Both 

POLE and POLD1 mutants are known for their high mutation burden and by extension, a high 

intratumoural immunity (Van Gool et al., 2015, Chae et al., 2018) and therefore all patients were 

checked for non-silent POLE or POLD1 mutations. Three MSS-hi-CIRC patients had non-synonymous 

mutations in POLE or POLD1 and were removed from this subgroup. By utilising a TH1-centric gene 

signature and cut-offs defined based on the MSI-H patients with the highest immune signatures, I 

report approximately 19.0% of MSS patients demonstrate a high CIRC enrichment score and 
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therefore, is an indication that these patients may have a denser immune infiltrate than their native 

MSS grouping.
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Figure 3.4 – CIRC enrichment scores across phenograph clusters of TCGA-COADREAD MSI-H 
patients 
Phenograph clustering of TCGA-COADREAD MSI-H patients using the initial geneset revealed three 
clusters. CIRC enrichment scores were calculated using RNA sequencing data and compared across the 
clusters. The number of patients per cluster are shown on the X axis. 
Statistical analysis used a Kruskal-Wallis test, p-value = 1.11e-11. CI95%[0.68, 0.81]. Pairwise 
investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are 
shown. 
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Figure 3.5 – UMAP projections of TCGA-COADREAD subtypes and CIRC enrichment scores 
MSS patients in the TCGA-COADREAD cohort were split into MSS-hi-CIRC and MSS-lo-CIRC based on an MSS status delineation by fragment analysis and a CIRC 
score above 0.483 (MSS-hi-CIRC). UMAP projections based on the genes in the CIRC signature were coloured by subgroup (Left, green = MSI-H [n = 69]; orange = 
MSS-lo-CIRC [n = 383]; purple = MSS-hi-CIRC [n = 90]) or CIRC enrichment score (Right, purple = low CIRC enrichment score; yellow = high CIRC enrichment score). 
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Whilst this represents a good method of distinguishing those patients with the highest CIRC scores, it 

depends on having enough MSI-H patients sequenced to delineate a cut-off specific to each cohort. 

Whilst a similar cut-off point was also delineated in the Affymetrix cohort (CIRC enrichment score >= 

0.429), a similar cut-off point could not be delineated in the Agilent dataset due to a lack of MSI-H 

patients. Furthermore, this method also relies on having mutation data present to remove the high 

immune POLE/POLD1 mutants. These issues raised the possibility of using the TCGA-COADREAD 

cohort as a ‘discovery’ group to define a bespoke template which could delineate an ‘MSS-hi-CIRC 

profile’ that could be used cross-platform. 

 

3.2.6 Determining an ‘MSS-hi-CIRC template’ 

To allow calling of MSS-hi-CIRC patients, I subjected TCGA-COADREAD patients to differential gene 

expression analysis to produce a ‘MSS-hi-CIRC template’ that could be used to train a classifier. Using 

a randomly chosen half of the MSS patients for training (43 MSS-hi-CIRC patients, 192 MSS-lo-CIRC 

patients) and the previously defined subtypes delineated from Section 3.2.5, I performed differential 

gene expression between MSS-lo-CIRC and MSS-hi-CIRC patients and found 2,412 differentially 

expressed genes (adjusted P-value <= 0.01) (Figure 3.6). Most of the differentially expressed genes 

were upregulated in the MSS-hi-CIRC setting (1,753) and contained all Class II genes and their master 

regulator, CIITA (Figure 3.6). 
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Figure 3.6 – Differential gene expression between temporarily assigned MSS subtypes in the 
TCGA-COADREAD cohort 
Volcano plot of differentially expressed genes between MSS-lo-CIRC and MSS-hi-CIRC as defined by an 
MSI-H derived CIRC enrichment score threshold. Analysis revealed 2,412 differentially expressed genes, 
the majority of which were upregulated in MSS-hi-CIRC direction. Of these genes, all Class II genes were 
differentially expressed in addition to their master regulator - CIITA (labelled). Blue points indicate a 
significant gene in the MSS-hi-CIRC direction, whereas red points indicate a significant enrichment of 
the gene in the MSS-lo-CIRC setting. Genes are only coloured if the gene has an FDR < 0.01 and a 
Log2(Fold change) above 0.5 (red) or below -0.5 (blue). Any genes that didn’t pass the threshold are 
coloured black. 
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Using the CMScaller MSI template as a guide, I next took the top 50 upregulated and top 50 

downregulated genes, despite MSS-hi-CIRC and MSS-lo-CIRC patients not being predicted to exist in 

equal proportions in the patient cohort based on the temporary subtypes. This led to the creation of 

an ‘MSS-hi-CIRC template’ that could delineate between MSS-lo-CIRC and MSS-hi-CIRC patients 

(Table 3.4). I next applied our ‘MSS-hi-CIRC template’ across the TCGA-COADREAD cohort to call CIRC 

status. 77.0% of patients were determined successfully as MSS-lo-CIRC (185 patients) or MSS-hi-CIRC 

(179 patients) with confidence below a 0.005 FDR. 109 patients returned an “NA” score, and 

therefore, were deemed MSS-lo-CIRC. Five POLE or POLD1 mutants were included in this MSS-hi-CIRC 

delineation and were removed. With regards to the original delineation of MSS-hi-CIRC via 

phenograph clustering, only 61.9% of patients kept the same notation. Using CMScaller and a 

template based on temporary subtypes from MSI-based phenograph clustering, 36.8% of MSS 

patients could be deemed MSS-hi-CIRC. However, only 84 patients had a CIRC score above the 

threshold previously set based on the MSI-H patients. Furthermore, whilst this improved on a 

difference to MSS-lo-CIRC, the “tail” of low expressing MSI-H patients is still recapitulated in this 

MSS-hi-CIRC grouping (Figure 3.7). To reduce the ‘tail’ of MSS-hi-CIRC patients, I decided to test other 

clustering mechanisms.
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Table 3.4 – The ‘MSS-hi-CIRC’ template 
The HUGO Symbols, Entrez ID, and FDR values of the top 50 upregulated (right) and downregulated 
(left) genes between temporarily assigned MSS-hi-CIRC and MSS-lo-CIRC (upregulation/downregulation 
indicates enrichment in MSS-hi-CIRC). These genes were taken as a template to delineate MSS-hi-CIRC 
patients. NA where data was not available in the org.Hs.eg.db R package gene annotation. 

Downregulated in MSS-hi-CIRC  Upregulated in MSS-hi-CIRC 
HUGO Symbol EntrezID FDR HUGO Symbol EntrezID FDR 
NA 283335 2.50E-06 GBP5 115362 1.81E-32 
LINC00662 148189 3.35E-06 GBP4 115361 3.15E-29 
C5orf34 375444 4.11E-06 HLA-DOA 3111 5.85E-27 
ZNF26 7574 4.18E-06 IL2RB 3560 1.27E-26 
TRIM71 131405 4.29E-06 SLAMF8 56833 4.68E-25 
CCT6P3 643180 6.29E-06 HLA-DMB 3109 7.25E-25 
MNX1 3110 6.97E-06 CCL5 6352 9.34E-25 
CBR3-AS1 100506428 9.17E-06 CCR5 1234 9.94E-25 
MARVELD2 153562 1.15E-05 ARHGAP30 257106 1.26E-24 
HYKK 123688 1.45E-05 WAS 7454 1.26E-24 
SPC24 147841 1.81E-05 ITGAL 3683 1.29E-24 
LEAP2 116842 1.84E-05 GBP1 2633 1.57E-24 
ZNF620 253639 1.88E-05 LILRB4 11006 1.57E-24 
C21orf58 54058 1.92E-05 TIGIT 201633 1.57E-24 
GPR89B 51463 1.93E-05 LCP2 3937 6.00E-24 
ARHGEF38 54848 1.98E-05 IL10RA 3587 7.69E-24 
DUS4L 11062 2.04E-05 CXCL9 4283 8.46E-24 
METAP1D 254042 2.10E-05 HCLS1 3059 8.61E-24 
MNX1-AS1 645249 2.61E-05 CIITA 4261 1.16E-23 
ANAPC7 51434 2.67E-05 HLA-DMA 3108 1.97E-23 
NA 100506098 3.13E-05 PLEK 5341 2.43E-23 
C2orf70 339778 3.43E-05 CD8A 925 2.77E-23 
ZNF77 58492 3.80E-05 CYTH4 27128 3.04E-23 
NUP62CL 54830 3.91E-05 CD84 8832 6.93E-23 
PLCH1 23007 4.77E-05 CMKLR1 1240 6.95E-23 
APTR 100505854 5.27E-05 HLA-DPB1 3115 8.34E-23 
WFDC10A 140832 5.48E-05 HLA-DRA 3122 8.75E-23 
MCM3AP-AS1 114044 6.33E-05 ARHGAP25 9938 1.22E-22 
RBM14-RBM4 100526737 6.55E-05 IGSF6 10261 1.25E-22 
MTERF2 80298 7.12E-05 SLA 6503 1.63E-22 
DOK7 285489 7.41E-05 IL2RA 3559 1.71E-22 
RCCD1 91433 7.41E-05 DOK2 9046 2.20E-22 
BNIPL 149428 7.60E-05 DOCK2 1794 2.42E-22 
ARL6IP4 51329 7.94E-05 PIK3R5 23533 2.48E-22 
NVL 4931 7.96E-05 SIGLEC10 89790 3.49E-22 
IQCH-AS1 100506686 8.11E-05 IL18BP 10068 4.72E-22 
C14orf93 60686 8.64E-05 AIF1 199 5.61E-22 
DGUOK-AS1 100874048 8.67E-05 LAIR1 3903 5.92E-22 
LRRC36 55282 9.04E-05 NA 388813 6.68E-22 
PKP4-AS1 100129029 9.14E-05 SLAMF7 57823 1.00E-21 
PCBD2 84105 0.000103 HCK 3055 1.16E-21 
ZNF138 7697 0.000104 CXCL10 3627 1.36E-21 
F2 2147 0.000125 FPR3 2359 1.74E-21 
NUTM2G 441457 0.000127 CD53 963 2.89E-21 
LSG1 55341 0.000131 CD86 942 3.43E-21 
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TRIM45 80263 0.000133 LILRB1 10859 3.79E-21 
NA 100288748 0.000153 PTPRC 5788 3.79E-21 
OSGEPL1 64172 0.000156 CD74 972 4.68E-21 
THUMPD2 80745 0.000158 IDO1 3620 4.68E-21 
GOLGA6L9 440295 0.000171 SASH3 54440 4.68E-21 
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Figure 3.7 – CIRC enrichment scores of TCGA-COADREAD subtypes as defined by MMR status 
and the ‘MSS-hi-CIRC template’ 
MSS patients in the TCGA-COADREAD dataset were split into MSS-hi-CIRC and MSS-lo-CIRC using the 
‘MSS-hi-CIRC template’ (Table 3.4) and the CMScaller algorithm. CIRC enrichment scores were 
calculated using RNA sequencing data and compared across the subtypes. The number of patients per 
subgroup are shown on the X axis. 
Statistical analysis used a Kruskal-Wallis test, p-value = 2.47e-60. CI95%[0.45, 0.57]. Pairwise 
investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are 
shown. 
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3.2.7 Application of Random Forest to classify MSS-hi-CIRC 

Using the subtypes from the previous sections, and the differentially expressed genes between the 

subtypes. The top 100 most differentially expressed genes between the temporary assigned subtypes 

in the TCGA-COADREAD cohort were used to train a random forest classifier using 75% of the data to 

train and the rest to test. This classifier also utilised UPC-transformed data, rather than the CQN 

transformed data as used previously. To produce a cross-platform classifier, a method of 

normalisation which would put all data on the same scale is necessary. It is also necessary to not 

have this normalisation be dependent on the samples within the data. The out of box (OOB) error for 

the random forest classifier was 9.86% (9.41% for MSS-lo-CIRC, and 11.8% for MSS-hi-CIRC). With 

regards to the temporary defined subtypes, the classifier was 86.4% accurate. The classifier found 

119 MSS patients that could be deemed MSS-hi-CIRC. Three patients were determined as POLE or 

POLD1 mutants, therefore, 116 patients were determined as MSS-hi-CIRC or 24.5% of the cohort 

(Figure 3.8). This classifier significantly reduced the ‘tail’ of MSS-hi-CIRC patients seen with other 

classifiers, and therefore, was tested on other cohorts.
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Figure 3.8 – CIRC enrichment scores of TCGA-COADREAD subtypes as defined by MMR status 
and a RandomForest classifier 
MSS patients in the TCGA-COADREAD dataset were split into MSS-hi-CIRC and MSS-lo-CIRC using a 
trained RandomForest algorithm based on the ‘MSS-hi-CIRC template’ (Table 3.4). CIRC enrichment 
scores were calculated using RNA sequencing data and compared across subtypes. The number of 
patients per subgroup are shown on the X axis. 
Statistical analysis used a Kruskal-Wallis test, p-value = 1.84e-61. CI95%[0.47, 0.56]. Pairwise 
investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are 
shown. 
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3.2.8 Cross-platform testing of the classifier  

3.2.8.1 TCGA-STAD 

First, I tested this data on the TCGA-STAD cohort – a cohort of patients which has been processed in 

the exact same manner as the TCGA-COADREAD cohort, however, in a separate disease setting. This 

classifier successfully delineated patients as MSS-hi-CIRC, however, not to the success that it worked 

with TCGA-COADREAD. This classifier drastically overestimates the number of MSS-hi-CIRC patients 

in the TCGA-STAD cohort (Figure 3.9), as seen by the large variability in CIRC score across this cohort. 

These differences likely arise due to the difference in primary site between the TCGA-COADREAD and 

TCGA-STAD cohorts and therefore, if using a classifier pan-cancer a core consensus number of genes 

would be required.
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Figure 3.9 – CIRC enrichment scores of TCGA-STAD subtypes as defined by MMR status and a 
RandomForest classifier 
MSS patients in the TCGA-STAD dataset were split into MSS-hi-CIRC and MSS-lo-CIRC by TCGA-
COADREAD trained RandomForest algorithm and the ‘MSS-hi-CIRC template’ (Table 3.4). CIRC 
enrichment scores were calculated using RNA sequencing data and compared across subtypes. The 
number of patients per subgroup are shown on the X axis. 
Statistical analysis used a Kruskal-Wallis test, p-value = 4.95e-30. CI95%[0.29, 0.45]. Pairwise 
investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are 
shown. 
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3.2.8.2 Affymetrix Microarray 

Unfortunately, 3 genes out of the top 100 differentially expressed genes were not present in the 

Affymetrix cohort. Therefore, the Random Forest classifier that was trained on the TCGA-COADREAD 

cohort could not be used due to these missing values. Instead, I proceeded to retrain the classifier 

using the top 97 genes and the largest Affymetrix cohort - GSE39582. This required the temporary 

subtypes to again be defined using the cut-offs - in similarity to TCGA-COADREAD training. Affymetrix 

MSI-H patients split into three clusters using Phenograph, with those MSS patients having a higher 

CIRC score than 0.429 being considered MSS-hi-CIRC. These temporary subtypes were used to 

determine how accurate this new classifier was. The OOB error for this classifier was 9.97% (MSS-lo-

CIRC = 9.27%, MSS-hi-CIRC = 13.5%). However, this classifier failed to capture the same success that 

was seen with the TCGA-COADREAD dataset (Figure 3.10), again producing a large ‘tail’ of low CIRC 

signature expressing MSS-hi-CIRC patients.
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Figure 3.10 – CIRC enrichment scores of Affymetrix CRC subtypes as defined by MMR status and 
a RandomForest classifier 
MSS patients in Affymetrix datasets were split into MSS-hi-CIRC and MSS-lo-CIRC using a TCGA-
COADREAD trained RandomForest algorithm and the top 97 genes from the ‘MSS-hi-CIRC template’ 
(Table 3.4). CIRC enrichment scores were calculated using Affymetrix microarrays and compared across 
subtypes. The number of patients per subgroup are shown on the X axis. 
Statistical analysis used a Kruskal-Wallis test, p-value = 6.56e-110. CI95%[0.31, 0.38]. Pairwise 
investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are 
shown. 
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I hypothesised that different genes may work better on the separate platforms, and therefore, I 

recapitulated the process of creating the random forest classifier that I did on the TCGA-COADREAD 

cohort. Again, the GSE39582 cohort was used for training, however, the top 100 differentially 

expressed genes between the Affymetrix subtypes were used for input. This classifier performed 

worse than the previous using the TCGA-COADREAD 97 genes with an OOB of 10.61% (8.49% for 

MSS-lo-CIRC, and 21.1% for MSS-hi-CIRC) (Figure 3.11). The overestimation of MSS-hi-CIRC by both 

classifiers is not acceptable when trying to determine a cohort of patients which will share underlying 

biology.
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Figure 3.11 – CIRC enrichment scores of Affymetrix CRC subtypes as defined by MMR status and 
a RandomForest classifier trained on differentially expressed genes in the GSE39582 cohort 
MSS patients in Affymetrix datasets were split into MSS-hi-CIRC and MSS-lo-CIRC using a trained 
RandomForest classifier based on the top 100 genes differentially expressed between temporarily 
assigned subtypes in the GSE39582 cohort. CIRC enrichment scores were calculated using Affymetrix 
microarrays and compared across subtypes. The number of patients per subgroup are shown on the X 
axis. 
Statistical analysis used a Kruskal-Wallis test, p-value = 2.03e-104 CI95%[0.29, 0.36]. Pairwise 
investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are 
shown. 
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3.2.9 The Definition of MSS-hi-CIRC 

Our definition of MSS-hi-CIRC, therefore, used the phenograph-derived cut-offs using MSI-H patients 

from each of the platforms (Section 3.2.5). Although this method relies on having MSI-H patients 

present, it will reliably stratify the MSS patients who are the highest expressors of the CIRC signature. 

Whilst this means that in the Agilent dataset there are not enough MSI-H patients to reliably call 

clusters, I used the average number of MSS-hi-CIRC patients I found in the other two cohorts to take 

the top X expressors of the CIRC signatures as MSS-hi-CIRC. In the TCGA-COADREAD cohort, 19.0% of 

MSS patients were determined MSS-hi-CIRC, whereas in the Affymetrix dataset this was much lower 

in that 14.8% of MSS patients were considered MSS-hi-CIRC (Figure 3.12). Therefore, MSS-hi-CIRC 

could be represented as the top 16.9% of MSS patients in terms of CIRC score. Using this as a 

delineation, I determined a cut-off for the Agilent dataset, and future datasets (Figure 3.13).
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Figure 3.12 – CIRC enrichment scores of Affymetrix subtypes as defined by MMR status and an 
MSI-H derived CIRC enrichment score cut-off 
MSS patients in Affymetrix datasets were split into MSS-hi-CIRC and MSS-lo-CIRC based on a CIRC 
enrichment score cut-off as determined by Phenograph clustering on MSI-H patients from the GSE39582 
cohort. CIRC enrichment scores were calculated using Affymetrix microarrays and compared across 
subtypes. The number of patients per subgroup are shown on the X axis. 
Statistical analysis used a Kruskal-Wallis test, p-value = 3.05e-116 CI95%[0.33, 0.39]. Pairwise 
investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are 
shown. 
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Figure 3.13 – CIRC enrichment scores of Agilent subtypes as defined by MMR status and the 
average number of MSS-hi-CIRC patients found in TCGA-COADREAD and Affymetrix datasets 
MSS patients in the Agilent dataset were split into MSS-hi-CIRC and MSS-lo-CIRC by taking the top 
16.9% of MSS CIRC enrichment scores as MSS-hi-CIRC patients. CIRC enrichment scores were calculated 
using Agilent microarrays and compared across subtypes. The number of patients per subgroup are 
shown on the X axis. 
Statistical analysis used a Kruskal-Wallis test, p-value = 2.59e-14 CI95%[0.33, 0.54]. Pairwise 
investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are 
shown. 
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3.2.10 Comparison of clinical characteristics between MSS-hi-CIRC, MSI-H and 

MSS-lo-CIRC 

To determine whether the subgroups demonstrated any significant differences with regards to 

clinical characteristics I carried out multinomial linear regression. To ensure no clinical characteristics 

could separate MSS-hi-CIRC and MSS-lo-CIRC patients, MSS-hi-CIRC patients were set as the 

‘baseline’ and the reference groups for each of the variables were set to the group which harboured 

most MSS-hi-CIRC patients (for example, CMS4 represented the most MSS-hi-CIRC patients out of all 

the CMS subgroups, and therefore, was set as the reference for these comparisons) (Table 3.5 and 

Table 3.6).
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Table 3.5 – Clinicopathological characteristics of COADREAD datasets stratified by threshold-
derived subtypes 
Results are stratified by subgroup. The frequency of patients belonging to MSI-H, MSS-lo-CIRC, or MSS-
hi-CIRC in each clinical characteristic subcategory are displayed, and the percentage abundance is given 
in brackets. Data were taken from GEOquery and TCGAbiolinks. Data were only included if it were used 
as input for multinomial logistic regression. MMR status, CMS subgroups, and CRIS subgroups were 
taken either from raw clinical data or inferred using CMScaller and their respective templates. Whether 
a tumour was deemed left or right was based on descriptions from (Mik et al., 2017). Stages were 
condensed to stage I-IV. Non-integers are rounded to 3 significant figures. Data for age group were 
condensed here for subsequent analyses.  

Characteristics 

Subtype 

MSI-H (%) 
n = 569 

MSS (%) 
n = 1,362 

MSS-hi-CIRC 
(%) 

n = 263  

Age Group (%) 

Under 40 22 (3.87) 28 (2.06) 7 (2.66) 
40-50 33 (5.8) 107 (7.86) 19 (7.22) 
50-60 63 (11.1) 212 (15.6) 44 (16.7) 
60-70 106 (18.6) 355 (26.1) 76 (28.9) 
70-80 153 (26.9) 348 (25.6) 63 (24.0) 
Over 80 82 (14.4) 136 (9.99) 31 (11.8) 
NA 110 (19.3) 176 (12.9) 23 (8.75) 

Gender (%) 
Female 271 (47.6) 547 (40.2) 123 (46.8) 
Male 208 (36.6) 707 (51.9) 136 (51.7) 
NA 90 (15.8) 108 (7.93) 4 (1.52) 

Location (%) 

Left 76 (13.4) 490 (36.0) 88 (33.5) 
Rectum 12 (2.11) 149 (10.9) 31 (11.8) 
Right 218 (46.2) 301 (22.1) 69 (26.2) 
NA 289 (50.8) 422 (31.0) 75 (28.5) 

Stage (%) 

I 58 (10.2) 138 (10.1) 27 (10.3) 
II 139 (24.4) 366 (26.9) 70 (26.6) 
III 79 (13.9) 310 (22.8) 64 (24.3) 
IV 12 (2.11) 117 (8.59) 20 (7.60) 
NA 281 (49.4) 431 (31.6) 82 (31.2) 

Consensus Molecular 
Subtype (%) 

CMS1  285 (50.1) 32 (2.35) 23 (8.75) 
CMS2 4 (0.703) 528 (38.8) 48 (18.3) 
CMS3 115 (20.2) 185 (13.6) 18 (6.84) 
CMS4 110 (19.3) 414 (30.4) 154 (58.6) 
NA 55 (9.67) 203 (14.9) 20 (7.60) 

CRIS Subtype (%) 

CRIS A 278 (48.9) 219 (16.1) 53 (20.2) 
CRIS B 95 (16.7) 87 (6.39) 42 (16.0) 
CRIS C 4 (0.703) 421 (30.9) 59 (22.4) 
CRIS D 9 (1.58) 192 (14.1) 26 (9.89) 
CRIS E 6 (1.05) 194 (14.2) 32 (12.2) 
NA 177 (31.1) 249 (18.3) 51 (19.4) 
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Table 3.6 – Multinomial logistic regression of clinicopathological characteristics between CRC subtypes 
MSS-hi-CIRC patients were taken as the reference variable and compared to MSI-H and MSS-lo-CIRC using the variables displayed. Categories demonstrating 
the highest proportion of MSS-hi-CIRC patients were chosen as reference categories. Values are rounded to 3 significant figures. Lower confidence represents 
2.5% and upper confidence represents 97.5%. Significance codes: * P < 0.05, ** P-value < 0.01. P-values are in both bold and red font if P < 0.001. Ref. – 
Reference category; OR – odds ratio. 

Variables Categories MSI-H OR 
(p-value) 

95% Confidence Interval MSS-lo-CIRC OR  
(p-value)  

95% Confidence Interval 
Lower Upper Lower Upper 

Intercept - 0.0589 (7.73e-04) 0.00113 0.307 2.77 (0.00131) ** 1.49 5.16 

Age Group 

Under 40 2.94 (0.304) 0.375 23.0 1.90 (0.445)  0.366 9.86 
40-50 1.28 (0.666) 0.415 3.97 1.34 (0.446) 0.631 2.85 
50-60 1.30 (0.586) 0.508 3.32 1.08 (0.814) 0.578 2.01 

60-70Ref. - - - - - - 
70-80 1.33 (0.479) 0.607 2.91 1.44 (0.193) 0.832 2.48 

Over 80 2.08 (0.163) 0.745 5.79 1.35 (0.463) 0.604 3.03 

Gender 
Female. 1.02 (0.959) 0.560 1.84 0.938 (0.769) 0.611 1.44 
MaleRef. - - - - - - 

Stage 

1 0.868 (0.779) 0.324 2.33 0.639 (0.224) 0.311 1.32 
2Ref. - - - - - - 

3 0.663 (0.227) 0.343 1.29 1.10 (0.708) 0.672 1.79 
4 0.314 (0.0513) 0.0980 1.01 1.07 (0.855) 0.540 2.10 

Left/Right/Rectum 
LeftRef. - - - - - - 
Right 1.60 (0.194) 0.788 3.24 0.734 (0.241) 0.438 1.23 

Rectum 0.435 (0.173) 0.131 1.44 0.628 (0.118) 0.350 1.13 

CMS Group 

CMS1 8.23 (2.15e-06) 3.44 19.7 1.09 (0.845) 0.463 2.57 
CMS2 0.550 (5.92e-01) 0.0620 4.88 3.82 (4.76e-06) 2.15 6.78 
CMS3 5.83 (2.57e-04) 2.27 1.50 7.54 (4.22e-07) 3.45 16.5 

CMS4Ref. - - - - - - 

CRIS Group 

CRIS A 8.84 (0.00894) ** 1.73 45.3 0.555 (0.0887)  0.282 1.09 
CRIS B 5.85 (0.0384) * 1.10 31.1 0.384 (0.00766) ** 0.190 0.776 

CRIS CRef. - - - - - - 
CRIS D 1.61 (0.713) 0.128 20.1 1.92 (0.0931) 0.897 4.09 
CRIS E 2.69e-06 (0) 2.69e-06 2.69e-06 0.889 (0.752) 0.429 1.84 
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Interestingly, the combination of clinical variables showed differences between the subtypes with 

both MSI-H and MSS-lo-CIRC being significantly different from MSS-hi-CIRC. Interestingly, though, the 

significance only existed in the consensus molecular subtypes and the CRIS subtypes, which are 

subtypes created based on shared underlying biology. There was no propensity for age, gender, 

stage, or, surprisingly, left/right/rectum sidedness being different between the subtypes. In terms of 

overall survival (OS), the subtypes showed no differences, in keeping with when MSS-hi-CIRC and 

MSS-lo-CIRC patients were shown as a collective group. However, there did exist a significant 

difference in relapse free survival (RFS) between the subtypes (Figure 3.14). With MSS-hi-CIRC 

demonstrating a significantly shorted RFS compared to MSI-H, consistent with MSS-hi-CIRC 

demonstrating an enrichment of CMS4-type cancers. It is, however, important to note that majority 

of patients lacked data for OS and RFS.
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Figure 3.14 – Kaplan-Meier curves of relapse-free survival stratified by CRC subgroups 
Relapse free survival data for all public cohorts were collated. Comparisons were completed using a Cox 
proportional hazards regression model. 
Likelihood ratio test = 7.82 on 2 df, p = 0.02001. Number of patients = 668, number of events = 190. 
1,526 observations were removed due to missingness. 
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3.2.11 Condensing the CIRC to an immunohistochemistry stain 

To investigate the potential to call hi-CIRC status between MSS patients on IHC, I performed 

differential gene expression between MSS-hi-CIRC patients in both the TCGA-COADREAD and 

Affymetrix cohorts. This revealed many genes which were significantly different to an adjusted P-

value of less than 0.01 on the two platforms (4,195 on TCGA-COADREAD, and 6,423 on Affymetrix). A 

large proportion of these genes were shared between the platforms (Figure 3.15). All Class II genes, 

along with their master regulator, CIITA, were present in this shared list of differentially expressed 

genes, however, represented 12 out of 2,606. We, therefore, took an average of the adjusted P-

values across the two cohorts and ordered these by the lowest P-value to the highest. Out of the top 

10, Class II genes and CIITA represented 50%. Other notable members included the IFNγ-induced 

guanylate-binding proteins, GBP1, GBP4, and GBP5, as well as the as well as the tryptophan-

metabolising enzyme, IDO1, and the chemokine ligand CCL5 (Table 3.7).
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Figure 3.15 – Frequency of overlapping differentially expressed genes between MSS-hi-CIRC and 
MSS-lo-CIRC in Affymetrix and TCGA-COADREAD datasets  
Differential gene expression analysis performed between MSS-hi-CIRC and MSS-lo-CIRC in the 
Affymetrix cohort revealed 6,423 transcripts (green). Of these, 2,324 genes were also differentially 
expressed between MSS-hi-CIRC and MSS-lo-CIRC patients in the TCGA-COADREAD dataset (orange). 
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Table 3.7 – List of the top 10 most differentially expressed genes across TCGA-COADREAD and Affymetrix cohorts 
P-values for differentially expressed genes between MSS-hi-CIRC and MSS-lo-CIRC in Affymetrix and TCGA-COADREAD cohorts were averaged and ordered lowest 
to highest. The top 10 most significant differentially expressed genes are shown and stratified by cohort. An enrichment in the MSS-hi-CIRC patients with regards 
to MSS-lo-CIRC is indicated by a positive Log2(fold change). Values were rounded to 3 significant figures.  

Symbol Entrez ID 
TCGA-COADREAD Affymetrix Datasets Average adjusted P-

value Adjusted P-Value Log2(Fold Change) Adjusted P-Value Log2(Fold Change) 
GBP5 115362 3.07e-61 2.20 4.05e-107 1.23 1.54e-61 
HLA-DOA 3111 1.72e-56 1.92 2.18e-96 0.944 8.61e-57 
HLA-DMB 3109 7.00e-56 1.75 2.03e-90 1.30 3.50e-56 
GBP4 115361 1.53e-52 1.79 9.11e-103 1.23 7.67e-53 
HLA-DMA 3108 2.17e-52 1.47 4.13e-81 1.48 1.09e-52 
IDO1 2620 4.13e-50 2.51 1.17e-98 1.79 2.07e-50 
CIITA 4261 5.02e-50 1.73 1.12e-53 0.571 2.51e-50 
GBP1 2633 1.13e-49 1.40 5.68e-72 1.54 5.65e-50 
CCL5 6352 1.47e-49 1.75 4.90e-72 1.73 7.34e-50 
HLA-DRA 3122 3.75e-49 2.00 7.25e-66 1.66 1.87e-49 
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Due to the high number of Class II genes in this result, I decided to test a machine learning algorithm 

which assessed whether MHC Class II expression alone could correctly stratify those patients who 

were MSS-hi-CIRC from those who were MSS-lo-CIRC. TCGA-COADREAD data were filtered to contain 

only MSS patients and randomly split into two sets 100 times, training on 75% of the patients and 

testing the naïve bayes model on the remaining 25% (Meyer et al., 2017). A ROC curve was utilised to 

assess the ability of MHC Class II expression to predict whether the patient was MSS-hi-CIRC or not 

(MSS-lo-CIRC) (Sing et al., 2005). Figure 3.16 clearly shows that MHC Class II expression was very 

accurate at predicting MSS-hi-CIRC status with regards to MSS (AUC – 0.955, 95.5% of patients 

correctly predicted). These results suggest that MHC Class II can successfully delineate MSS-hi-CIRC 

patients from MSS patients and supports their central location in the heatmap of genes in Lal et al., 

(2015). 
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Figure 3.16 – ROC curve demonstrating the accuracy of HLA Class II genes to predict MSS-hi-CIRC 
patients from MSS-lo-CIRC patients in the TCGA-COADREAD cohort 
A naïve bayes classifier was trained using Class II genes on TCGA-COADREAD MSS patients and tested 
100 times to detect MSS-hi-CIRC patients from MSS-lo-CIRC patients. For each permutation, the Area 
Under the Curve (AUC) was calculated. The average AUC was taken and displayed on the plot (95.5%). 
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Using paired RNA sequencing and an HLA-Class II antibody, which stains HLA-DP, HLA-DQ, and HLA-

DR, I demonstrated that the enrichment of HLA-DPB1, HLA-DRB1, and HLA-DQB1 and the CIRC 

signature correlate with HLA Class II protein, albeit modestly (Figure 3.17). However, I noted that 

much of the cohort was negative for MHC Class II, suggesting issues with staining. In contrast, the IHC 

expression of Class II was highly variable across a separate MSS cohort from Wales Cancer Bank 

(WCB) (Figure 3.18). This, combined with references of other cohorts demonstrating similar 

variabilities in MHC Class II expression indicated that MHC Class II expression may capture the 

variability in the CIRC score shown in RNA-based data (Lal, 2016, Goussous, 2020). 
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Figure 3.17 – Relationships between MHC Class II protein and MHC Class II transcript or CIRC score 
FFPE slides from MSS patients were stained for HLA class II. Enrichment scores for Class II transcripts and the CIRC signature were calculated using RNA 
sequencing data. Positive trends are shown between the intensity of Class II IHC staining with Class II transcript enrichment scores (Left) and with the CIRC 
enrichment score (Right) in the 100K genomes cohort. Statistical analysis used Spearman correlations. Bin widths were set according to the Freedman-Diaconis 
rule. 
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Figure 3.18 – The range of MHC Class II staining in MSS colorectal cancer in the Wales Cancer Bank cohort 
FFPE slides were stained for HLA-Class II. Two images from a cohort of 30 MSS patients were chosen for representation of the variability of MHC Class II expression 
within the MSS subgroup. 
Left – CRAC_0129, low MHC Class II staining, right – CRAC_0015, high MHC Class II staining. 
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3.2.12 MSS-hi-CIRC patients have a comparable immune infiltrate to MSI-H 

patients 

To ensure that MHC Class II could stratify MSS patients who had a high immune infiltrate. I took MSS-

hi-CIRC patients (high MHC Class II IHC score) from a previously defined cohort and combined these 

with MSS and MSI-H patients from a separate cohort (Goussous, 2020, Lal et al., 2015). Figure 3.19 

displays representative images of the three subtypes and demonstrates that MSS-hi-CIRC resemble 

the mutation-rich MSI-H patients rather than their native MSS grouping. This can be quantified by 

taking the average density of the phenotypes in either the stroma or epithelium. I reduced this data 

onto two PCA plots of the top 3 principal components (Figure 3.20). These three components were 

chosen for visualisation due to them having eigenvalues above 1.5. Whilst MSS-lo-CIRC patients 

seemed to hover around a negative point for PC1 and zero for both PC2 and PC3, the other two 

subtypes moved along the axes. These axes, being a combination of all the parameters, are 

essentially measures of overall immunity and demonstrate that MSS-hi-CIRC and MSI-H have an 

increased immune presence.
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Figure 3.19 – Representative multispectral immunofluorescence images of CRC subtypes 
Composite images for each subtype were chosen as a representation of 10 MSI-H patients, 8 MSS-lo-CIRC patients, and 12 MSS-hi-CIRC patients. Images 
demonstrate the range of immune infiltration in the different subgroups. Colours represent the markers outlined in Table 2.4: Red – MHC Class II, Yellow – CD8, 
Green – CD4, Cyan – T-bet, Orange – FOXP3, RORγt – Magenta, DAPI – Blue.  

MSI-H MSS-lo-CIRC MSS-hi-CIRC 
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Figure 3.20 – Principal component analysis of immune cell densities characterised by multispectral immunofluorescence 
The average density per mm2 of cells phenotyped as Class II, CD4 only, CD8 only, TH1 (CD4 + T-bet), TH17 (CD4 & RORγt), TC1 (CD8 & T-bet), and TREGS (CD4 & 
FOXP3) in both the stroma and epithelium were used as input for principal component analysis. The first three principal components had an eigenvalue 
above 1.5 and were used as axes (PC1 – X axis; PC2 and PC3 – Y axes). Points represent patients and were coloured for subtypes (purple: MSS-hi-CIRC [n = 
12], green: MSI-H [n = 10], orange: MSS-lo-CIRC [n = 8]). 
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3.3 Discussion 

Here I utilised multiple clustering mechanisms and multi-platform RNA-based data to define a group 

of patients whose tumours are MSS but have an increased immune infiltration. These analyses pay 

homage to, but refine, the threshold-based stratification undertaken by Lal (2016). Furthermore, 

whilst they concluded by utilising a threshold-based stratification itself, they raise the possibility of 

combining multiple platforms to determine a consensus set of genes that are common between 

MSS-hi-CIRC patients on different platforms and across multiple cancers. 

 

The CIRC signature contains nine MHC Class II genes, along with other genes related to a TH1 and the 

cytolytic response (Lal et al., 2015), and here I show that MHC Class II alone can accurately predict 

MSS-hi-CIRC from MSS-lo-CIRC patients using both RNA data and demonstrates high variability across 

the MSS cohort using IHC. The fundamental role of MHC Class II in anti-cancer immunity has been 

highlighted by two separate studies investigating CIITA, the master regulator of MHC Class II 

expression (Mortara et al., 2006, Meazza et al., 2003). The transfection of CIITA into highly metastatic 

MHC-Class-II-negative, but MHC-Class-I-positive, tumour cell lines rendered these cells MHC Class II 

positive, highly immunogenic in vivo, and capable of establishing immunological memory. Collectively 

these studies suggest that MHC Class II, arguably even more than MHC Class I, is pivotal in 

establishing a robust immune response, and may act as a potential prognostic biomarker. Clinical 

studies of melanoma have also provided support for MHC Class II as a prognostic biomarker, in which 

MHC Class II-positive tumours had a higher response rate, higher progression-free survival, and 

higher overall survival when treated with checkpoint blockade in comparison to MHC Class II 

negative tumours (Johnson et al., 2016). Although a difference in overall survival wasn’t observed 

here between the MHC Class II-positive MSS-hi-CIRC patients and the MHC Class II-negative MSS-lo-

CIRC patients, it is important to note that none of these patients have been treated with checkpoint 



 134 

blockade, or any treatment. Furthermore, over 70% of overall survival data was missing from these 

analyses.  

 

Lal (2016) previously showed that MHC Class II expression and the CIRC signature were highly 

correlated and here I improve on this by demonstrating the high accuracy of MHC Class II RNA 

expression to predict MSS-hi-CIRC patients with regards to their native, MSS grouping. Furthermore, 

we demonstrate a highly variable MHC Class II protein expression across our MSS cohort. Despite 

analyses demonstrating weak positive correlations of MHC Class II protein with the CIRC signature 

here, the CIRC signature is highly correlated with MHC Class II transcript levels (Lal, 2016) and 

stronger relationships between MHC Class II expression and its protein have been demonstrated 

elsewhere (Sillo, 2021, pre-viva). Furthermore, there are many reports demonstrating that MHC Class 

II expression is regulated at the level of transcription (Handunnetthi et al., 2010). Therefore, despite 

these correlations not being reflected in this dataset, wider findings reinforce transcriptomic findings 

in the use of an IHC stain for MHC Class II to stratify this patient cohort. These analyses provided the 

basis for the ANICCA Class II clinical trial, conducted in Birmingham over the past few years. This trial 

aimed to test the efficacy of Nivolumab in high class II MHC cancers. An MHC Class II threshold of 

50% or more was suggested to capture MSS-hi-CIRC patients. This was subsequently refined to being 

a tumour-membrane positivity threshold due to studies demonstrating cancer cell MHC Class II 

expression as a biomarker for success of PD-1/PD-L1 blockade in melanoma (Johnson et al., 2016). 

Unfortunately, there was difficulty in recruiting patients with tumours that met this threshold of 

cancer cell Class II MHC positivity. At the time of writing, no patients were found in the advanced CRC 

setting above this cancer cell MHC Class II threshold.  

 

It is key that the analyses presented here drastically differ from the setting in which ANICCA 

attempted to recruit. Here, I use primary tumours whereas ANICCA recruited patients who had 



 135 

metastatic disease which had relapsed post-surgery. The lack of patients recruited in the ANICCA trial 

suggests multiple possibilities. Firstly, this may suggest that having a high cancer cell MHC Class II 

expression leads to much better outcome even after conventional treatment modalities, accounting 

for the lack of Class II-high tumours found in the metastatic setting. Secondly, the transition from a 

non-spatially resolved signature (CIRC) to one which is spatially resolved (MHC Class II expression on 

the epithelium – ANICCA) may explain the discrepancy. It is conceivable that MSS-hi-CIRC patients 

are those with elevated stromal expression of MHC Class II, rather than epithelial-linked. This latter 

suggestion would be in keeping with the finding that MSS-hi-CIRC are predominantly of a CMS4 

subtype, in addition to the Kaplan Meier plot demonstrating the poorer prognosis of the MSS-hi-CIRC 

cohort. Lastly, it is possible that the MSS-hi-CIRC cohort represents a mixture of patients expressing 

MHC Class II on either their epithelial or stromal compartments. This latter suggestion is perhaps, the 

most likely, with further interrogation of the Vectra dataset (Section 5.2.1) demonstrating equivalent 

MHC Class II expression in both epithelial and stromal compartments.  

 

Although the MHC Class II threshold for ANICCA has subsequently been reduced to aid trial 

recruitment, these findings support the investigation into the underlying biology of how MSS-hi-CIRC 

patients gain their increased MHC Class II expression, and by extension their increased immune 

infiltrate.
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Chapter 4: Investigating the Genetic Basis of MSS-hi-CIRC 

CRC
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4.1 Introduction 

Cancer, at its core, is a genetic disease. The transition from a normally functioning cell to one that is 

devoid of proliferative control is encoded in its genetics via mutations. This has meant that, since the 

advent of sequencing methods, the genetic basis of cancer has been extensively characterised. As 

highlighted by Fearon and Vogelstein, as briefly covered in the thesis introduction, it was initially 

thought that the transition from a normally functioning cell to a carcinoma was linear. It wasn’t until 

a landmark study completed in 2012, in which a single tumour was sequenced multiple times, that 

the idea of cancer heterogeneity was accepted, and that cancer develops analogous to Darwin’s 

evolutionary theory (Gerlinger et al., 2012). Cancer initially develops with driver mutations in genes 

that safeguard or regulate key processes, such as proliferation, apoptosis, and immune visibility. 

These initiating mutations provide the basis for more, secondary mutations to occur which increase a 

cancer cell’s likelihood of survival (Hanahan and Weinberg, 2011). Whilst these secondary mutations 

may act to decrease immune visibility, such as inactivating mutations in the MHC Class I antigen 

presentation machinery, they may alternatively increase the likelihood of the presentation of 

antigens with altered sequence. Cancer arises from healthy tissue. Healthy tissue presents self-

antigen via MHC Class I, which also serves to inhibit immune attack by natural killer cells, a 

component of the innate immune system. Since autoreactive T-cells are deleted in the thymus during 

tolerance, there is generally a low potential for immune activation against the otherwise ‘healthy’ 

cancer cell. Mutations, however, present a novel opportunity for altered self to be presented. 

Mutations, having been processed by the intracellular antigen processing machinery, can be 

presented as novel MHC-associated peptide sequences called neoantigens. These neoantigens are 

immensely immunogenic, and therefore, the degree of immunogenicity of a tumour is directly 

correlated to the number of neoantigens and by extension, the degree of mutational burden 

(Giannakis et al., 2016, Brown et al., 2014, Rooney et al., 2015, Blass and Ott, 2021). For these 
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reasons, relative to tumours with proficient repair pathways, MSI cancers or those which have 

defective DNA damage repair pathways have a much higher immune infiltrate, reflective of 

substantially greater immunogenicity. This phenomenon likely underpins the highly successful clinical 

intervention of ICB, as covered in the thesis introduction. However, for those cancers which display 

much lower levels of mutation burden, these therapies have not been so revolutionary. Importantly, 

however, low-mutation burden cancers harbour core, oncogenic, driver mutations that in principle 

could act as targets for immune recognition and that are fixed across the tumour (McGranahan et al., 

2015). Moreover, studies have demonstrated that these driver mutations may therapeutically be 

exploitable. The Rosenberg laboratory proposed that RAS mutations common in CRC may be 

immunotherapeutic tractable. They identified CD8POS T-cells with reactivity against the KRAS G12D 

neoepitope in an advanced CRC patient who had multiple lung metastases. After administering 

nonmyeloablative, lymphodepleting chemotherapy, the patient was administered a single dose of 

these expanded CD8POS T-cells, and five doses of IL-2. 6 weeks after the cell therapy, all seven 

metastatic lung metastases had significantly reduced in burden (Tran et al., 2016). Interestingly, 

similar effects have also been observed following administration of CD4POS T-cells recognising a 

mutation in ERRB2IP, suggesting that these effects are not only MHC Class I dependent (Tran et al., 

2014). These studies suggest that, even despite limited neoantigens, in principle only one may be 

required for immunogenicity. I demonstrate a highly variable intratumoural immunity within the low-

mutation burden MSS CRC subgroup, which could be indicative of a difference in recurrently mutated 

loci, giving rise to differential immunogenic neoepitopes between the MSS cohorts. 

 

Genetic characterisation of cancer has largely focussed on the somatic changes that occur during 

cancer evolution. However, genetic variability that distinguishes us as individuals, also distinguishes 

our susceptibility/response to cancer. The human genome differs vastly between two individuals, 

with up 3.5 - 4.3 million areas in the genome having been noted as sites of inter-individual variability 
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(Agarwal et al., 2017). These areas of inter-individual variability are termed germline single 

nucleotide polymorphisms (gSNPs), and can be non-synonymous, synonymous, or in non-coding 

regions. Non-synonymous gSNPs are, perhaps, the easiest to comprehend in terms of their potential 

to increase susceptibility to cancer development. Knudson’s famous two-hit model of cancer 

development allows mutations to be inherited. These mutations will not affect gene function due to 

the presence of a fully functional second allele. Only when a second, inactivating mutation occurs in 

the redundant allele does cancer develop. Synonymous gSNPs, on the other hand, do not produce a 

change in the protein sequence, however, their action is likely to occur earlier in the translation 

process. Synonymous alterations to coding regions have been shown to affect translation rates by 

interfering with ribosome recruitment, or by reducing mRNA half-life (Mendell and Dietz, 2001), thus 

reducing gene expression. Intronic gSNPs, also referred to as expression quantitative trait loci 

(eQTLs) can act locally i.e., variants lie within 1 megabase on either side of a gene’s transcriptional 

start site (TSS), or distantly to the TSS. Locally acting eQTLs are referred to as cis-eQTLs, whereas 

distant eQTLs (whereby the variant is located at least 5 megabases upstream/downstream, or on a 

different chromosome to the gene it affects expression of) are considered trans-eQTLs (Nica and 

Dermitzakis, 2013). The action of eQTLs is perhaps the most understudied of gSNPs, due to the 

requirement of whole genome sequencing data, and the significant expertise that is required to 

analyse it. 

 

In addition to contributing to the direct development of cancer, gSNPs influence host immunity. 

gSNPs occurring in various immune-related genes, or regions which influence gene expression of 

immune related genes, may in principle modulate risk of cancer development due to the altered 

capacity for immunoediting, but also by modulating the immune response towards cancer. To 

understand the differing levels of intratumoural immunity between our MSS cohorts, I characterised 

the genetic landscape of both settings. Here I hypothesise that MSS-hi-CIRC CRC may share processes 
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with the highly immunogenic MSI-H CRC cancer grouping or display a distinct genetic process that 

differentiates it from the MSS-lo-CIRC CRC cohort. 

 

4.2 Results  

4.2.1 MSS-hi-CIRC and MSS-lo-CIRC cancers display similar levels of mutational 

burden 

Although MSS-hi-CIRC patients are microsatellite stable, I hypothesised that they may have a large 

enough mutation burden to cause their increased immune infiltrate. Using 33 different tumours, 

Panda and colleagues (2017) determined various different mutation burden thresholds (iCAM 

threshold) that could predict response to immune checkpoint therapy, including in CRC. To 

distinguish whether MSS-hi-CIRC patients had a mutation burden above this threshold, or larger than 

the MSS-lo-CIRC patients I compared the number of non-synonymous mutations across the cohorts. 

Mutation burdens between the MSS subgroups didn’t alter, with both MSS-hi-CIRC and MSS-lo-CIRC 

displaying iCAM thresholds significantly below the 2.5 cut-off determined by Panda and colleagues. 

In fact, only 3.90% of MSS-hi-CIRC and 3.98% of MSS-lo-CIRC exceeded this threshold. In contrast, 

96.7% of the ICB-susceptible, MSI-H passed this criterion (Figure 4.1).  

 

Other papers have also suggested that the main reason for an increased immune infiltrate lies in the 

number of frameshift mutations, rather than overall non-synonymous mutations. For example, 

Mlecnik and colleagues (2016) demonstrated that frameshift mutations were much more likely to 

result in epitopes than missense mutations. However, in concordance to overall non-synonymous 

mutations, no differences between MSS-hi-CIRC and MSS-lo-CIRC existed with regards to frameshift 

mutations (Figure 4.2) or any other forms of mutation (data not shown).
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Figure 4.1 – Non-synonymous mutation burdens of TCGA-COADREAD patient subgroups 
Total non-synonymous mutation burdens were compared across TCGA-COADREAD subtypes. A red 
dashed line was placed at 2.5 to indicate the identified iCAM threshold for CRC (Panda et al., 2017). The 
number of patients per subtype are indicated on the X axis. 
Statistical analysis used a Kruskal-Wallis test, p-value = 1.64e-29. CI95% [0.25, 0.32]. Pairwise 
investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are 
shown. 
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Figure 4.2 – Frameshift mutation burdens of TCGA-COADREAD patient subgroups 
Total number of single nucleotide variants causing a frameshift mutation were compared across TCGA-
COADREAD subtypes. The number of patients per subtype are indicated on the X axis.  
Statistical analysis used a Kruskal-Wallis test, p-value = 1.62e-32. CI95%[0.28, 0.34]. Pairwise 
investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are 
shown. 
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4.2.2 MSS-hi-CIRC patients display no specific enrichments of mutation 

signatures 

Due to the lack of quantitative mutation burden difference between MSS-hi-CIRC and MSS-lo-CIRC 

patients, I next hypothesised that this might arise from a qualitative difference. Using signatures 

derived from Alexandrov et al (2013), I distinguished five signatures that existed within our data (see 

Figure 2.2, Appendix 1, and Figure 4.3). Using cosine similarity and published signatures from 

Alexandrov et al, I determined that our signatures resembled certain signatures with known 

aetiology. For example, our Signature 3 displayed striking similarity to Alexandrov Signature 6 (Table 

4.1). Alexandrov Signature 6 is known to be enriched in cancers with a mismatch repair deficiency. 

Here, I see that this signature is selectively enriched in our MSI-H patients, demonstrating the power 

of these analyses (Figure 4.3). Two of the five signatures were enriched in the MSS-hi-CIRC and MSS-

lo-CIRC patients, albeit of equal proportions (Appendix 2). Our Signature 1 mapped to Alexandrov 

Signature 1A, seen to be enriched pan-cancer. The increased C>T transitions found in this signature 

was concluded to likely be related to spontaneous mutation associated with age although I found no 

association of MSS-hi-CIRC and MSS-lo-CIRC patients residing in older generations (Table 3.6).The 

second signature enriched in MSS-hi-CIRC and MSS-lo-CIRC patients was that of SU2. Unfortunately, 

this signature was unable to be validated by Alexandrov et al, and therefore, no probable 

association. These analyses highlight, however, that mutation signatures seem to occur in equal 

proportions across both the MSS-hi-CIRC and MSS-lo-CIRC cohorts, and therefore, are unlikely to 

share a mutational process responsible for the increased intratumoural immunity seen in MSS-hi-

CIRC (Figure 4.3, Appendix 2).
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Figure 4.3 – Hierarchical clustering of the five mutation signatures found in the TCGA-COADREAD subtypes 
Five mutation signatures were determined in the TCGA-COADREAD cohort using NMF decomposition and the frequency of 96 single nucleotide changes. 
The frequency of each signature was averaged across patient subtypes and Z score transformed within each subtype. Two-dimensional hierarchical 
clustering was applied to determine the order of signatures and patient subtypes. Increased red intensity signifies an increased strength of signature in 
that subtype. 
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Table 4.1 – Cosine similarity values between TCGA-COADREAD mutation signatures and 
Alexandrov signatures 
Similarity between the mutation signatures found by NMF decomposition in the TCGA-COADREAD 
cohort (Somatic Signature) and the Alexandrov signatures was evaluated using cosine similarity on the 
frequency of base changes within each signature. Alexandrov signatures demonstrating the highest 
cosine similarity value were chosen to represent each Somatic Signature in the TCGA-COADREAD 
dataset. Cosine similarity values are rounded to 3 significant figures. Alexandrov signatures were 
derived from the SomaticSignatures R package. 

Somatic Signature Alexandrov et al., Signature Cosine Similarity 
S1 S1A 0.948 
S2 S10 0.992 
S3 S6 0.950 
S4 S17 0.765 
S5 SU2 0.853 
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4.2.3 MSS-hi-CIRC and MSS-lo-CIRC share recurrently mutated genes 

Due to the lack of a mutation signature arising specifically in the MSS-hi-CIRC cohort, I next 

suggested that it may only take one, particularly immunogenic mutation to induce an immune 

response, as was seen in Rosenberg’s study with KRAS targeting (Tran et al., 2016). Therefore, I 

investigated the presence of shared mutations between the MSS-hi-CIRC patients which were absent 

in the MSS-lo-CIRC cohort. Only two genes were recurrently mutated in at least 50% of the MSS-hi-

CIRC cohort, APC (86%) and TP53 (73%). Both genes, however, were also recurrently mutated in the 

MSS-lo-CIRC cohort (84% and 63% for APC and TP53, respectively). In contrast, the MSI-H cohort had 

10 genes which were recurrently mutated in more than 50% of patients (TTN; 90%, MUC16; 70%, 

FAT4; 68%, OBSCN; 63%, PCLO; 62%, BRAF; 60%, SYNE1; 60%, ZFHX4; 60%, KMT2D; 58%, RYR2; 55%, 

DNAH5; 53%, SETD1B; 53%, MUC5B; 52%, RYR1; 52%, ZFHX3; 52%), however, none were shared with 

the MSS-hi-CIRC subgroup. Due to the lack of a specific recurrently mutated gene in MSS-hi-CIRC 

patients compared to MSS-lo-CIRC, I hypothesised that particular types of mutations occurring on 

these genes might give rise to an immunogenic peptide specific to MSS-hi-CIRC patients. I plotted the 

frequency of various mutation types: missense, nonsense, frame shift and splice sites, onto the gene 

schematics for both APC and TP53. No real changes were observed between MSS-hi-CIRC and MSS-

lo-CIRC with relatively few patients sharing areas where mutations occurred and the changes largely 

mirroring one another (Figure 4.4 & Figure 4.5). Whilst there were a small cluster of APC missense 

mutations in the MSS-lo-CIRC grouping, occurring in the APC basic and EB1-binding domain, these 

represented very few patients. 
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Figure 4.4 – Schematic of the APC gene demonstrating the frequency of mutations in TCGA-COADREAD MSS subgroups 
The number of patients demonstrating various mutation types were plotted onto a gene schematic of APC for both MSS-hi-CIRC (top) and MSS-lo-CIRC 
(bottom) in a lollipop plot. The longest transcript ID of APC - NM_001127510 was chosen for visualisation. Lollipops represent various mutation types as 
depicted by the colours in the key. The Y axis highlights the frequency of patients harbouring the mutations at areas on the gene. Percentages indicate 
frequency in which APC was mutated in the respective cohorts. 
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Figure 4.5 – Schematic of the TP53 gene demonstrating the frequency of mutations in TCGA-COADREAD MSS subgroups 
The number of patients demonstrating various mutation types were plotted onto a gene schematic of TP53 for both MSS-hi-CIRC (top) and MSS-lo-CIRC 
(bottom) in a lollipop plot. The longest transcript ID: NM_000546 was chosen for visualisation. Lollipops represent various mutation types as depicted by the 
colours in the key. The Y axis highlights the frequency of patients harbouring the mutations at areas on the gene. Percentages indicate frequency in which 
TP53 was mutated in the respective cohorts. 
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4.2.4 MSS-hi-CIRC and MSS-lo-CIRC are indiscernible in terms of copy number 

alterations 

It seems that in terms of mutation status, MSS-hi-CIRC and MSS-lo-CIRC were almost indiscernible. 

However, MSS cancers may not be predicted to have particularly immunogenic mutations when one 

considers the process in which the majority arise. MSS cancers largely arise through chromosomal 

instability, and therefore, the differences in immunity may lie in differences in the chromosomal 

aberrations of each cohort. Whilst on average, the frequency of genomic changes altered between 

the subsets with MSS-lo-CIRC demonstrating a higher percentage (Figure 4.6), I couldn’t attribute 

these differences to any one chromosome (Figure 4.7). 
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Figure 4.6 – Degree of chromosomal instability in the genomes of TCGA-COADREAD subgroups 
The level of chromosomal instability was measured as the fraction of the genome which had a copy 
number different from 0. These fractions were compared across the TCGA-COADREAD subtypes. The 
number of patients belonging to each subtype are indicated on the X axis. 
Statistical analysis used a Kruskal-Wallis test, p-value = 3.22e-25. CI95%[0.17, 0.26]. Pairwise 
investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are 
shown. 
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Figure 4.7 – The frequency of chromosomal copy number alterations across TCGA-COADREAD 
subtypes 
Copy number alterations were aggregated as a frequency (Y axis) for individual subtypes and 
demonstrated as gains (red) and losses (blue) across the chromosomes of the genome (X axis). The 
number of patients belonging to each subtype is indicated on individual panes (order of panels from top 
to bottom – MSS-hi-CIRC, MSS-lo-CIRC, MSI-H). Chromosomes are labelled with odd numbers at the 
base and even chromosomes at the top. 
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4.2.5 Three mitochondrial SNPs were differentially enriched between the 

MSS-hi-CIRC and MSS-lo-CIRC cohorts  

Until here, I have considered the autosomal changes imposed by the cancer to each of the patient 

cohorts. However, the importance of germline variants in the development of disease are 

increasingly important. SNPs which reduce/increase the propensity of detection of antigenic 

peptides, or those which reduce or increase the threshold for immune activation may be particularly 

important for the MSS-hi-CIRC and MSS-lo-CIRC cohorts. Here I test the frequency of the ~1,000,000 

most common SNPs across these cohorts. Due to the haploid nature of the mitochondrial genome, 

autosomal and mitochondrial SNPs were subjected to different statistical tests (allele and genotype 

tests, respectively). Within the SNP arrays, there were 868,263 autosomal SNPs and 107 

mitochondrial SNPs for testing. After multiple testing, none of the autosomal SNPs were significant, 

however, three passed the threshold of 0.01 at an unadjusted P-value (Figure 4.8). However, whilst 

these represent differences between the cohorts, after investigating the frequency of patients which 

had these in each of the cohorts, along with that they are no longer significant after FDR correction, I 

was not convinced they were true findings. 

 

In contrast, three mitochondrial SNPs were significant at an FDR of 0.0164 (Figure 4.9). These SNPs 

occurred in ND4, ND4L, and CO3. ND4 and ND4L code for subunits of the NADH dehydrogenase 

enzyme which is a component of complex I of the respiratory chain. CO3, on the other hand, codes 

for a component of the cytochrome c oxidase complex in complex IV of the respiratory chain. The 

frequency of these SNPs is of particular interest. For complex I SNPs, 100% of MSS-hi-CIRC patients 

carried the SNP. In contrast, for the CO3 SNP, 100% of MSS-hi-CIRC patients did not carry the SNP. 

Importantly, only three MSS patients who had one of the SNPs didn’t carry all three, suggesting that 

these SNPs were linked.  
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Figure 4.8 – Autosomal SNP enrichment analysis between TCGA-COADREAD MSS-hi-CIRC and MSS-lo-CIRC patients 
868,263 Autosomal SNPs were tested for an association with MSS-hi-CIRC or MSS-lo-CIRC status using an allele test. Before multiple correction, three SNPs 
passed the P-value cut-off to be considered significant (shown in orange and labelled for rs number). SNPs with an unadjusted P-value greater than 0.05 
were removed from the plot. Chromosomes are shown on the x axis, and the -log10(unadjusted P-value) is shown on the y axis. A dotted line is placed at -
log10(3.16e-06) to indicate the threshold for unadjusted significance [3 significant figures]. 
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Figure 4.9 – Mitochondrial SNP enrichment analysis between TCGA-COADREAD MSS-hi-CIRC and MSS-lo-CIRC patients 
107 mitochondrial SNPs were tested for an association with MSS-hi-CIRC or MSS-lo-CIRC status using a genotype test. After correction for multiple testing, 
three SNPs were considered significant at -log10(0.01) (shown in orange and labelled). Genes in the mitochondrial genome are shown on the x axis, and the -
log10(unadjusted P-value) is shown on the y axis. A dotted line is placed at -log10(0.01) to indicate the threshold for significance. 
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Table 4.2 – Percentage of patients demonstrating homo- or heterozygosity at significant SNPs 
Autosomal and mitochondrial SNPs were tested for enrichment between MSS-hi-CIRC and MSS-lo-CIRC patients in the TCGA-COADREAD cohort. For autosomal 
SNPs, the Phred score represents the allele test, whereas for mitochondrial SNPs the Phred score represents the results of the genotype test. SNPs passing 
thresholds in Figure 4.8 & Figure 4.9 are shown. No autosomal SNPs were significant after FDR correction. Information about associated genes, the chromosome 
and frequency in the population was gained from the R package; rsnps (Gustavsen et al., 2020). NA where no data was available. SNPs are ordered by Phred 
score. Total number of patients; MSS-lo-CIRC, n = 304; MSS-hi-CIRC, n = 80. 

SNPID Population Frequency (%) Associated Gene Chr Nucleotide 
change Phred Score 

MSS-lo-CIRC MSS-hi-CIRC 
-/- -/+ +/+ -/- -/+ +/+ 

rs2202262 23.6 NRG1 8 A > C 62.1 198 95 11 29 40 11 

rs42676 87.5 LINC00298 2 G > C 
G > T 60.8 8 54 242 0 1 79 

rs3767049 81.9 GRIK3 1 
C > A 
C > G 
C > T 

60.6 246 45 13 79 1 0 

rs28358285 NA ND4 MT T > C 26.3 27 NA 277 0 NA 80 
rs9743 NA CO3 MT T > C 26.0 276 NA 28 80 NA 0 

rs28358280 NA ND4L MT A > G 23.8 26 NA 278 0 NA 80 
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Whilst the association tests of these SNPs were significant, alongside the fact that 100% of MSS-hi-

CIRC patients either carried or didn’t carry the respective SNP, a significant proportion of MSS-lo-

CIRC patients followed suit. In fact, only ~10% of MSS-lo-CIRC patients didn’t follow the same 

direction as MSS-hi-CIRC patients (Table 4.2). To investigate whether the likelihood of having the 

presence of these SNPs affected the CIRC score, I compared CIRC scores across presence/absence of 

SNP regardless of MSS-hi-CIRC status (Figure 4.10). In all three scenarios, the presence of the SNP 

significantly increased CIRC score. However, this comparison was heavily one-sided with ~92% of 

patients either having the SNP present (ND4/ND4L) or absent (CO3) in comparisons. Furthermore, 

despite being significant, the distribution of patients in all three comparisons did not suggest that the 

presence/absence of these SNPs had any link with CIRC score.
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Figure 4.10 – CIRC enrichment scores across mitochondrial SNP homozygosity status in TCGA-COADREAD MSS patients 
MSS patients were split by the presence (homozygous SNP) or absence (homozygous reference) of the three mitochondrial SNPs significantly enriched in either 
MSS-hi-CIRC or MSS-lo-CIRC patients from Table 4.2. The number of patients per group for each of the SNPs are shown on the X axis. Order of panels from left to 
right; ND4 (rs28458285), ND4L (rs28358280), CO3 (rs9743). 
All comparisons used the Mann-Whitney statistical test. P-values are Holm adjusted. Nsamp = 384 in all scenarios. 

 
-
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4.3 Discussion 

In this chapter, I investigated the genetic basis of the MSS-hi-CIRC CRC subgroup in comparison to 

MSS-lo-CIRC and MSI-H groupings. An interesting finding was the lack of a shared level of mutation 

burden between MSI-H and MSS-hi-CIRC, especially considering their comparable immune infiltrate. 

Furthermore, MSS-hi-CIRC patients demonstrated drastically lower mutation burden thresholds than 

have been suggested by Panda and colleagues to be immunogenically relevant (Panda et al., 2017). 

Parallel to these findings, MSS-hi-CIRC tumours did not share dysregulated mutational processes with 

MSI-H tumours, nor did they appear to have an individual genetic process that could explain the 

differences from their native (MSS) grouping in terms of immune infiltrate. Thirdly, the MSS 

subgroups lacked distinguishing recurrently expressed mutations with only APC and TP53 being 

mutated in around 70% of both MSS-hi-CIRC and MSS-lo-CIRC cohorts. Finally, albeit demonstrating a 

reduced fraction of genome altered in comparison to MSS-lo-CIRC, no individual chromosome 

demonstrated significant differences in this variable. 

 

Together, these analyses failed to detect any somatic genetic differences between MSS-hi-CIRC and 

MSS-lo-CIRC as cohorts. However, these results are inevitably still inconclusive. I did not investigate 

neoantigen burden, and although others have and showed no discernible differences in overall 

neoantigen burden between the cohorts (Lal, 2016), these analyses investigated a quantitative 

neoantigen load, rather than a qualitative difference in immunogenicity of individual neoantigens. It 

is also conceivable that mutations may not be recurrent across the MSS-hi-CIRC cohort, but 

individualised mutations that are immunogenic in various settings. Such settings may include the 

expression of differing MHC haplotypes. Recent evidence has shown that the unique combination of 

MHC alleles that an individual carries will define the available sub-peptidome that can be effectively 

presented (Marty Pyke et al., 2018, Marty et al., 2017). Here, I didn’t consider the MHC haplotype of 

the patient cohorts, and whilst it is unlikely that MSS-hi-CIRC patients harbour a common MHC 



 159 

haplotype (Lal, 2016), they may contain MHC haplotypes that complement their individualised 

mutational spectrums. Similarly, spatial intratumoural heterogeneity (sITH) was also not considered. 

Referring to the differences within tumours with regards to genetic subclones rather than differences 

between primary and secondary locations, there are two leading hypotheses on how sITH influences 

intratumoural immunity. The first argues that a reduced sITH produces a more coordinated immune 

attack against recurrent mutations ‘fixed’ across the tumour. In contrast, the second suggests 

increased sITH increases the likelihood of immunogenic neoepitope presentation through 

presentation of multiple different immunogenic mutations. Evidence is far stronger for the latter, 

whereby a higher sITH is linked to favourable outcome in a variety of different cancer types (Andor et 

al., 2016). However, whilst this may be favourable in the primary disease setting as investigated by 

Andor and colleagues using TCGA data, upon relapse these tumours will undoubtedly produce a 

highly immunoedited tumour which demonstrates significantly worse overall and progression free 

survival – analogous to relapsed MSI-H patients (Kim et al., 2016b). Despite similar mutation 

burdens, MSS-hi-CIRC tumours could display dramatically increased sITH thereby increasing the 

presentation of various mutations across the entirety of the tumour, accounting for its increased 

immune infiltrate. There now exists a multitude of computational programs which can deconvolute 

the tumour meta-genomes gathered from a single exome sequencing experiment into the 

abundance of various clones, and thus a surrogate reading for sITH, the use of which should be 

prioritised in the immediate future of this project (Andor et al., 2014, Roth et al., 2014). 

 

In addition to not considering key genetic factors influencing intratumoural immunity, the approach I 

employed was reductionist. Here, I considered each element individually that could influence 

immunogenicity of a tumour, whereas the combination of such factors is likely much more telling. 

The combination of these factors is, perhaps, easiest to visualise in terms of copy number alterations 

and mutations. The overlap of copy number alterations occurring in regions of mutations would 
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increase, or decrease, the probability of mutations to be processed and presented by increasing, or 

decreasing, their expression. The combination of mutation data, copy number alterations, RNA 

sequencing, and reverse protein phase arrays would provide a much clearer picture of whether 

somatic alterations are likely to lead to generation of presentable neoepitopes. Finally, my mutation 

signature analyses utilised only single base changes. Alexandrov and colleagues have since extended 

their analyses to incorporate 49 single-base-substitution signatures, 11 doublet-base-substitution 

signatures, 4 clustered-base-substitution signatures, and 17 small insertion-and-deletion signatures 

(Alexandrov et al., 2020), and therefore the presence of an individualised mutation signature within 

this patient cohort remains a possibility.  

 

In terms of germline alterations, no autosomal SNPs were found to be significantly associated with 

MSS-hi-CIRC or MSS-lo-CIRC subgroups, although these analyses likely lack the statistical power to 

discern associations in this cohort. To gain the statistical power to find associations, the number of 

patients included would have to be increased. Alternatively, a more directed approach could be 

taken as adopted in a paper by the Kirchhoff group (Vogelsang et al., 2016). Utilising the Gene 

Ontology (GO) and Kyoto Encyclopaedia of Genes and Genomes (KEGG) databases, Vogelsang and 

colleagues collated a list of 382 genes associated with adaptive immune signalling, differentiation, 

and cytokine production. eQTLs from the MuTHER project shown to affect these 382 genes were 

ranked by significance, and the top 50 were used for future investigation. These analyses 

demonstrated significant associations of variants controlling expression of IL19 and BATF3 with 

better overall survival of melanoma patients. Furthermore, previous students in our extended 

research group recently completed similar analyses using the Genomics England cohort. Here, they 

demonstrated a significant relationship of high Immunoscore patients with a variant in TCF7. 

Unfortunately, these patients were not first delineated by MMR status, and therefore, the 

contribution of this eQTL to the MSS-hi-CIRC setting could not be delineated (Sillo, 2021, pre-viva). 
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Although the TCGA database has whole genome sequencing data available, unfortunately this 

amounts to just 28 samples and therefore is unlikely to have sufficient power to validate this 

association (The Cancer Genome Atlas, 2021). 

 

In contrast to autosomal SNPs, our analyses demonstrated significant association of two 

mitochondrial SNPs with MSS-hi-CIRC patients, and one with MSS-lo-CIRC patients. These SNPs lay in 

the genes ND4, and ND4L (MSS-hi-CIRC), and CO3 (MSS-lo-CIRC). Whilst the SNP in ND4 has never 

been associated with any other disease states, those in ND4L and CO3 have recently been 

demonstrated as associated with an increased BMI (National Library of Medicine, 2021, Flaquer et 

al., 2014). This association is interesting, considering that obesity is a leading risk factor for cancer. 

Furthermore, obesity has recently been linked with leaky barrier function, and colonic inflammation 

(Ahmad et al., 2017). Using leptin-deficient mice (ob/ob mice), which over-eat due to lack of the 

hunger satiety signal leptin, the authors detected increased gut permeability as measured by the 

fluorescence intensity of orally fed FITC-dextran in the blood after 4 hours of ingestion. These 

findings, independent of diet, were in parallel with reduced expression of the tight junction proteins, 

Occludin, and ZO-1, as well as the mucin proteins Muc2 and Muc6 in ob/ob mice (Nagpal et al., 

2018). Conceivably, a similarly reduced barrier function, resulting from these SNPs driving increased 

BMI, could account for the increased immune infiltrate observed in MSS-hi-CIRC these patients. A 

dysfunctional gut barrier could permit translocation of intestinal microbes, causing an elevated 

immune response directed to these microbes, rather than the cancer. Furthermore, the elevated 

expression of MHC Class II protein in this patient cohort and its centrality to the CIRC signature may 

also support the theory of microbially-derived antigenic signals as, classically, MHC Class II is 

associated with the presentation of exogenous antigen. 
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Despite this interesting speculation, the distribution of these mitochondrial SNPs across the 

subgroups leaves considerable uncertainty as to whether they represent true associations. Whilst 

these SNPs were wholly present, or absent, within the MSS-hi-CIRC cohort, ~90% of MSS-lo-CIRC 

patients followed the same pattern. Hence, their presence or absence was merely marginally 

enriched in the MSS-hi-CIRC subgroup relative to MSS-lo-CIRC.  

 

Although the analyses described here are not exhaustive, they strongly imply that the reason for 

discrepant intratumoural immunity between MSS-hi-CIRC and MSS-lo-CIRC is not a genetic 

determinant and suggests other drivers may be critical. Moreover, although tentative, the potential 

link highlighted by mitochondrial SNPs between obesity, a reduced barrier function, and an increase 

in intratumoural immunity is particularly intriguing, and warrants further investigation into a 

microenvironmental or microbial source of antigen.
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Chapter 5: Investigating Microbial Adjuvantisation of 

Intratumoural Immunity in MSS-hi-CIRC CRC
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5.1 Introduction 

The lack of a definitive genetic reason for the increased immune infiltration in MSS-hi-CIRC patients 

led me to explore other potential drivers of increased immune infiltration. The colon is home to an 

estimated 100 trillion bacteria, the majority of which belong to the Bacteroidetes and Firmicutes 

phyla. These commensals play vital roles in digestion of various polysaccharides to SCFAs, of which 

constitutes ~70% of the energy used by colonocytes. The crucial role of the gut microbiome is 

reflected by the numerous mechanisms designed to segregate bacteria to the colonic lumen. The gut 

maintains a fine balance between tolerance and inflammation. At homeostasis, the gut is naturally 

enriched for immunosuppressive cell types, such as TREGS, which are replaced by inflammatory cell 

types, such as TH17 cells, upon barrier disruption and microbial translocation. Colonic barrier 

dysregulation leads to a co-ordinated inflammatory response to prevent infection, however, is tightly 

regulated by a multitude of negative feedback mechanisms to limit tissue damage. Therefore, 

perhaps most applicable in the colon, the gut microbiome has become a ‘hot topic’ in cancer biology. 

Here, it has strong links to the development of multiple other cancers (oesophageal (Baba et al., 

2017), liver (Yu and Schwabe, 2017), and pancreatic cancer (Wei et al., 2019)), as well as influencing 

response to cancer therapies, including ICB (discussed in further detail later) (Routy et al., 2018). 

Lastly, the successful clinical translation of Faecal Microbiota Transplantation (FMT) in colitis 

provides evidence that manipulating the gut microbiome in humans could be a feasible route to 

influencing gut immunity for therapeutic benefit. 

 

The gut microbiome has been shown to play a vital role in the pathogenesis of CRC. Murine studies 

on an ApcMin background have shown that colonisation of the mouse colon with enterotoxigenic 

Bacteroides fragilis (ETBF), a strain of B. fragilis which secretes a metalloprotease toxin termed BFT, 

dramatically reduced the time frame in which tumours developed (Wu et al., 2009). In contrast, the 
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non-producing BFT strain caused no increase in tumour formation, or the increased mortality as 

observed in ETBF-colonised ApcMin mice. Furthermore, those colonised by ETBF showed marked 

increases in the infiltration of TH17-polarised T-cells of which blockade of IL-17, or IL-23R, abrogated 

the associated colonic mucosal proliferation, and neoplasia. Furthermore, Rakoff-Nahoum and 

Medzhitov demonstrate that the increased mortality from ApcMin mice can be independent of 

colonisation with a toxin-producing bacterium. ApcMin mice crossed onto a MyD88NEG/NEG 

background were shown to have reduced mortality, and reduced tumour formation as seen in 

ApcMin mice (Rakoff-Nahoum and Medzhitov, 2007). These results demonstrate the necessity for 

TLR signalling in malignant transformation of APC-mutant mice, and thus both studies provide a role 

for microbial stimulation in cancer pathogenesis.  

 

The link between colitis and cancer is clear. A 2001 meta-analysis of 116 studies demonstrated that 

the risk of developing CRC after suffering with colitis for 10 years was 2%; this quadrupled by 20 

years to 8% and finally, after 30 years of disease the likelihood of developing CRC was 18% (Eaden, 

2001). Although the causality of the colitis that drives an inflammation-mediated CRC is the topic of 

many reviews, other inflammation-driven cancers have clear aetiology. Infection with Helicobacter 

pylori causes chronic gastric inflammation and ulcers, and significantly increases the likelihood of 

developing gastric cancer. Around half of the world’s population is infected with H. pylori, which 

remains a lifelong infection – suggesting the immune system is ineffective at clearing this bacterium 

(Wroblewski et al., 2010). This unresolved inflammation creates chronic tissue damage, initiating 

wound healing responses and with them the release of growth and anti-apoptotic factors, and 

proangiogenic cytokines – propagating a microenvironment suited to malignant transformation. This 

pro-tumorigenic microenvironment undoubtedly contains T-lymphocytes, which otherwise would 

indicate a favourable prognosis. However, in a situation in which chronic inflammation perpetuates 

and drives malignant transformation, it is unclear as to whether activation of the immune system 
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through ICB therapies would help or hinder anti-tumour efforts (Amedei et al., 2012). The 

upregulation of PD-L1 upon H. pylori infection is a well-documented phenomenon in both in vitro and 

in vivo settings (Figueroa-Protti et al., 2019); similarly PD-L1 upregulation has been linked to a 

favourable outcome after ICB, therefore one would hypothesise efficacy of ICB in H. pylori-infected 

cancer. However, to my knowledge, the stratification of gastric cancer in H. pylori-positive and H. 

pylori-negative cancers and their sensitivity to ICB is yet to formally tested in a clinical trial. 

 

In contrast to playing a role in the development of CRC, the enrichment of certain microbial species 

has been linked to increased intratumoural infiltration, and better prognoses. Riquelme and 

colleagues demonstrated that long-term pancreatic ductal adenocarcinoma survivors had an 

enrichment of Proteobacteria and Actinobacteria. Furthermore, the enrichment of these bacteria, 

and increased bacterial diversity, were associated with an increased abundance of CD3POS and CD8POS 

intratumoural T-cells (Riquelme et al., 2019). This phenomenon has been demonstrated elsewhere, 

in which specific bacterial communities (Ruminococcaceae and Lachnospiraceae) were shown to 

recruit T-cells by inducing the production of various chemokines by cancer cells. In vitro application 

of TLR agonists upregulated the expression of CCL20, CXCL9, and CXCL10 as well as inducing the de 

novo expression of CCL3, CCL4, CCL5, and CCL22 by cancer cells. Furthermore, the transfer of CRC cell 

lines either intraperitoneally or intercaecally drastically altered chemokine expression profiles. Those 

injected directly into the colon had up to 70-fold higher expression of chemokines, which were lost 

with antibiotic treatment. These results demonstrated the importance of the microbiota in attracting 

T-cells (Cremonesi et al., 2018), and helped to establish the presence of a ‘favourable microbiome 

composition’ linked with increased immune infiltration and could be used as rationale for using FMT 

in the cancer setting. This therapy, currently being successfully utilised in the U.K. to treat colitis, 

aims to replace ‘unfavourable microbiomes’ with those designed to ameliorate pathology. In contrast 

to the colitic setting in which these therapies aim to decrease gut inflammation, in the cancer setting 
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one would aim to transplant microbiota which increased intratumoural immunity. Murine studies 

have supported such a use, whereby FMT approaches have demonstrated success in conferring 

susceptibility to ICB in germ-free mice (Routy et al., 2018, Matson et al., 2018, Gopalakrishnan et al., 

2018), as well as reducing adverse events associated with ICB (Vétizou et al., 2015). Moreover, the 

Zitvogel laboratory also demonstrated that FMT from responding patients, or oral supplementation 

of Akkermansia muciniphila after FMT from non-responding patients, into germ-free mice increased 

infiltration of CCR9POSCXCR3POSCD4POS and cytotoxic T-cells, directly contributing to the observed 

responses to PD-1 blockade (Routy et al., 2018). Although the authors suggested these effects were 

IL-12 dependent based on this recruitment, subsequent comments on the narrative by Routy and 

colleagues, have placed emphasis on A. muciniphila as a mucus-degrading bacterium, and its 

production of SCFAs acting on GPR41 and GPR43 – two orphan G-protein coupled receptors 

suggested to limit tumour growth through cell cycle arrest and caspase activation, leading to 

apoptosis and a second mechanism that could restore responsiveness to ICB (Tang et al., 2011, 

Santoni et al., 2018). 

 

Whilst the pro-tumour or anti-tumour effects that individual microbial species may elicit is unclear, it 

is evident that the microbiome plays a vital part in both the development and the outcome of various 

cancers. Here, I investigated the contribution of the gut microbiome to the discrepancies in tumour 

immune infiltrate evident between MSS-hi-CIRC and MSS-lo-CIRC patients. As investigations in 

Chapter 4 did not highlight any genetic reason for the discrepancy in tumour immune infiltrate 

observed between MSS-hi-CIRC and MSS-lo-CIRC patients, I combined multispectral 

immunofluorescence, RNA sequencing, RNAscope analyses, immunohistochemistry, and 

metagenomic sequencing data analyses to provide substantial support for a role for the microbiome 

in acting as an underpinning driver of high immunity in the MSS-hi-CIRC setting. 
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5.2 Results  

5.2.1 TH17 cell abundance differs between MSS-hi-CIRC, MSS-lo-CIRC, and 

MSI-H 

To determine differences in immune cell abundance, I gathered the median density of each of the 

subtypes in both the stromal and epithelial compartment using data collected on the Vectra 3.0. 

Comparing these densities across subtype, I demonstrated that whilst MSS-hi-CIRC and MSI-H were 

largely comparable across all the subtypes tested they differed in that the majority of the MSS-hi-

CIRC immunity was confined to the epithelial layer (Figure 5.1). This tendency to fall in stroma or 

epithelium was perhaps most striking between TH17 cells where they almost exclusively fell in the 

epithelium in MSS-hi-CIRC and in the stroma in MSI-H. Although a significant difference did not exist 

between the density of epithelial TH17 cells between the subgroups, there was a general trend of 

these cells being increased in MSS-hi-CIRC (Figure 5.2; first column, second row). Furthermore, this 

difference was reinforced when comparing the enrichment of a TH17 specific geneset in TCGA-

COADREAD data (Figure 5.3). In contrast to other areas of the body, TH17 cells play a vital role at 

barrier sites. Here, they control the spread of microbes, which barrier sites are coated in. Therefore, 

to investigate the abundances of microbial species I utilised WGS data from Genomics England. After 

mapping reads to the human genome, I took the remaining data and mapped these to genome 

references for bacteria and viruses, allowing comparisons of microbial species across MSS-hi-CIRC 

and MSS-lo-CIRC settings.
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Figure 5.1 – Two-dimensional hierarchical clustering of the cellular density of phenotypes using multispectral immunofluorescence 
The median of the average density per mm2 of cells phenotyped as CD4 only, CD8 only, TH1 (CD4 + T-bet), TH17 (CD4 + RORγt), TREGS (CD4 + FOXP3), TC1 (CD8 + T-
bet), and Class II in each compartment (epithelium, stroma) were Z score transformed across subtype and plotted as a heatmap. Two-dimensional hierarchical 
clustering was applied to determine order of cell phenotypes and patient subtypes. Increased yellow intensity reflects an increased presence whereas increased 
purple intensity reflects a lower presence.  
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Figure 5.2 – Cellular densities of T-cell subsets across subgroups using multispectral immunofluorescence 
The average density of cells phenotyped as ‘CD4 only’, ‘CD8 only’, ‘TC1’, ‘TH1’, ‘TH17’, and ‘TREGS’ in each compartment (epithelium, stroma) were compared 
across subtypes (MSI-H, n = 10; MSS-lo-CIRC, n = 8; MSS-hi-CIRC, n = 12) using multispectral immunofluorescence. Pairwise investigations used Dunn’s test. 
Only significant comparisons after Holm correction (pVal < 0.05) are shown.  
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Figure 5.3 – A comparison of TH17 geneset enrichment scores across TCGA-COADREAD 
subgroups 
Enrichment scores were calculated of a TH17 cell signature devoid of TH1-related genes taken from 
(Castro et al., 2017) and compared across TCGA-COADREAD subgroups. The number of patients per 
subgroup are indicated on the X axis. 
Statistical analysis used a Kruskal-Wallis test, p-value = 1.88e-17. CI95%[0.1, 0.2]. Pairwise investigations 
used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are shown. 
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5.2.1 MSI-H cancers have a slight increase in overall bacterial abundance 

To investigate whether an abundance of bacteria, or any other microbial species, were enriched in 

the MSS-hi-CIRC subgroup in comparison to MSS-lo-CIRC and MSI-H, I mapped the unmapped reads 

from the whole genome sequencing data from the Genomics England cohort to genomes originating 

from Bacteria, Viruses, and Archaea. When considering the percentage mapped reads to each of the 

Superkingdoms – Bacteria and Viruses, there were no significant differences between MSS-hi-CIRC 

and MSS-lo-CIRC cohorts, however, MSI-H displayed a slight enrichment of bacterial reads and a 

lower fraction of reads mapping to viruses (Figure 5.4). However, after performing RNAscope staining 

for 16s rRNA, designed to stain all bacterial species present, I found no differences in bacterial 

abundance, although positive staining was minimal across the cohort (Figure 5.5, Appendix 4). 

 

Using the Genomics England data, I also investigated diversity of the microbes, as it has been shown 

that diversity of bacteria can significantly impact the degree of inflammation in the gut, with 

increased diversity causing increased inflammation (Riquelme et al., 2019) However, there were no 

differences in diversity in either bacteria or viruses (Figure 5.6). To further probe whether there was 

a difference in response to bacteria between the datasets, I performed differential gene expression 

on terms associated with microbes. 
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Figure 5.4 – A comparison of the percentage abundance of microbes across Genomics England subgroups 
Whole genome sequencing data from the 100K genomes project was mapped to the human genome. Unmapped reads were subsequently mapped to 
bacterial and viral genomes. The proportion of unmapped sequences mapping to bacterial (left - Kruskal-Wallis test, p-value = 0.003. CI95%[0.05, 1]) or viral 
genomes (right - Kruskal-Wallis test, p-value = 0.003. CI95%[0.05, 1].) were compared across subtypes. The number of patients per subtype are shown in the 
figure key. 
Pairwise investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are shown. 
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Figure 5.5 – A comparison of bacterial presence between CRC subgroups 
FFPE slides were stained for 16s rRNA using an RNAscope probe as a surrogate quantification of bacterial presence. The intensity of 16s rRNA staining was 
quantified by digital pathology and intensity values were averaged per pixel. Plots are separated by location of staining (left – whole slide, right – 
epithelium only). The number of patients per subgroup are demonstrated in the figure key. 
Statistical analysis used Kruskal-Wallis tests (left; p-value = 0.455. CI95%[0.01, 1], right; p-value = 0.981. CI95%[3.05e-03, 1]). Pairwise investigations used 
Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are shown. 
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Figure 5.6 – A comparison of bacterial and viral diversity indexes across the subgroups in the Genomics England Dataset 
The Shannon diversity index was calculated individually for species of bacteria (left) and viruses (right) and compared across subtypes. The number of 
patients per subgroup is highlighted in the figure key. Statistical analyses used Kruskal-Wallis tests, (Bacterial diversity; p-value = 0.211. CI95%[2.77e-03, 
1], Viral diversity; Kruskal-Wallis test, p-value = 0.123. CI95%[5.58e-03, 1]). 
Pairwise investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are shown. 
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5.2.2 Pathway analysis indicates increased responses to Gram-negative 

bacteria in the MSS-hi-CIRC cohort 

To distinguish whether subgroups were activating pathways associated with microbes, I performed 

differential pathway expression using search terms associated with microbes: “bacteria”, 

“bacterium”, “virus”, “viral”, “microbe”, “microbial”, and “archaea”. After removal of genesets 

consisting of less than 5 genes, I had 95 available genesets for differential pathway analysis between 

MSS-lo-CIRC and MSS-hi-CIRC (Figure 5.7, Appendix 3). 34 of 38 significant genesets were enriched in 

the MSS-hi-CIRC direction, indicating an increased response to microbes in these patients. MSI-H also 

shared this increased enrichment when compared to MSS-lo-CIRC. Although no genesets 

demonstrated FDR-corrected significance between MSI-H and MSS-hi-CIRC in these patients, 14 

genesets could be considered significant if not FDR corrected (Table 5.1).  

 

When considering an unadjusted P-value, only “GO:0016045: detection of bacterium”, and 

“GO:0050829: defence response to Gram-negative bacteria”, were enriched in the MSS-hi-CIRC 

setting with respect to MSI-H. More interestingly, whilst “GO: 0016045: detection of bacteria” was 

enriched in MSI-H compared to the low-immune MSS-lo-CIRC patients, GO:0050829: defence 

response to Gram-negative bacteria was highly insignificant between MSI-H and MSS-lo-CIRC with an 

unadjusted P-value of 0.449. The specificity of this geneset in the MSS-hi-CIRC setting is highly 

suggestive that these patients have an enrichment of Gram-negative bacteria. 
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Figure 5.7 – Geneset enrichment analysis between MSS-hi-CIRC and MSS-lo-CIRC CRC patients 
using GO database search terms related to microbes 
Genes differentially expressed between TCGA-COADREAD MSS-hi-CIRC and MSS-lo-CIRC patients were 
used as input. 34 pathways relating to "regulation of viral entry/activity”, “response to bacteria”, 
“response to virus”, and “detection of bacterial product” were found upregulated in MSS-hi-CIRC 
patients. In contrast, 4 pathways relating to “viral gene expression” were found upregulated in MSS-lo-
CIRC patients. Cytoscape was used to produce the enrichment map whereby the size of the node 
indicates the size of the geneset, edge thickness represents Jaccard similarity scores between genesets, 
and node colour is based on FDR value (intensity is proportional to significance). Nodes are surrounded 
by red if they were enriched in the MSS-hi-CIRC setting and blue if they were enriched in the MSS-lo-CIRC 
setting. Only genesets with an FDR below 0.05 are shown. Nodes were collated into larger groups 
depending on similarity. Full descriptions are shown in Appendix 3. 
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Table 5.1 – Geneset enrichment analysis between MSS-hi-CIRC and MSI-H CRC patients using GO terms relating to microbes 
Genes differentially expressed between MSS-hi-CIRC and MSI-H patients in the TCGA-COADREAD cohort and GO terms relating to microbes were used as input. 
14 pathways were found differentially enriched between MSS-hi-CIRC and MSI-H. Pathways are ordered according to unadjusted P-value. 
Genesets are displayed if unadjusted P-value < 0.05. Unadjusted P-values were rounded to 3 significant figures. 
NGenes = Number of Genes in the Geneset. 

Geneset Name NGenes Direction Unadjusted 
P-value 

GO:0019080: viral gene expression 197 MSI-H 0.00325 
GO:0019083: viral transcription  179 MSI-H 0.00498 
GO:0039532: negative regulation of viral-induced cytoplasmic pattern recognition receptor signalling pathway 11 MSI-H 0.00543 
GO:0039528: cytoplasmic pattern recognition receptor signalling pathway in response to virus 30 MSI-H 0.00644 
GO:0039531: regulation of viral-induced cytoplasmic pattern recognition receptor signalling pathway 21 MSI-H 0.00666 
GO:0016045: detection of bacterium 12 MSS-hi-CIRC 0.0107 
GO:0075733: intracellular transport of virus 56 MSI-H 0.0117 
GO:0050829: defence response to Gram-negative bacterium 42 MSS-hi-CIRC 0.0168 
GO:0046794: transport of virus 63 MSI-H 0.0193 
GO:1902187: negative regulation of viral release from host cell 14 MSI-H 0.0217 
GO:0050687: negative regulation of defence response to virus 23 MSI-H 0.0341 
GO:0046782: regulation of viral transcription 41 MSI-H 0.0389 
GO:0044829: positive regulation by host of viral genome replication 7 MSI-H 0.0447 
GO:0050434: positive regulation of viral transcription 25 MSI-H 0.0458 
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5.2.3 Response to reactive oxygen species is different between MSS-hi-CIRC 

and MSS-lo-CIRC 

To distinguish whether Gram-negative bacteria were enriched in the MSS-hi-CIRC patients, I looked 

at the genes which were different between “GO:0050829: defence response to Gram-negative 

bacterium” and GO0050830: defence response to Gram-positive bacterium” to gain a geneset that 

was Gram-negative specific. Of the 40 genes which differed between the genesets 9 were 

differentially expressed in the MSS-hi-CIRC cohort with respect to the MSS-lo-CIRC setting (adjusted 

P-value < 0.01). Of these genes, there were notable members associated with a TH17 response – CD4, 

IL6R, and CXCL6. Subsequently, I interrogated the REACTOME database to distinguish other pathways 

that the remaining 6 genes were members of. A common theme was the production of reactive 

oxygen species (ROS) and reactive nitrogen species (RNS) either directly (NOS2 and SLC11A1) or 

indirectly through the metabolism of selenoamino acids (SELP, RPS19) or interaction with the 

respiratory transport chain (OPTN). Due to the association with the production of ROS and RNS, I 

interrogated the GO database for terms containing “reactive oxygen” and “reactive nitrogen”. 16 

genesets were available for interrogation after removal of genesets with less than 5 genes present. 

Of these genesets, 7 were significantly enriched in the MSS-hi-CIRC setting (FDR < 0.01). The top 4 

genesets are shown in Figure 5.8.  

 

I wanted to test if an increased ROS presence could reflect changes in tissue structure, and therefore, 

I stained for 4-HNE, a product derived from ROS-mediated lipid peroxidation. MHC Class II was 

positively correlated with 4-HNE staining across the entire slide within the MSS cohort (Figure 5.9). 

Furthermore, this significant association extended to the epithelium layer.  
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Figure 5.8 – Geneset enrichment analysis between MSS-hi-CIRC and MSS-lo-CIRC in the TCGA-
COADREAD cohort using pathways relating to the production of ROS (GO:0072593, GO:2000379, 
GO:1903428) or RNS (GO:2001057) 
Plots show the top 4 most differentially enriched pathways from an available 15 pathways of GO terms 
relating to ROS or RNS. Genes differentially expressed between MSS-hi-CIRC and MSS-lo-CIRC in the 
TCGA-COADREAD cohort were used as input. Barcode plots rank all genes in each geneset in order of 
enrichment in either MSS-lo-CIRC (left) or MSS-hi-CIRC (right). The blue and red vertical bars in the 
central section of the plots represent genes from the given geneset. The red and blue lines indicate 
running enrichment scores for the geneset as the analysis progresses. A higher peak on the right-hand 
side indicates that the geneset is enriched in the MSS-hi-CIRC setting.  
All pathways demonstrate significant enrichment in the MSS-hi-CIRC setting (GO:0072593, FDR = 
0.000490; GO:2001057, FDR = 0.000490; GO:2000379, FDR = 0.000113; GO:1903428, FDR = 0.000394).  
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Figure 5.9 – Relationships between the intensity of HLA Class II and 4HNE IHC staining 
FFPE slides from MSS patients were stained for HLA Class II in addition to 4HNE, a surrogate of ROS presence. Positive trends were visualised between the 
average intensity of marker per pixel as quantified by digital pathology software. Patterns were consistent across all tissue located on the slide (left) and 
within regions detected as epithelium (right). Statistical analysis used Spearman correlations. Bin widths were set according to the Freedman-Diaconis rule. 

 
-
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As MSS-hi-CIRC patients lacked a specific mutation signature that could relate to ROS-induced 

damage (Chapter 4), I hypothesised that MSS-hi-CIRC patients were successfully ameliorating effects 

of the increased ROS production, or at least to a degree to prevent genetic damage. ROS are 

counteracted with deployment of antioxidants, and notably the GO signature “GO:0016209 – 

antioxidant activity” was significantly enriched in the MSS-hi-CIRC patients in comparison to MSS-lo-

CIRC patients (FDR = 0.0005). These data demonstrate that MSS-hi-CIRC patients have greater 

antioxidant ability to limit effects of the increased ROS they produce. 

 

5.2.4 MSS-hi-CIRC does not exhibit increased overall abundance of Gram-

negative bacteria 

After collating data for gram positivity status, I returned to the Genomics England dataset to 

determine whether there was an increased abundance of gram-negative bacteria in the MSS-hi-CIRC 

patients (Figure 5.10), however, demonstrated no significant differences between the subtypes. 
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Figure 5.10 – A comparison of the percentage abundance of bacteria according to Gram status between the subgroups in the Genomics England 
Dataset 
Bacterial species delineated from unmapped reads in the Genomics England cohort were annotated for Gram status according to the Gram staining rules 
(Chamberlain, 2019). The percentage abundance of Gram-Negative (Left) and Gram-Positive bacteria were calculated as a percentage of stainable bacteria 
and compared across subtypes. The number of patients belonging to each subtype is shown in the figure key. 
Statistical analysis used Kruskal-Wallis tests (Gram-Negative; p-value = 0.062. CI95%[0.02, 1], Gram-positive; Kruskal-Wallis test, p-value = 0.062. CI95%[0.01, 
1]). Pairwise investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are shown. 
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5.2.5 MSS-hi-CIRC patients exhibit a distinct microbial profile enriched in 

Gammaproteobacteria 

Although I detected no discernible differences between patient cohorts in terms of overall 

abundance of microbes when split by Superkingdom, or within bacteria by Gram-status, an 

enrichment of particular species which belong to the Gram-negative cohort may explain the 

difference in intratumoural immunity. I performed differential microbe expression between the 

three subgroups and found a high number of microbes were differentially expressed in the MSS-hi-

CIRC versus MSI-H setting, although this was to be expected due to the increased likelihood of MSI-H 

developing on the right side (Zhong et al., 2020) . However, interestingly, 126 microbial species were 

differentially enriched in the MSS-hi-CIRC versus MSS-lo-CIRC setting. Of these 126 species, 92 were 

also differentially expressed in the MSS-hi-CIRC versus MSI-H setting (Figure 5.11), the top 20 of 

which are shown in Table 5.2.  

 

Interestingly, 87% of the differentially expressed microbes between MSS-hi-CIRC and MSS-lo-CIRC 

were enriched in the MSS-hi-CIRC direction indicating increased bacterial presence in this set of 

patients. Of these 109 microbial species, the majority (85 species) belonged to the Proteobacteria 

phylum, a gram-negative phylum. Furthermore, over three quarters of these microbes were of the 

Gammaproteobacteria class. Finally, microbes of the Gammaproteobacteria class comprised the 

majority of the MSS-hi-CIRC-enriched microbes which were differentially enriched in both 

comparisons with MSS-lo-CIRC and MSI-H (Figure 5.12 and Figure 5.13, respectively). These findings 

strongly suggest that MSS-hi-CIRC have an enrichment of Gammaproteobacteria which could explain 

the increased immunity observed in these patients. 
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Figure 5.11 – Frequency of overlapping differentially enriched microbes between MSS-hi-CIRC vs 
MSI-H and MSS-hi-CIRC vs MSS-lo-CIRC comparisons in the Genomics England dataset 
Differential microbe enrichment analysis performed between MSS-hi-CIRC and MSI-H patients revealed 
1,113 microbial species (white). In contrast, MSS-hi-CIRC and MSS-lo-CIRC demonstrated only 126 
differentially enriched microbes, the majority of which (92) were shared by the MSS-hi-CIRC vs MSI-H 
comparison. 
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Table 5.2 – List of the top 20 differentially enriched microbes common to MSS-hi-CIRC vs MSS-lo-CIRC and MSS-hi-CIRC vs MSI-H comparisons in the 
Genomics England dataset 
The top 20 of 92 microbes are shown. Microbes are ordered by the average adjusted P-value across the two comparisons. A positive Log(Fold Change) (FC) 
indicates enrichment in the MSS-hi-CIRC group whereas a negative Log(FC) indicates an enrichment in MSS-lo-CIRC or MSI-H setting. Values are rounded to 3 
significant figures. 
* secondary endosymbiont of 

Class Order Family Genus Species 
MSS-hi-CIRC vs 

MSS-lo-CIRC 
MSS-hi-CIRC vs MSI-

H 
Adj. Pval Log(FC) Adj. Pval Log(FC) 

Gammaproteobacteria Pasteurellales Pasteurellaceae Actinobacillus A. succinogenes 6.53E-13 1.95 8.00E-11 2.74 
Gammaproteobacteria Enterobacterales Enterobacteriaceae Enterobacter E. sp. LU1 2.75E-09 2.14 1.57E-09 3.88 

Gammaproteobacteria Enterobacterales Erwiniaceae Erwinia 
Candidatus E. 
haradaeae 3.21E-08 1.67 1.39E-09 3.39 

Gammaproteobacteria Enterobacterales Morganellaceae Photorhabdus P. asymbiotica 8.70E-10 2.35 4.35E-08 3.33 
Betaproteobacteria Neisseriales Neisseriaceae Simonsiella S. muelleri 2.87E-09 3.55 8.99E-08 4.70 

Gammaproteobacteria Enterobacterales Enterobacteriaceae NA 
E. bacterium 
ENNIH3 1.91E-07 1.71 5.58E-07 3.01 

Gammaproteobacteria Orbales Orbaceae Gilliamella G. apicola 1.06E-06 1.22 3.35E-10 3.29 
Gammaproteobacteria Enterobacterales Erwiniaceae Erwinia E. tasmaniensis 8.19E-07 1.27 9.39E-07 2.22 
Gammaproteobacteria Enterobacterales Yersiniaceae Rahnella R. aquatilis 3.62E-06 0.886 1.29E-09 2.77 
Actinomycetia Streptomycetales Streptomycetaceae Kitasatospora K. albolonga 7.76E-06 0.786 1.43E-08 2.09 
Gammaproteobacteria Pseudomonadales Moraxellaceae Acinetobacter A ursingii 1.86E-05 -1.15 2.28E-07 -2.92 
Gammaproteobacteria Enterobacterales Enterobacteriaceae Buttiauxella B. sp. 3AFRM03 3.62E-06 1.45 1.68E-05 2.50 
Gammaproteobacteria Enterobacterales Erwiniaceae Erwinia E. amylovora 3.88E-10 1.92 2.20E-05 1.94 

Gammaproteobacteria Enterobacterales Enterobacteriaceae NA 
Trabutina 
mannipara* 2.46E-05 0.822 8.64E-07 1.78 

Gammaproteobacteria NA NA Gallaecimonas G. mangrovi 2.73E-05 0.762 1.77E-06 1.61 

Gammaproteobacteria Enterobacterales Enterobacteriaceae Kosakonia 
K. sp. CCTCC 
M2018092 1.50E-05 1.04 1.76E-05 1.93 

Actinomycetia Corynebacteriales Mycobacteriaceae Mycobacteroides M. saopaulense 1.86E-05 0.817 1.91E-05 1.40 
Gammaproteobacteria Enterobacterales Enterobacteriaceae Kosakonia K. arachidis 4.20E-05 1.35 1.05E-05 2.56 
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Gammaproteobacteria Enterobacterales Pectobacteriaceae Dickeya D. dadantii 8.68E-05 0.985 5.68E-06 2.10 
Gammaproteobacteria Cellvibrionales Microbulbiferaceae Microbulbifer M. sp. A4B17 2.37E-10 1.83 1.19E-04 1.38 
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Figure 5.12 – Sankey plot demonstrating the phyla of differentially enriched microbes in MSS-hi-CIRC compared to MSS-lo-CIRC 
Differential microbe analysis was performed between MSS-hi-CIRC and MSS-lo-CIRC at the species level in the Genomics England cohort. Classes shown represent 
only those enriched in the MSS-hi-CIRC direction. For visualisation purposes, data were restricted to Class of microbes. Flow size correlates to frequency of 
differentially enriched species. Only Bacterial Classes with > 2 species were annotated. 
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Figure 5.13 – Sankey plot demonstrating the phyla of differentially enriched microbes in MSS-hi-CIRC compared to MSI-H 
Differential microbe analysis was performed between MSS-hi-CIRC and MSI-H at the species level in the Genomics England cohort. Classes shown represent 
only those enriched in the MSS-hi-CIRC direction. For visualisation purposes, data were restricted to classes of microbes. Flow size correlates to frequency of 
differentially enriched species. Only Bacterial Classes with > 2 species were annotated. 
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5.3 Discussion 

Here, I investigated whether the source of the increased immune infiltrate demonstrated between 

MSS-hi-CIRC and MSS-lo-CIRC could be environmental/microbial. Utilising multispectral 

immunofluorescence data, I demonstrated an almost identical enrichment of T-cell subtypes 

between MSS-hi-CIRC and MSI-H cancers. There were, however, discrepancies in the distribution of 

these cell types with MSS-hi-CIRC being more epithelial-distributed than MSI-H. This was surprising, 

especially considering the wide reports of high intraepithelial immunity demonstrated in MSI-H 

(Buckowitz et al., 2005) and the tendency for MSS-hi-CIRC to include CMS4 (stromal) subtype cancers 

(Table 3.5 and Table 3.6).  

 

A particularly interesting discrepancy was the differential distribution of TH17 cells between MSS-hi-

CIRC and the other subtypes. Whereas MSS-lo-CIRC demonstrated equivalently low epithelial and 

stromal distributions of TH17 cells and MSI-H demonstrated a stromal TH17 localisation, TH17 cells in 

MSS-hi-CIRC were found to reside within the epithelium. In contrast to other parts of the body, TH17 

cells are enriched at barrier sites in preference to TH1 and TH2 where they protect the host from 

microorganisms, suggesting MSS-hi-CIRC may have an increased microbial presence. Despite this, 

metagenomic sequencing demonstrated a slight increase in bacterial burden in MSI-H patients, 

rather than MSS-hi-CIRC, although this difference didn’t translate to a difference in staining for 16s 

rRNA by RNA scope. The data gathered from 16s rRNA staining requires further exploration, 

however. Positive and negative controls demonstrated no significant difference, and only one 

positive control showed strong staining (Appendix 4). Whilst this likely demonstrates an inherent 

technical issue with the protocol, the reason for reduced staining quality of 16s rRNA could be 

further exacerbated by the lack of sufficient pre-treatment. Gram-positive bacteria have both an 

inner membrane and a thick cell wall, and Gram-negative bacteria display a multi-layered structure 

consisting of a complex network of polysaccharides, peptides, phospholipids, and lipopolysaccharides 
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which renders them largely impermeable (Gravel et al., 2017), meaning they may require 

permeabilization prior to application of the RNA scope probe. Subsequent analyses by others have 

demonstrated the requirement for pre-treatment, whereby bacterial staining in FFPE slides of gastric 

cancer were dramatically increased upon pre-treatment with lysozyme (Rossiter, 2021) These 

analyses, therefore, should be repeated with lysozyme pre-treatment, to ensure all bacteria are 

evenly stained. Furthermore, this study relied heavily on the usage of FFPE tissue, which limited 

certain analyses. Tissue is severely dehydrated during this process, collapsing the mucus layer, and 

eliminating the distribution of microbes in the inner and outer mucus layers of the colon. Should 

these analyses be repeated, the use of Carnoy-fixed tissue would preserve the architecture of the 

mucus layer and allow for segregation of microbes in the inner and outer mucus layers (Johansson et 

al., 2008), although this would require fresh tissue as Carnoy fixing isn’t a procedure routinely used in 

pathology departments. 

 

I demonstrate using RNA sequencing, IHC, and WGS-derived microbial data that MSS-hi-CIRC CRC 

patients have an increased abundance of certain microbial species, and increased expression of 

pathways associated with their clearance – including structural changes distinguished by IHC. 

Microbes enriched in the MSS-hi-CIRC setting were overwhelmingly Gram-negative. 94.4% of those 

differentially enriched in MSS-hi-CIRC in comparison to MSS-lo-CIRC were Gram-negative, whereas 

89.4% of those enriched in MSS-hi-CIRC in comparison to MSI-H were Gram-negative. Out of the 92 

microbes which were enriched in MSS-hi-CIRC in both comparisons, 93.5% were Gram-negative. 

These data support the RNA sequencing findings which demonstrate an increased response to Gram-

negative bacteria in MSS-hi-CIRC. Perhaps the most interesting output included the selective 

enrichment of the Proteobacteria phyla. Whilst Proteobacteria are present in the gut, they are 

usually present in relatively low quantities in comparison to the dominating presence of bacteria 

from the Bacteroidetes and Firmicutes phyla. In contrast, Proteobacteria are naturally enriched at 
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other barrier sites, namely the oral cavity (The Human Microbiome Consortium, 2012b). This 

phenomenon of oral bacteria appearing in CRC is not a new concept. Perhaps the most widely 

researched, Fusobacterium nucleatum, is heavily linked with the development of CRC (Kostic et al., 

2012, Thomas et al., 2019). Interestingly, I demonstrate a significant enrichment of F. nucleatum in 

MSI-H patients with respect to both MSS-hi-CIRC (FDR = 4.35e-08) and MSS-lo-CIRC (FDR = 3.52e-09). 

These findings correlate with literature, which have demonstrated the strong association of F. 

nucleatum infection and a deficient MMR system (Ito et al., 2015). Here, however, I demonstrate 

that MSS-hi-CIRC have enrichments of the Gammaproteobacteria class. Gammaproteobacteria 

represent one of the most diverse classes, with over 250 genera. It contains well-known human 

pathogens such as those from the Salmonella genus, and those which can be symbiotic or pathogenic 

such as particular strains of Escherichia coli (Williams et al., 2020). Whilst Gammaproteobacteria such 

as E.coli have been linked with the development of CRC (Hernández-Luna et al., 2019), they are 

perhaps most famously linked with colitis-based diseases, in particular Crohn’s disease and 

Ulcerative colitis. Various species of the Gammaproteobacteria class are enriched in inflammatory 

bowel diseases, however, the mechanisms in which they are enriched in these settings of 

inflammation are not well-understood (Rizzatti et al., 2017). A dominating theory is the oxygen 

hypothesis whereby particular species of bacteria thrive under various levels of oxygen (Rigottier-

Gois, 2013). The colonic inflammatory reaction releases high levels of ROS, as mentioned in the 

Thesis introduction and demonstrated here by increased 4HNE staining in MSS-hi-CIRC patients. 

Interestingly, Winter et al., showed that a species of Gammaproteobacteria, Salmonella enterica, 

could combine ROS with lumenal sulfuric compounds to form a respiratory electron acceptor, 

providing it with a survival advantage over other microbes. The abundance of microbes with similar 

capabilities in MSS-hi-CIRC could explain the lack of a ROS-mediated mutation signature in Chapter 4 

(Winter et al., 2010). 
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These analyses suggest future studies investigating the abundance of Gammaproteobacteria in these 

samples should be prioritised. Whilst the use of WGS data is advantageous compared to 16s rRNA 

approaches in gaining a greater genomic diversity and a lower risk of PCR-related artefacts, 16s rRNA 

amplicon sequencing is routinely performed to determine the relative abundance of microbial 

species in both stool and mucosal samples (Ranjan et al., 2016) and represents a cheaper alternative. 

The use of 16s rRNA sequencing, however, would require the collection of fresh tissue rather than 

the FFPE that was available to me. Whilst studies have been completed using FFPE material as input 

16s rRNA sequencing, the validity of such studies is questionable (Pinto-Ribeiro et al., 2020). The 

processing of FFPE slides is not a sterile process, and therefore, 16s rRNA sequencing results using 

FFPE is likely to include readouts from contaminants alongside colonic bacterial abundance. The use 

of FFPE, however, is suited to targeted work. The design of qPCR primers towards the Proteobacteria 

phyla or the Gammaproteobacteria class could provide a cheap and quick method to determining 

abundance of these bacteria. The relative ease of performing this means that it could be performed 

on a relatively large scale and provide enough power to establish a difference in abundance. 

Furthermore, one could design a probe for the 16s rRNA gene which selectively highlighted 

Proteobacteria or Gammaproteobacteria, potentially providing information about spatial localisation 

with regards to immune subset and/or MHC Class II positive IECs. 

 

Another interesting finding shown here was that MSS-hi-CIRC patients demonstrated epithelial 

staining of MHC Class II. IECs have been shown to have ubiquitous low-level expression of the Class II 

genes, which heightens on inflammation (Mayer et al., 1991). Furthermore, Koyama and colleagues 

have recently shown, in mice, the necessity for an intact microbiome in MHC Class II induction in 

IECs, and subsequent priming of CD4POS T-cells in driving Graft versus Host Disease (GvHD) (Koyama 

et al., 2019). This study, in highlighting the MHC Class IIPOS IECs expressed the co-stimulatory 

molecule CD80 which, upon application of CD80 blocking antibodies abrogated CD4POS T-cell 
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activation, demonstrates the potential for IECs to act as non-professional antigen-presenting cells 

(APCs) in times of barrier breakdown. It’s easy to speculate, considering the findings demonstrated 

here, that IECs in MSS-hi-CIRC CRC may present bacterial antigen to infiltrating T-cells. In support of 

this, Kalaora and colleagues demonstrated that tumour-colonising commensals can initiate immune 

responses, directed at the bacterial antigen. Utilising immunopeptidomic techniques, the authors 

isolated antigens from both MHC Class I and MHC Class II molecules using fresh human melanoma 

samples and subjected them to analysis by mass spectrometry. By cross-referencing eluted peptides 

to commensal proteome databases, the authors demonstrated that certain commensals could be 

presented via both MHC Class I and MHC Class II and that TILs isolated from fresh melanoma samples 

produced IFNγ and upregulated CD69 in response to MHC Class I-restricted peptides when loaded 

onto B-cells for presentation (Kalaora et al., 2021). Although, critically, the authors didn’t 

demonstrate the ability for TILs to recognise antigen presented on MHC Class II, these analyses 

provide a rationale for a similar mechanism to be occurring in MSS-hi-CIRC patients.  

 

Here, I demonstrate enrichments of epithelial-localisation TH17 cells in MSS-hi-CIRC cancers. This 

finding has translated to enrichments of bacterial classes within the MSS-hi-CIRC cohort. Whilst 

determination of bacteria-restricted responses requires further investigation in the context of MSS-

hi-CIRC, findings from melanoma and data presented here support the suggestion that a bacterial-

derived antigen may increase the intratumoural heat of low-mutation burden cancers. To distinguish 

whether these findings might extend to other low-mutation burden cancers, I interrogated other 

datasets from the TCGA. The stomach adenocarcinoma (STAD) and the uterine corpus endometrial 

carcinoma (UCEC) datasets were chosen for analysis based on the routine delineation of MMR status, 

in addition to both cancers representing microbiome-rich, barrier-based malignancies.
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Chapter 6: Bioinformatic Investigation of MSS-hi-CIRC 

Biology in other Low-Mutation Burden Cancers



 196 

6.1 Introduction 

To distinguish whether the effects I noted in CRC were applicable to other low-mutation burden 

cancers, I downloaded datasets of both gastric cancer (TCGA-STAD) and uterine corpus endometrial 

carcinoma (TCGA-UCEC). Of note, both gastric and endometrial cancer are routinely checked for 

MMR status, analogous to CRC, whereby MSI-H cancers account for around 10% of cases. 

Importantly, MSI-H cancers in both settings have demonstrated good responses to ICB and both can 

be treated with ICB under current FDA regulations. In 2017, the FDA approved the use of 

pembrolizumab in a tissue-agnostic manner provided the cancer was unresectable or metastatic, 

demonstrated MSI, and had progressed following prior treatment (The U.S Department of Heath, 

2017). Finally, both gastric and endometrial cancer display a comparably low mutation burden 

relative to CRC, and like CRC they both originate from mucosal sites, each providing a habitat for a 

variety of commensal bacteria (Alexandrov et al., 2013). These characteristics position gastric cancer 

and endometrial cancer as suitable candidates to determine whether the findings from CRC can 

extend to other areas of the body. 

 

Gastric cancer refers to cancers which arise in the stomach, most of which develop in the gland cells 

of the inner stomach lining (adenocarcinomas). Whilst the incidence of gastric cancer is decreasing, it 

represents the third mostly deadly cancer in the world (Bray et al., 2018). For localised gastric cancer, 

the only curative treatment is surgery in which parts, or all, of the stomach are removed in a 

gastrectomy. For advanced gastric cancer, systemic chemotherapy is administered for palliative care. 

However, over the past decade, targeted treatments have become available for gastric cancer in the 

palliative setting such as trastuzumab for HER2-overexpressing gastric cancer (Charalampakis et al., 

2018). Anatomically, the stomach is split into three main compartments – the cardia, body, and 

fundus. Unlike the colon, which segregates its various physiological tasks in distinct regions, the 
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stomach compartments work in unison to store food, and mechanically (via co-ordinated 

contractions) and chemically (through the production of various acids) digest food into chyme ready 

for further digestion. Although the stomach represents an intensely acidic environment which is 

largely inhabitable by microbes, the discovery of H. pylori infection as a major initiating factor in 

gastric cancer disproved the hypothesis that the stomach was a sterile area. Subsequent studies have 

demonstrated that the healthy stomach hosts a microbiome predominantly consisting of bacteria 

belonging to the Prevotella, Streptococcus, Veillonella, Rothia, and Haemophilus genera (Nardone 

and Compare, 2015).  

 

Endometrial cancer, also referred to as uterine corpus endometrial carcinoma, describe cancers 

which develop in the inner lining of the uterus, termed the endometrium. The majority of 

endometrial cancer are diagnosed at an early stage due to the abnormal vaginal bleeding associated 

with its presence, and therefore, reflect a relatively high 5-year survival rate of 75.6% after diagnosis 

(Cancer Research UK, 2019). Initial treatment involves a surgical procedure called a hysterectomy in 

which parts, or all, of the uterus is removed. However, for those patients whose cancer recurs due to 

incomplete removal, or for those 20% of patients who present at an advanced stage, a combination 

of chemotherapy, and radiotherapy is often used. Host genetics play a role in the aetiology of 

endometrial cancer, with patients with Lynch syndrome demonstrating an increased tendency to 

develop MSI-H endometrial cancer (Hampel et al., 2006). However, recently, the action of the uterine 

microbiome has been considered a risk factor (Walther-António et al., 2016). Previously thought of 

as a sterile environment, the uterus is now accepted as having an abundant microbiota (Benner et 

al., 2018).  

 

The prognostic influence of TILs in cancer extends to both gastric cancer and endometrial cancer, 

whereby studies have demonstrated that cancers with a dense immune infiltrate demonstrate better 
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prognoses (Jiang et al., 2017, Cermakova et al., 2014). Importantly, analogous to CRC, reports have 

also described a heterogeneous immune response in MMR proficient cancers from both gastric 

cancer and endometrial cancer cohorts (Jin et al., 2021, Liu, 2019). Here, I use the stomach 

adenocarcinoma (STAD) and uterine corpus endometrial carcinoma (UCEC) datasets from TCGA to 

investigate whether a set of MSS-hi-CIRC patients could be delineated, and whether these patients 

share characteristics that I previously defined in the CRC MSS-hi-CIRC cohort. 

 

6.2 Results 

6.2.1 TCGA-STAD and TCGA-UCEC demonstrate similar percentages of MSS-hi-

CIRC patients to CRC patients 

I subjected TCGA-STAD and TCGA-UCEC to the same pipeline as denoted in Chapter 3, using the 

initial geneset described by Lal (2016) for input to Phenograph clustering. The number of 

phenograph clusters for TCGA-STAD and TCGA-UCEC were three and five, respectively (Modularity 

values, 0.290 and 0.488). Cluster 3 demonstrated the highest CIRC enrichment score for TCGA-STAD, 

whereas both Cluster 1 and Cluster 5 demonstrated the highest for TCGA-UCEC (Figure 6.1). The 

percentage of MSI-H patients falling into selected clusters amounted to 46.2% and 38.0% for TCGA-

STAD and TCGA-UCEC, respectively. This meant a CIRC enrichment score of above 0.398 (TCGA-STAD) 

and 0.397 (TCGA-UCEC) were used to denote MSS-hi-CIRC patients. One POLE/POLD1 mutant existed 

in this description of TCGA-STAD MSS-hi-CIRC patients and was removed, whereas nine POLE/POLD1 

mutants existed in the TCGA-UCEC description of MSS-hi-CIRC patients and were removed. These 

delineations resulted in the detection of 82 TCGA-STAD MSS-hi-CIRC patients (28.1% of MSS patients) 

and 68 TCGA-UCEC MSS-hi-CIRC patients (19.9% of MSS patients) (Figure 6.2). I next sought to clarify 

the mutational landscape of these patients, analogous to analyses completed in Chapter 4 for TCGA-

COADREAD patients.
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Figure 6.1 – CIRC enrichment scores across phenograph clusters of MSI-H patients from TCGA-STAD and TCGA-UCEC cohorts 
Phenograph clustering of MSI-H patients using the initial geneset in TCGA-STAD (left) and TCGA-UCEC (right) cohorts revealed three and five clusters, 
respectively. CIRC enrichment scores were calculated using RNA sequencing data and compared across the clusters. The number of patients per cluster are 
shown on the X axes. 
Statistical analyses used Kruskal-Wallis tests (TCGA-STAD; p-value = 5.79e-12. CI95%[0.75, 1], TCGA-UCEC; p-value = 1.56e-25. CI95%[0.76, 1]). Pairwise 
investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are shown. Colours represent the different clusters found 
in the data. 
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Figure 6.2 – CIRC enrichment scores of TCGA-STAD and TCGA-UCEC subtypes as defined by MMR status and CIRC enrichment score thresholds 
MSS patients in TCGA-STAD (left) and TCGA-UCEC (right) datasets were split into MSS-hi-CIRC and MSS-lo-CIRC by an CIRC enrichment score cut-off as 
determined by Phenograph clustering on MSI-H patients from the separate cohorts. CIRC enrichment scores were calculated using RNA sequencing and 
compared across subtypes. The number of patients per subgroup are shown on the X axes. 
Statistical analysis used Kruskal-Wallis tests (TCGA-STAD; p-value = 4.77e-42. CI95%[0.49, 1], TCGA-UCEC; p-value = 2.87e-34. CI95%[0.28, 1]). Pairwise 
investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are shown. 

 



 201 

6.2.2 No differences in mutational burden exist between MSS-hi-CIRC and 

MSS-lo-CIRC in both TCGA-STAD and TCGA-UCEC cohorts 

I next investigated mutational burden between the various subgroups. Analogous to findings in the 

TCGA-COADREAD dataset, MSS-hi-CIRC patients demonstrated no increase in mutation burden, 

whereas MSI-H patients demonstrated a greater number of mutations in both TCGA-STAD and TCGA-

UCEC cohorts (Figure 6.3). Furthermore, the number of TCGA-STAD MSS-hi-CIRC patients passing the 

iCAM mutation burden thresholds delineated by Panda and colleagues represented just 7.4% of 

patients (98.5% of MSI-H, and 2.86% of MSS-lo-CIRC patients passed this threshold). These data are 

in accordance with the COADREAD data set whereby 3.90% of MSS-hi-CIRC and 3.98% of MSS-lo-CIRC 

exceeded the CRC threshold (96.7% of MSI-H COADREAD patients exceeded threshold). Panda et al 

demonstrated that the threshold for UCEC was lower, which led to an increased number of MSS-hi-

CIRC patients passing this criterion (28.4%), however, this was much lower than MSI-H patients 

(98.0%), and like that of from MSS-lo-CIRC (21.4%). Finally, I could not detect any recurrently 

mutated genes occurring in more that 50% of each of the cohorts in MSS-hi-CIRC and MSS-lo-CIRC, 

whereas MSI-H mutants from both cohorts demonstrated at least six genes commonly mutated in at 

least 50% of the cohort (data not shown). 
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Figure 6.3 – Non-synonymous mutation burdens of patient subgroups in TCGA-STAD and TCGA-UCEC cohorts 
The number of non-synonymous mutations for each sample were totalled and compared across subtypes. A red dashed line was placed at 2.5 (TCGA-STAD – 
Left) and at 2.25 (TCGA-UCEC - Right) to indicate the identified iCAM thresholds for gastric and endometrial cancer, respectively (Panda et al., 2017). The 
number of patients per subtype are indicated on the X axes. 
Statistical analysis used Kruskal-Wallis tests (TCGA-STAD; p-value = 3.14e-35. CI95%[0.42, 0.47], TCGA-UCEC; p-value = 2.75e-36. CI95%[0.27, 0.41]). Pairwise 
investigations used Dunn’s test. Only significant comparisons after Holm correction (pVal < 0.05) are shown. 
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6.2.3 Mutation signatures did not alter between MSS-hi-CIRC and MSS-lo-CIRC 

cohorts 

In accordance with methods used to delineated mutation signatures within the TCGA-COADREAD 

cohort, I performed these analyses using TCGA-STAD and TCGA-UCEC cohorts. Analyses revealed that 

both TCGA-STAD and TCGA-UCEC had three mutation signatures present. Comparison of these 

signatures across subtypes revealed no differences between MSS-hi-CIRC and MSS-lo-CIRC (Figure 

6.4 and Figure 6.5), however, analogous to TCGA-COADREAD analyses, MSI-H patients exhibited the 

enrichment of signatures which were highly concordant with Alexandrov signature 6 (S1 in TCGA-

STAD and S1 in TCGA-UCEC), the signature enriched in tumours with MMR deficiencies (92.6% similar 

– TCGA-STAD, 96.5% similar – TCGA-UCEC).  
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Figure 6.4 – Hierarchical clustering of the three mutation signatures found in the TCGA-STAD 
subtypes 
Three mutation signatures were determined in the TCGA-STAD cohort using NMF decomposition and 
the frequency of 96 single nucleotide changes. The frequency of each signature was averaged across the 
patient subtypes and Z score transformed within each subtype. Two-dimensional hierarchical clustering 
was applied for ordering of signatures and patient subgroups. Increased red intensity signifies an 
increased strength of signature in that subtype. 

 



 205 

Figure 6.5 – Hierarchical clustering of the three mutation signatures found in the TCGA-UCEC 
subtypes 
Three mutation signatures were determined in the TCGA-UCEC cohort using NMF decomposition and 
the frequency of 96 single nucleotide changes. The frequency of each signature was averaged across the 
patient subtypes and Z score transformed within each subtype. Two-dimensional hierarchical clustering 
was applied for ordering of signatures and patient subgroups. Increased red intensity signifies an 
increased strength of signature in that subtype. 
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6.2.4 MSS-hi-CIRC patients in the TCGA-STAD cohort demonstrate significant 

enrichment of microbes 

In accordance with methods in Chapter 5, I compared the enrichment of pathways associated to 

microbes in the TCGA-STAD dataset by searching for pathways with the terms: “bacteria”, 

“bacterium”, “virus”, “viral”, “microbe”, “microbial”, and “archaea” in to GO database. Comparison 

of genesets demonstrated 40 genesets were significantly differentially enriched comparing MSS-hi-

CIRC and MSS-lo-CIRC (Table 6.1), and 17 significant genesets between MSS-hi-CIRC and MSI-H (FDR 

< 0.05) (Table 6.2). Whereas all genesets differentially enriched between MSS-hi-CIRC and MSS-lo-

CIRC were significant in the MSS-hi-CIRC direction, only those which were associated with bacterial 

presence were significant in MSS-hi-CIRC patients in the comparison with MSI-H patients. 

Interestingly, both a defence response to Gram-negative and Gram-positive bacteria were 

heightened in TCGA-STAD MSS-hi-CIRC patients.
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Table 6.1 – Geneset enrichment analysis between MSS-hi-CIRC and MSS-lo-CIRC gastric cancer patients using GO terms relating to microbes 
Genes differentially expressed between MSS-hi-CIRC and MSS-lo-CIRC patients in the TCGA-STAD cohort and GO terms relating to microbes were used as input. 
40 pathways were found differentially enriched between MSS-hi-CIRC and MSS-lo-CIRC, all of which were enriched in the MSS-hi-CIRC direction. Genesets were 
considered significant at an FDR < 0.05. FDR are rounded to 3 significant figures. Pathways are ordered according to FDR. 
NGenes = Number of Genes in the Geneset. 
Geneset NGenes FDR Direction 
GO:0071219 cellular response to molecule of bacterial origin 177 6.42E-16 MSS-hi-CIRC 
GO:0051607 defense response to virus 223 1.94E-11 MSS-hi-CIRC 
GO:0002237 response to molecule of bacterial origin 300 1.94E-11 MSS-hi-CIRC 
GO:0009615 response to virus 313 3.17E-11 MSS-hi-CIRC 
GO:0009617 response to bacterium 500 1.57E-10 MSS-hi-CIRC 
GO:0016045 detection of bacterium 16 9.65E-10 MSS-hi-CIRC 
GO:0045071 negative regulation of viral genome replication 50 6.98E-09 MSS-hi-CIRC 
GO:0050691 regulation of defense response to virus by host 37 8.39E-09 MSS-hi-CIRC 
GO:0002230 positive regulation of defense response to virus by host 28 2.39E-08 MSS-hi-CIRC 
GO:0048525 negative regulation of viral process 81 2.45E-08 MSS-hi-CIRC 
GO:0050688 regulation of defense response to virus 63 2.11E-07 MSS-hi-CIRC 
GO:0050830 defense response to Gram-positive bacterium 68 1.11E-06 MSS-hi-CIRC 
GO:0050690 regulation of defense response to virus by virus 29 1.68E-06 MSS-hi-CIRC 
GO:0042742 defense response to bacterium 178 1.84E-06 MSS-hi-CIRC 
GO:0046596 regulation of viral entry into host cell 37 4.87E-06 MSS-hi-CIRC 
GO:0046598 positive regulation of viral entry into host cell 11 7.06E-06 MSS-hi-CIRC 
GO:1903900 regulation of viral life cycle 137 1.58E-05 MSS-hi-CIRC 
GO:0032490 detection of molecule of bacterial origin 12 2.11E-05 MSS-hi-CIRC 
GO:0045869 negative regulation of single stranded viral RNA replication via double stranded DNA 
intermediate 16 2.39E-05 MSS-hi-CIRC 

GO:0019064 fusion of virus membrane with host plasma membrane 8 5.00E-05 MSS-hi-CIRC 
GO:0039663 membrane fusion involved in viral entry into host cell 8 5.00E-05 MSS-hi-CIRC 
GO:0070339 response to bacterial lipopeptide 6 5.00E-05 MSS-hi-CIRC 
GO:0071220 cellular response to bacterial lipoprotein 6 5.00E-05 MSS-hi-CIRC 



 208 

GO:0071221 cellular response to bacterial lipopeptide 6 5.00E-05 MSS-hi-CIRC 
GO:0045069 regulation of viral genome replication 78 5.33E-05 MSS-hi-CIRC 
GO:0046718 viral entry into host cell 132 0.000156 MSS-hi-CIRC 
GO:0050792 regulation of viral process 173 0.000333 MSS-hi-CIRC 
GO:0032493 response to bacterial lipoprotein 8 0.000462 MSS-hi-CIRC 
GO:0045091 regulation of single stranded viral RNA replication via double stranded DNA intermediate 19 0.000478 MSS-hi-CIRC 
GO:0039692 single stranded viral RNA replication via double stranded DNA intermediate 20 0.000488 MSS-hi-CIRC 
GO:0019079 viral genome replication 121 0.000723 MSS-hi-CIRC 
GO:1903901 negative regulation of viral life cycle 21 0.004177 MSS-hi-CIRC 
GO:0050829 defense response to Gram-negative bacterium 48 0.004575 MSS-hi-CIRC 
GO:0001618 virus receptor activity 72 0.005297 MSS-hi-CIRC 
GO:0046597 negative regulation of viral entry into host cell 18 0.006023 MSS-hi-CIRC 
GO:0019058 viral life cycle 331 0.008826 MSS-hi-CIRC 
GO:0098586 cellular response to virus 60 0.010846 MSS-hi-CIRC 
GO:0016032 viral process 916 0.020638 MSS-hi-CIRC 
GO:0039694 viral RNA genome replication 35 0.026802 MSS-hi-CIRC 
GO:0043922 negative regulation by host of viral transcription 14 0.035776 MSS-hi-CIRC 
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Table 6.2 – Geneset enrichment analysis between MSS-hi-CIRC and MSI-H gastric cancer patients using GO terms relating to microbes 
Genes differentially expressed between MSS-hi-CIRC and MSI-H patients in the TCGA-STAD cohort and GO terms relating to microbes were used as input. 17 
pathways were found differentially enriched between MSS-hi-CIRC and MSI-H, 9 of which were enriched in the MSS-hi-CIRC direction. All significant pathways 
related to the detection of/response to bacteria. Genesets were considered significant at an FDR < 0.05. FDR are rounded to 3 significant figures. Pathways are 
ordered according to FDR. 
NGenes = Number of Genes in the Geneset. 
Geneset NGenes FDR Direction 
GO:0019080 viral gene expression 197 0.00111 MSI-H 
GO:0019083 viral transcription 179 0.00138 MSI-H 
GO:0075733 intracellular transport of virus 56 0.00155 MSI-H 
GO:0016045 detection of bacterium 16 0.00155 MSS-hi-CIRC 
GO:0046794 transport of virus 63 0.0107 MSI-H 
GO:0009617 response to bacterium 500 0.0122 MSS-hi-CIRC 
GO:0071219 cellular response to molecule of bacterial origin 177 0.0227 MSS-hi-CIRC 
GO:0042742 defence response to bacterium 178 0.0232 MSS-hi-CIRC 
GO:0032490 detection of molecule of bacterial origin 12 0.0232 MSS-hi-CIRC 
GO:0019081 viral translation 16 0.0283 MSI-H 
GO:0050829 defence response to Gram-negative bacterium 48 0.0283 MSS-hi-CIRC 
GO:0046755 viral budding 26 0.0283 MSI-H 
GO:0002237 response to molecule of bacterial origin 300 0.0283 MSS-hi-CIRC 
GO:0050830 defence response to Gram-positive bacterium 68 0.0315 MSS-hi-CIRC 
GO:0045869 negative regulation of single stranded viral RNA replication via double stranded DNA 
intermediate 16 0.0315 MSS-hi-CIRC 

GO:0075522 IRES-dependent viral translational initiation 11 0.0338 MSI-H 
GO:0039702 viral budding via host ESCRT complex 21 0.0442 MSI-H 
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6.2.1 MSS-hi-CIRC patients in the TCGA-UCEC cohort demonstrate significant 

enrichment of microbes 

Identical to analyses in the TCGA-STAD cohort, I considered the microbe-associated pathways from 

the GO database between MSS-hi-CIRC and MSS-lo-CIRC, and between MSS-hi-CIRC and MSI-H, in the 

TCGA-UCEC cohort. Comparison of genesets demonstrated 50 genesets were significant comparing 

MSS-hi-CIRC and MSS-lo-CIRC (Table 6.3), and 42 significant genesets between MSS-hi-CIRC and MSI-

H (FDR < 0.05) (Table 6.4). In both instances, all genesets were significant in the MSS-hi-CIRC 

direction, demonstrating a significant microbial presence in MSS-hi-CIRC patients. Interestingly, only 

two pathways were significant in the MSI-H versus MSS-lo-CIRC comparison, “GO:0071219 cellular 

response to molecule of bacterial origin” (FDR = 0.00427) and “GO:0002237 response to molecule of 

bacterial origin” (FDR = 0.0267), both of which were enriched in the MSI-H setting.
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Table 6.3 – Geneset enrichment analysis between MSS-hi-CIRC and MSS-lo-CIRC endometrial cancer patients using GO terms relating to microbes 
Genes differentially expressed between MSS-hi-CIRC and MSS-lo-CIRC patients in the TCGA-UCEC cohort and GO terms relating to microbes were used as input. 50 
pathways were found differentially enriched between MSS-hi-CIRC and MSS-lo-CIRC, all of which were enriched in the MSS-hi-CIRC direction. Genesets were 
considered significant at an FDR < 0.05. FDR are rounded to 3 significant figures. Pathways are ordered according to FDR. 
NGenes = Number of Genes in the Geneset. 
Geneset Name NGenes FDR Direction 
GO:0071219 cellular response to molecule of bacterial origin 159 1.19E-27 MSS-hi-CIRC 
GO:0002237 response to molecule of bacterial origin 271 1.71E-21 MSS-hi-CIRC 
GO:0009617 response to bacterium 436 2.90E-21 MSS-hi-CIRC 
GO:0042742 defense response to bacterium 142 2.18E-17 MSS-hi-CIRC 
GO:0050830 defense response to Gram-positive bacterium 52 2.85E-17 MSS-hi-CIRC 
GO:0009615 response to virus 303 5.52E-15 MSS-hi-CIRC 
GO:0051607 defense response to virus 217 1.73E-14 MSS-hi-CIRC 
GO:0016045 detection of bacterium 12 4.24E-12 MSS-hi-CIRC 
GO:0050691 regulation of defense response to virus by host 36 2.62E-10 MSS-hi-CIRC 
GO:0048525 negative regulation of viral process 79 2.62E-10 MSS-hi-CIRC 
GO:0002230 positive regulation of defense response to virus by host 27 4.20E-10 MSS-hi-CIRC 
GO:0032490 detection of molecule of bacterial origin 12 9.77E-10 MSS-hi-CIRC 
GO:0045071 negative regulation of viral genome replication 49 1.08E-09 MSS-hi-CIRC 
GO:0050690 regulation of defense response to virus by virus 29 4.66E-09 MSS-hi-CIRC 
GO:0046596 regulation of viral entry into host cell 34 6.85E-09 MSS-hi-CIRC 
GO:1903900 regulation of viral life cycle 132 8.67E-09 MSS-hi-CIRC 
GO:0046718 viral entry into host cell 124 8.67E-09 MSS-hi-CIRC 
GO:0050688 regulation of defense response to virus 62 1.14E-08 MSS-hi-CIRC 
GO:0050829 defense response to Gram-negative bacterium 38 1.83E-08 MSS-hi-CIRC 
GO:0070339 response to bacterial lipopeptide 6 9.42E-08 MSS-hi-CIRC 
GO:0071220 cellular response to bacterial lipoprotein 6 9.42E-08 MSS-hi-CIRC 
GO:0071221 cellular response to bacterial lipopeptide 6 9.42E-08 MSS-hi-CIRC 
GO:0046598 positive regulation of viral entry into host cell 11 5.88E-07 MSS-hi-CIRC 
GO:0019730 antimicrobial humoral response 69 6.63E-07 MSS-hi-CIRC 
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GO:0050792 regulation of viral process 168 6.63E-07 MSS-hi-CIRC 
GO:0061844 antimicrobial humoral immune response mediated by antimicrobial peptide 36 6.63E-07 MSS-hi-CIRC 
GO:0019064 fusion of virus membrane with host plasma membrane 8 1.63E-06 MSS-hi-CIRC 
GO:0039663 membrane fusion involved in viral entry into host cell 8 1.63E-06 MSS-hi-CIRC 
GO:0001618 virus receptor activity 67 3.20E-06 MSS-hi-CIRC 
GO:0045069 regulation of viral genome replication 77 3.55E-06 MSS-hi-CIRC 
GO:0032493 response to bacterial lipoprotein 8 7.35E-06 MSS-hi-CIRC 
GO:0019058 viral life cycle 322 1.93E-05 MSS-hi-CIRC 
GO:1900426 positive regulation of defense response to bacterium 7 5.66E-05 MSS-hi-CIRC 
GO:0019079 viral genome replication 120 7.95E-05 MSS-hi-CIRC 
GO:1903901 negative regulation of viral life cycle 20 0.000137 MSS-hi-CIRC 
GO:0046597 negative regulation of viral entry into host cell 17 0.000242 MSS-hi-CIRC 
GO:1903902 positive regulation of viral life cycle 31 0.000420 MSS-hi-CIRC 
GO:0098586 cellular response to virus 59 0.000442 MSS-hi-CIRC 
GO:0045869 negative regulation of single stranded viral RNA replication via double stranded DNA 
intermediate 15 0.000802 MSS-hi-CIRC 

GO:0016032 viral process 897 0.00198 MSS-hi-CIRC 
GO:0045091 regulation of single stranded viral RNA replication via double stranded DNA intermediate 18 0.00502 MSS-hi-CIRC 
GO:0019731 antibacterial humoral response 28 0.00502 MSS-hi-CIRC 
GO:0039692 single stranded viral RNA replication via double stranded DNA intermediate 19 0.00651 MSS-hi-CIRC 
GO:0019065 receptor-mediated endocytosis of virus by host cell 7 0.0106 MSS-hi-CIRC 
GO:0075509 endocytosis involved in viral entry into host cell 7 0.0106 MSS-hi-CIRC 
GO:1900424 regulation of defense response to bacterium 13 0.0106 MSS-hi-CIRC 
GO:0043922 negative regulation by host of viral transcription 14 0.0321 MSS-hi-CIRC 
GO:0048524 positive regulation of viral process 88 0.0343 MSS-hi-CIRC 
GO:0044788 modulation by host of viral process 27 0.0356 MSS-hi-CIRC 
GO:0044794 positive regulation by host of viral process 14 0.0424 MSS-hi-CIRC 
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Table 6.4 – Geneset enrichment analysis between MSS-hi-CIRC and MSI-H endometrial cancer patients using GO terms relating to microbes 
Genes differentially expressed between MSS-hi-CIRC and MSI-H patients in the TCGA-UCEC cohort and GO terms relating to microbes were used as input. 42 
pathways were found differentially enriched between MSS-hi-CIRC and MSI-H, all of which were enriched in the MSS-hi-CIRC direction. Genesets were considered 
significant at an FDR < 0.05. FDR are rounded to 3 significant figures. Pathways are ordered according to FDR. 
NGenes = Number of Genes in the Geneset. 
Geneset Name NGenes FDR Direction 
GO:0071219 cellular response to molecule of bacterial origin 159 7.51E-10 MSS-hi-CIRC 
GO:0009617 response to bacterium 436 3.50E-09 MSS-hi-CIRC 
GO:0042742 defense response to bacterium 142 5.45E-09 MSS-hi-CIRC 
GO:0009615 response to virus 303 1.66E-08 MSS-hi-CIRC 
GO:0050830 defense response to Gram-positive bacterium 52 1.66E-08 MSS-hi-CIRC 
GO:0002237 response to molecule of bacterial origin 271 1.66E-08 MSS-hi-CIRC 
GO:0051607 defense response to virus 217 1.76E-08 MSS-hi-CIRC 
GO:0045071 negative regulation of viral genome replication 49 1.44E-07 MSS-hi-CIRC 
GO:0016045 detection of bacterium 12 6.03E-07 MSS-hi-CIRC 
GO:0050691 regulation of defense response to virus by host 36 8.06E-07 MSS-hi-CIRC 
GO:0002230 positive regulation of defense response to virus by host 27 8.06E-07 MSS-hi-CIRC 
GO:0048525 negative regulation of viral process 79 9.20E-07 MSS-hi-CIRC 
GO:0046596 regulation of viral entry into host cell 34 2.24E-06 MSS-hi-CIRC 
GO:0050829 defense response to Gram-negative bacterium 38 5.87E-06 MSS-hi-CIRC 
GO:0050688 regulation of defense response to virus 62 2.23E-05 MSS-hi-CIRC 
GO:1903900 regulation of viral life cycle 132 3.31E-05 MSS-hi-CIRC 
GO:0046718 viral entry into host cell 124 4.69E-05 MSS-hi-CIRC 
GO:0032490 detection of molecule of bacterial origin 12 6.52E-05 MSS-hi-CIRC 
GO:0019064 fusion of virus membrane with host plasma membrane 8 0.000143 MSS-hi-CIRC 
GO:0039663 membrane fusion involved in viral entry into host cell 8 0.000143 MSS-hi-CIRC 
GO:1903901 negative regulation of viral life cycle 20 0.000264 MSS-hi-CIRC 
GO:0045069 regulation of viral genome replication 77 0.000308 MSS-hi-CIRC 
GO:0046597 negative regulation of viral entry into host cell 17 0.000400 MSS-hi-CIRC 
GO:0061844 antimicrobial humoral immune response mediated by antimicrobial peptide 36 0.000446 MSS-hi-CIRC 
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GO:0019730 antimicrobial humoral response 69 0.000488 MSS-hi-CIRC 
GO:0050792 regulation of viral process 168 0.00100 MSS-hi-CIRC 
GO:0050690 regulation of defense response to virus by virus 29 0.00180 MSS-hi-CIRC 
GO:0046598 positive regulation of viral entry into host cell 11 0.00180 MSS-hi-CIRC 
GO:0001618 virus receptor activity 67 0.00214 MSS-hi-CIRC 
GO:1900426 positive regulation of defense response to bacterium 7 0.00291 MSS-hi-CIRC 
GO:0070339 response to bacterial lipopeptide 6 0.00563 MSS-hi-CIRC 
GO:0071220 cellular response to bacterial lipoprotein 6 0.00563 MSS-hi-CIRC 
GO:0071221 cellular response to bacterial lipopeptide 6 0.00563 MSS-hi-CIRC 
GO:0045869 negative regulation of single stranded viral RNA replication via double stranded DNA 
intermediate 15 0.00715 

MSS-hi-CIRC 

GO:0019079 viral genome replication 120 0.00758 MSS-hi-CIRC 
GO:0032493 response to bacterial lipoprotein 8 0.0157 MSS-hi-CIRC 
GO:0019058 viral life cycle 322 0.0172 MSS-hi-CIRC 
GO:0019731 antibacterial humoral response 28 0.0196 MSS-hi-CIRC 
GO:0045091 regulation of single stranded viral RNA replication via double stranded DNA intermediate 18 0.0454 MSS-hi-CIRC 
GO:1900424 regulation of defense response to bacterium 13 0.0459 MSS-hi-CIRC 
GO:0019065 receptor-mediated endocytosis of virus by host cell 7 0.0463 MSS-hi-CIRC 
GO:0075509 endocytosis involved in viral entry into host cell 7 0.0463 MSS-hi-CIRC 
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6.2.2 TCGA-UCEC MSS-hi-CIRC patients demonstrate increased responses to 

reactive oxygen species 

In addition to the analyses investigating microbial pathways, I decided to investigate whether TCGA-

STAD and TCGA-UCEC MSS-hi-CIRC patients shared the increased response to ROS and RNS that was 

observed in CRC MSS-hi-CIRC patients. Here, analogous to analyses performed on the TCGA-

COADREAD cohort, I performed pathway analysis on GO terms with “reactive oxygen” or “reactive 

nitrogen” in their name. TCGA-STAD MSS-hi-CIRC patients showed no significant differences in any of 

the tested pathways in either comparisons with MSS-lo-CIRC or MSI-H (Table 6.5 and Table 6.6). 

However, notably there was a clear trend for ROS being elevated in MSS-hi-CIRC in comparison to 

MSS-lo-CIRC, marginally missing significance after FDR correction. In contrast, MSS-hi-CIRC patients 

from the TCGA-UCEC dataset demonstrated significant differences in pathways relating to 

biosynthetic or metabolic production of ROS in comparison to MSS-lo-CIRC patients (Table 6.7), but 

not in comparison to MSI-H patients (Table 6.8).
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Table 6.5 – Geneset enrichment analysis between MSS-hi-CIRC and MSS-lo-CIRC gastric cancer patients using terms relating to reaction oxygen 
species (ROS) or reactive nitrogen species (RNS) 
Genes differentially expressed between MSS-hi-CIRC and MSS-lo-CIRC in the TCGA-STAD cohort and GO terms relating to ROS or RNS were used as input. 5 
out of 15 available pathways demonstrated a trend to be increased in the MSS-hi-CIRC patients. All 5 pathways related to the production of ROS. Genesets 
were considered significant at an FDR < 0.05. FDR are rounded to 3 significant figures. Pathways are ordered according to FDR. 
NGenes = Number of Genes in the Geneset. 
Geneset Name NGenes P-value FDR Direction 
GO:2001057 reactive nitrogen species metabolic process  69 0.00371 0.0587 MSS-hi-CIRC 
GO:2000379 positive regulation of reactive oxygen species metabolic process  90 0.00782 0.0587 MSS-hi-CIRC 
GO:1903428 positive regulation of reactive oxygen species biosynthetic process  46 0.0132 0.0587 MSS-hi-CIRC 
GO:0072593 reactive oxygen species metabolic process  244 0.0158 0.0587 MSS-hi-CIRC 
GO:1903426 regulation of reactive oxygen species biosynthetic process  82 0.0184 0.0587 MSS-hi-CIRC 
GO:2000377 regulation of reactive oxygen species metabolic process  169 0.0317 0.0865 MSS-hi-CIRC 
GO:1903409 reactive oxygen species biosynthetic process  104 0.0820 0.187 MSS-hi-CIRC 
GO:0097468 programmed cell death in response to reactive oxygen species  11 0.196 0.391 MSS-lo-CIRC 
GO:1903427 negative regulation of reactive oxygen species biosynthetic process  27 0.225 0.400 MSS-hi-CIRC 
GO:0000302 response to reactive oxygen species  205 0.358 0.521 MSS-hi-CIRC 
GO:1902170 cellular response to reactive nitrogen species  15 0.430 0.574 MSS-hi-CIRC 
GO:2000378 negative regulation of reactive oxygen species metabolic process  53 0.588 0.724 MSS-hi-CIRC 
GO:0034614 cellular response to reactive oxygen species  143 0.681 0.779 MSS-hi-CIRC 
GO:1901032 negative regulation of response to reactive oxygen species  16 0.763 0.814 MSS-lo-CIRC 
GO:1901031 regulation of response to reactive oxygen species  29 0.831 0.831 MSS-lo-CIRC 
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Table 6.6 – Geneset enrichment analysis between MSS-hi-CIRC and MSI-H gastric cancer patients using terms relating to reaction oxygen species 
(ROS) or reactive nitrogen species (RNS) 
Genes differentially expressed between MSS-hi-CIRC and MSI-H in the TCGA-STAD cohort and GO terms relating to ROS or RNS were used as input. No 
pathways were deemed significant after FDR correction. Genesets were considered significant at an FDR < 0.05. FDR are rounded to 3 significant figures. 
Pathways are ordered according to FDR. 
NGenes = Number of Genes in the Geneset. 
Geneset Name NGenes P-value FDR Direction 
GO:0034614 cellular response to reactive oxygen species 143 0.0423 0.377 MS-H 
GO:0097468 programmed cell death in response to reactive oxygen species 11 0.0706 0.377 MSI-H 
GO:0000302 response to reactive oxygen species 205 0.130 0.519 MSI-H 
GO:1903427 negative regulation of reactive oxygen species biosynthetic process 27 0.234 0.712 MSS-hi-CIRC 
GO:1902170 cellular response to reactive nitrogen species 15 0.267 0.712 MSI-H 
GO:1901032 negative regulation of response to reactive oxygen species 16 0.352 0.754 MSI-H 
GO:1901031 regulation of response to reactive oxygen species 29 0.377 0.754 MSI-H 
GO:1903428 positive regulation of reactive oxygen species biosynthetic process 46 0.665 0.950 MSI-H 
GO:1903426 regulation of reactive oxygen species biosynthetic process 82 0.690 0.950 MSS-hi-CIRC 
GO:2001057 reactive nitrogen species metabolic process 69 0.743 0.950 MSS-hi-CIRC 
GO:0072593 reactive oxygen species metabolic process 244 0.769 0.950 MSS-hi-CIRC 
GO:2000378 negative regulation of reactive oxygen species metabolic process 53 0.820 0.950 MSS-hi-CIRC 
GO:2000377 regulation of reactive oxygen species metabolic process 169 0.831 0.950 MSS-hi-CIRC 
GO:1903409 reactive oxygen species biosynthetic process 104 0.929 0.974 MSI-H 
GO:2000379 positive regulation of reactive oxygen species metabolic process 90 0.974 0.974 MSS-hi-CIRC 
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Table 6.7 – Geneset enrichment analysis between MSS-hi-CIRC and MSS-lo-CIRC endometrial cancer patients using terms relating to reaction 
oxygen species (ROS) or reactive nitrogen species (RNS) 
Genes differentially expressed between MSS-hi-CIRC and MSS-lo-CIRC in the TCGA-UCEC cohort and GO terms relating to ROS or RNS were used as input. 7 
out of 15 available pathways were significantly enriched in the MSS-hi-CIRC patients. Genesets were considered significant at an FDR < 0.05. FDR are 
rounded to 3 significant figures. Pathways are ordered according to FDR. 
NGenes = Number of Genes in the Geneset. 
Geneset Name NGenes P-value FDR Direction 
GO:2000379 positive regulation of reactive oxygen species metabolic process 83 9.77E-07 1.56E-05 MSS-hi-CIRC 
GO:2001057 reactive nitrogen species metabolic process 66 1.75E-05 0.000140 MSS-hi-CIRC 
GO:0072593 reactive oxygen species metabolic process 226 3.78E-05 0.000169 MSS-hi-CIRC 
GO:1903428 positive regulation of reactive oxygen species biosynthetic process 44 4.24E-05 0.000169 MSS-hi-CIRC 
GO:2000377 regulation of reactive oxygen species metabolic process 159 0.000163 0.000521 MSS-hi-CIRC 
GO:1903426 regulation of reactive oxygen species biosynthetic process 77 0.000232 0.000619 MSS-hi-CIRC 
GO:1903409 reactive oxygen species biosynthetic process 97 0.00151 0.00346 MSS-hi-CIRC 
GO:0000302 response to reactive oxygen species 198 0.0349 0.0698 MSS-hi-CIRC 
GO:0034614 cellular response to reactive oxygen species 138 0.142 0.252 MSS-hi-CIRC 
GO:1903427 negative regulation of reactive oxygen species biosynthetic process 24 0.242 0.387 MSS-hi-CIRC 
GO:1901032 negative regulation of response to reactive oxygen species 15 0.411 0.596 MSS-hi-CIRC 
GO:2000378 negative regulation of reactive oxygen species metabolic process 50 0.458 0.596 MSS-hi-CIRC 
GO:1902170 cellular response to reactive nitrogen species 16 0.484 0.596 MSS-hi-CIRC 
GO:1901031 regulation of response to reactive oxygen species 28 0.604 0.690 MSS-hi-CIRC 
GO:0097468 programmed cell death in response to reactive oxygen species 11 0.730 0.779 MSS-lo-CIRC 
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Table 6.8 – Geneset enrichment analysis between MSS-hi-CIRC and MSI-H endometrial cancer patients using terms relating to reaction oxygen 
species (ROS) or reactive nitrogen species (RNS) 
Genes differentially expressed between MSS-hi-CIRC and MSI-H in the TCGA-UCEC cohort and GO terms relating to ROS or RNS were used as input. No 
pathways were deemed significant after FDR correction. Genesets were considered significant at an FDR < 0.05. FDR are rounded to 3 significant figures. 
Pathways are ordered according to FDR. 
NGenes = Number of Genes in the Geneset. 
Geneset Name NGenes P-value FDR Direction 
GO:1903426 regulation of reactive oxygen species biosynthetic process 77 0.0114 0.136 MSS-hi-CIRC 
GO:2000379 positive regulation of reactive oxygen species metabolic process 83 0.0229 0.136 MSS-hi-CIRC 
GO:2001057 reactive nitrogen species metabolic process 66 0.0255 0.136 MSS-hi-CIRC 
GO:2000377 regulation of reactive oxygen species metabolic process 159 0.0475 0.149 MSS-hi-CIRC 
GO:1903409 reactive oxygen species biosynthetic process 97 0.0557 0.149 MSS-hi-CIRC 
GO:0072593 reactive oxygen species metabolic process 226 0.0577 0.149 MSS-hi-CIRC 
GO:1903428 positive regulation of reactive oxygen species biosynthetic process 44 0.0651 0.149 MSS-hi-CIRC 
GO:1903427 negative regulation of reactive oxygen species biosynthetic process 24 0.197 0.393 MSS-hi-CIRC 
GO:0034614 cellular response to reactive oxygen species 138 0.413 0.715 MSI-H 
GO:1901031 regulation of response to reactive oxygen species 28 0.567 0.766 MSI-H 
GO:0000302 response to reactive oxygen species 198 0.575 0.766 MSI-H 
GO:0097468 programmed cell death in response to reactive oxygen species 11 0.665 0.818 MSI-H 
GO:1901032 negative regulation of response to reactive oxygen species 15 0.723 0.826 MSI-H 
GO:1902170 cellular response to reactive nitrogen species 16 0.843 0.844 MSS-hi-CIRC 
GO:2000378 negative regulation of reactive oxygen species metabolic process 50 0.844 0.844 MSI-H 
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6.3 Discussion 

Although based purely on TCGA data, here I demonstrate that the findings from Chapters 3, 4, and 5 

are largely applicable in both gastric and endometrial cancer. A significant proportion of proficient 

MMR cancers from both settings were predicted to be MSS-hi-CIRC, although this was notably higher 

in gastric cancer (28.1% - TCGA-STAD, and 19%- TCGA-UCEC). The increased abundance of MSS-hi-

CIRC patients in gastric cancer might be explained by the high penetrance of H. pylori infections 

amongst gastric cancer patients. Around 70% of gastric cancer has associated H. pylori infection, and 

although not evaluated here, one might hypothesise that bacterial load may correlate strongly with 

the CIRC signature (Lee et al., 2016). Whilst the lack of differences in genesets relating to ROS or RNS 

between the subtypes may also be explained by the predominance of H. pylori infection within all 

subtypes (Drake et al., 1998), there was a strong trend for these to be enriched in the MSS-hi-CIRC 

setting. These findings suggest that MSS-hi-CIRC TCGA-STAD patients may represent those with 

ongoing or an increased H. pylori bacterial load. These questions could easily be answered should 

data for the bacterial load of H. pylori be available in TCGA clinical data, or access given to WGS data 

for stomach cancers in the Genomics England cohort, paralleling analyses performed on the CRC 

cohort. Of interest, the increased likelihood of MSI-H cancers to be enriched for viral presence was 

shared between TCGA-STAD and TCGA-COADREAD cohorts. Whilst this may reveal an inherent 

mechanism of viral-mediated development for MSI-H tumours in these settings, they may also 

provide favourable conditions for viruses to thrive. 

 

Analogous to the findings presented in Chapter 5, MSS-hi-CIRC patients from both TCGA-STAD and 

TCGA-UCEC cohorts demonstrated increased significance of GO pathways related to bacterial 

presence. Moreover, here the significance also extended to FDR-corrected comparisons with MSI-H 

cohorts. These differences may reflect ‘sidedness’ of MSI-H CRC. Despite the tendency for gastric 
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cancer MSI-H cancers to be distally located, this localisation is unlikely to reflect a difference in 

species between the two locations due to the physical ‘churning’ during digestion. Although the 

significant differences demonstrated using pathways analysis supports this former conclusion, it is 

conceivable that cancers located near the oesophageal or pyloric sphincters could have very different 

microbial compositions, due to the differences in microbiota between the oesophagus and small 

intestine (The Human Microbiome Consortium, 2012b). Interestingly, TCGA-UCEC MSS-hi-CIRC 

cancers demonstrated an enrichment of both presence of bacterial and viral species with respect to 

both MSS-lo-CIRC and MSI-H patients. This is particularly interesting as enrichment of microbes have 

previously been demonstrated to play a vital role in development of endometrial cancer. Whilst this 

phenomenon of microbial adjuvantisation seems common across COADREAD, STAD, and UCEC sites, 

the nature of these microbes likely differs. Utilisation of WGS data from Genomics England could 

answer such questions, however, we hypothesise that MSS-hi-CIRC cancers provide a similar 

microenvironment that permits outgrowth of anaerobic commensals over naturally enriched aerobic 

inhabitants.  

 

Although these analyses indicate that my earlier findings from CRC broadly apply to two other low-

mutation burden cancers, it should be noted that the cancers analysed (STAD and UCEC) were also 

those with a dense microbiota present. It would be particularly interesting to determine whether 

these findings applied to other, low-mutation burden cancers which don’t act as a barrier to the 

outside world such as in pancreatic cancer, or renal cell carcinoma (RCC). Pancreatic cancer 

demonstrates one of the worst prognoses as it presents with very little indication until late-stage 

disease. Although reports demonstrating that MSI-H pancreatic cancer patients are rare (Luchini et 

al., 2021), and generally immune-desolate, a high immune environment has been reported in some 

patients (Liu et al., 2020). In contrast, RCC is considered a highly immunogenic tumour. Utilising 

TCGA data, Şenbabaoğlu and colleagues demonstrated that RCC had the highest T-cell infiltration 
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scores, despite their low mutation burden. Furthermore, the authors demonstrated no genetic 

reasons for the increased T-cell infiltrate seen in these cancers, in addition to an increased TH17 

response (Şenbabaoğlu et al., 2016). These results are analogous to my analyses presented in this 

thesis. Whilst MSI-H is deemed a rare phenomenon amongst RCC patients, it is conceivable that 

there exists a significant proportion of MSS-hi-CIRC cancers within this malignancy. 
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Chapter 7: Overall Discussion 
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Immune checkpoint blockade therapies have been adopted as frontline treatments in cancers such 

as melanoma and lung cancer (predominantly NSCLC) and have begun to emerge as options in 

subgroups of other cancers that display MSI. One of the most pressing issues in cancer immunology 

is how to extend the success observed with these therapies to the low-mutational burden setting. 

There are now wide reports demonstrating the high variability in immune tone across the MSS CRC 

cohort (De Vries et al., 2020, Li et al., 2020, Mlecnik et al., 2016, Lal et al., 2015, Nosho et al., 2010, 

Ogino et al., 2009). Perhaps the most widely cited, Mlecnik and colleagues demonstrated a 

significant subset of MSS patients which had elevated immune signatures as well as an increased 

intratumoural density of CD3POS and CD8POS lymphocytes. They reported high immune infiltrates in 

around 50% of MSS patients, significantly more than we report in Chapter 3 (Mlecnik et al., 2016). 

Whilst this now seems to be an accepted phenomenon in MSS cancer, to my knowledge there have 

been no reports dedicated to investigating the mechanistic drivers of immune presence in these 

cancers. This thesis attempted to ameliorate this by systematically investigating potential 

mechanistic drivers. 

 

7.1.1 The lack of MSS-hi-CIRC in the recurrence setting 

A phase II clinical trial assessing the efficacy of Nivolumab in MSS MHC Class II-high cancers (ANICCA) 

was launched in 2019. Whereas recruitment was due to end in September 2021, a complete lack of 

MHC Class II MSS CRC patients was found in the recurrence setting. Subsequently, the threshold for 

MHC Class II positivity has been lowered to 1%, with a new recruitment end date of 2023. Therefore, 

no patients have been treated in this trial to date. The lack of MSS-hi-CIRC patients recruited in the 

ANICCA clinical trial was surprising especially considering we, and others, have demonstrated a 

significant proportion of MSS CRC predicted to be high immune CRC (Mlecnik et al., 2016). There are 

multiple possibilities to explain this discrepancy.  
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Firstly, MHC Class II expression and high immune infiltration in general may not translate to the 

recurrence setting. Our analyses of MSS-hi-CIRC were restricted to primary tumours (as has been the 

case for many other analyses of high immune CRC), whereas ANICCA recruited patients following 

disease relapse; it is therefore conceivable that MHC Class II expression (and potent intratumoural 

immunity) is lost/reduced upon cancer recurrence. Numerous reports demonstrate the ability of 

tumours to lose MHC Class I expression upon progression (Jhunjhunwala et al., 2021), however, 

there are also reports demonstrating that defects in the MHC Class II processing pathway are 

important for progression of MSI-H cancer [reviewed in (Seliger et al., 2017)](Michel et al., 2010, 

Surmann et al., 2015). Speaking to variability in MHC Class II expression on tumour cells, a student in 

our wider research group demonstrated the differing inducibility of certain MSS CRC organoids to 

upregulate MHC Class II in response to IFNγ (Pickles, 2021). A minority of these organoids were found 

to be incapable of upregulating MHC Class II irrespective of the timeframe of IFNγ treatment, due to 

JAK mutations that affected the responsiveness to IFNγ through IRF1/STAT1 deficiencies – a well-

documented mechanism of immune escape in MSI-H cancers (Albacker et al., 2017, Pickles, 2021). 

Furthermore, given that IFNγ responsiveness could be tumour cell intrinsic we cannot exclude the 

possibility that surgery itself could affect the balance between tumour clones, allowing for outgrowth 

of those clones that have lost sensitivity to IFNγ, and by extension their ability to upregulate MHC 

Class II. Whilst no patients in our MSS subgroups displayed these mutations based on analysis of 

TCGA data relating to their primary tumour, it is conceivable that cancer subclones bearing 

mutations in the IFNγ responsiveness pathways could be selected for over time allowing for 

outgrowth post-surgery, especially considering the large CD4POS infiltrate in MSS-hi-CIRC cancer. In 

contrast, Pickles demonstrated the ability of most organoids to express MHC Class II on continued 

exposure to IFNγ, despite not expressing MHC Class II in situ (Pickles, 2021). These results suggest 

MHC Class II expression is to a significant degree governed by environmental exposure. Therefore, an 

alternative and perhaps a more likely route of surgical perturbation might be that upon surgery in 
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which tumours are removed, along with surrounding tissue, an infectious agent(s) inhabiting the 

cancer cells or surrounding microenvironment may be removed with it. This could conceivably allow 

for clearance of the remaining microbes but not necessarily all cancer cells, allowing for regrowth of 

cancer in a non-infected environment.  

 

A second, and arguably more likely possibility, based on the established benefits of increased 

intratumoural immunity on prognosis, is that MSS-hi-CIRC patients don’t progress to disease 

recurrence, and that the intratumoural immunity observed in MSS-hi-CIRC effectively contains the 

cancer, enabling surgery that is effectively curative. Whilst not being able to test the efficacy of ICB in 

this patient cohort, this mechanism predicts that the inflammation observed in MSS-hi-CIRC patients 

is beneficial, and warrants further investigation regarding its environmental drivers, with a view to 

developing therapies that recapitulate it in the MSS-lo-CIRC setting. Based on the data presented in 

Chapter 5, one could foresee a therapeutic strategy conceptually analogous to Bacillus Calmette-

Guerin (BCG) treatment for bladder cancer. BCG, which comprises attenuated Mycobacterium bovis, 

is administered intravesically, meaning directly into the bladder, inducing a highly inflammatory 

immune response in the surrounding urothelium and tumour (Ratliff, 1992). Importantly for results 

presented in Chapter 5 regarding the increased abundance of Gammaproteobacteria in immune-high 

MSS cancers, studies have shown that treatment with other Gammaproteobacteria recapitulate the 

immune responses observed with BCG (Kim et al., 2015). After intravenous injection with attenuated 

Salmonella typhimurium, the authors showed that S. typhimurium selectively targeted murine 

subcutaneous tumours, induced an increase in adaptive immune cell infiltration, and a reduction in 

tumour burden (Kim et al., 2015). Furthermore, whilst these experiments relied on the colonisation 

of tumours with a pathogen, other data suggest that the microbe that colonises tumours does not 

need to be pathogenic to aid anti-tumour immunity. Sivan and colleagues demonstrated that oral 

administration of the commensal bacteria Bifidobacterium reduced tumour volume in subcutaneous 
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melanoma murine models. Importantly, in CD8-depleted mice and in cases whereby a heat-

inactivated version of Bifidobacterium was used no differences in tumour control were reported. This 

highlights the importance of CD8 T-cells in the control of tumour growth as well as the necessity for 

live bacteria (Sivan et al., 2015). These results, whilst striking, do not exclude the possibility that 

other commensals are able to regulate anti-tumour immunity, nor do they exclude synergistic 

interactions with other bacteria or indeed viruses. Of note, administration of Bifidobacterium slightly 

altered the composition of the microbiota, with a reduction noted in members of the Clostridia 

order, as well as other butyrate-producing species – suggestive of a microbiotal reprogramming to a 

more inflammatory state. In the era of Faecal Microbiota Transplantation (FMT), the potential to 

reprogram patients’ microbiota to a ‘favourable state’ is now a possibility. FMT is now routinely used 

to treat colitis, and in mouse models of cancer has demonstrated great promise in conferring a 

sensitivity to ICB (Routy et al., 2018, Matson et al., 2018, Gopalakrishnan et al., 2018). 

 

Whether MSS-hi-CIRC represents a phenomenon restricted to primary tumours but that is lost at 

some point post-surgery during the progression of residual tumours towards disease relapse, or 

whether it represents a cohort of patients in which the immune infiltration enables effective 

containment of the tumour, resulting in surgical resection that is effectively curative, remains both 

undetermined, and a key future question. Importantly, these two respective scenarios could be 

delineated with the access to primary ANICCA samples. Measurement of Class II expression on 

patient-paired primary and post-recurrence tumour samples should clarify whether MSS-hi-CIRC 

patients have subsequently lost Class II expression by the point of disease recurrence, or 

alternatively whether MSS disease recurrence exclusively occurs in patients with MSS-lo-CIRC 

primary tumours. However, regardless of which scenario applies, understanding the mechanism of 

MSS cancer with an increased immune tone is vital. 
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7.1.2 Mechanistic drivers of the MSS-hi-CIRC grouping 

Some researchers might explain this MSS-hi-CIRC grouping by hypothesising such patients possess 

unusual combinations of MHC haplotype with specific tumour mutations, permitting presentation of 

particularly critical/immunogenic neoantigens that drive strong intratumoural immunity. While I do 

not directly refute such a hypothesis, the genetic data in this thesis, combined with other mutation-

based findings elsewhere (Lal, 2016, Mlecnik et al., 2016, Scheper et al., 2019), and the data and 

arguments in Chapter 5, suggest the influence of an equally powerful tumour cell-extrinsic driver of 

high immunity (i.e., the microbiome) which should be included in mechanistic models of 

intratumoural immunity. Here, I demonstrate an increased abundance of the Proteobacteria phyla, 

as well as other members of the oral microbiome (Simonsiella muelleri) that are enriched in MSS-hi-

CIRC patients in comparison to MSS-lo-CIRC and MSI-H, which could be the driver of increased 

immunity in these patients. Increases in oral microbiome members have been described elsewhere, 

however, have previously only been associated with inhibition of an immune response (Mima et al., 

2015). Whilst we cannot rule out bacterial species acting to inhibit immunity in MSS-lo-CIRC patients, 

we find only 17 microbial species enriched in these MSS-lo-CIRC tumours in comparison to MSS-hi-

CIRC tumours. In contrast, 109 microbial species were significantly enriched in the MSS-hi-CIRC 

setting, suggesting a stimulatory effect on T-cell responses against MSS-hi-CIRC cancers. The method 

in which bacteria drive T-cell responses could be both direct, indirect, or, more likely, a mixture of 

both. However, it is likely that MHC Class II expression by IECs is central to these mechanisms. As 

covered briefly in the Chapter 3 discussion, the transfection of CIITA into MHC Class II negative 

tumour cell lines rendered these cells MHC Class II positive and rejectable by 92% of mice. 

Importantly, authors showed that the tumour microenvironment of these mice had increased 

infiltrates of CD4POS and CD8POS T-cells, and that IFNγ production was vital in the production of an 

anti-tumour response (Mortara et al., 2006). Increased IEC MHC Class II expression is dependent on 

environmental IFNγ. The source of this IFNγ can be many folds. CD8POS T-cells, CD4POS T-cells, natural 
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killer (NK) cells, NK T-cells, ILC1 cells, and γδ T-cells are all present within and around the IEC layer 

and have the capacity to produce IFNγ. IFNγ production by these cells, however, can be activated in 

both antigen-driven mechanisms, such as via innate immune receptors, or by exposure to 

inflammatory cytokines such as IL-18 and IL-12. Innate pathways are almost certainly at play, 

however, whether infiltrating antigen-specific T-cells are directed at any of the microbes enriched in 

the MSS-hi-CIRC setting is unclear.  

 

Findings indicating that Salmonella-mediated tumour clearance occurs in nude mice provided the 

first indications that tumour rejection could occur in a T-cell independent manner, although MHC 

Class II expression was still induced (Luo et al., 2001, Kaimala et al., 2014). Salmonella infection 

increases expression of vital inflammasome components, such as NLRP3, which increases 

supernatant concentrations of IL-1β, and mediates MC38 tumour clearance in murine models, 

providing a means of inflammasome-mediated clearance (Phan et al., 2015). Interestingly, we 

demonstrated that GBP5 was the most upregulated gene between MSS-hi-CIRC and MSS-lo-CIRC 

patients. Increased expression of GBP5, a suggested co-factor in promoting NLRP3-dependent 

inflammasome assembly in by IFNγ, supports the role of the inflammasome-mediated anti-bacterial 

responses in MSS-hi-CIRC tumours (Kim et al., 2016a), however, the role of GBP5 in this system 

requires further verification by IHC. Whilst these murine studies demonstrate the ability of innate-

mediated clearance, it is important to note that when T-cells are present in the host, they do induce 

a T-cell response upon the microbial-colonisation of tumours, providing the potential for a specific, 

anti-microbial, and intratumoural response (Koyama et al., 2019). 

 

Other studies have demonstrated a potential for anti-commensal T-cell responses in melanoma. As 

overviewed in the Chapter 5 discussion, the Samuels laboratory were able to isolate peptides from 

bacteria and demonstrate their ability to be presented as antigen, activate CD8POS responses, and 
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reduce tumour burden (Kalaora et al., 2021). In similarity to this study, and should fresh resection 

tissue be available, a similar methodology could be adopted here, however, the colon is prone to 

high contamination. Should this work be recapitulated in this setting, the need for various controls 

(no template PCR controls etc.) ensuring low contaminations are a priority. Given the sheer 

abundance of bacteria that the colon encounters it would not be surprising if a similar microbial-

antigen specific response is not occurring in this context. Furthermore, bacterial antigens may be 

able to elicit a response that is cross-reactive to otherwise lowly-expressing or low-efficacy tumour 

antigens. The concept of molecular mimicry, which is hypothesised to underpin the pathogenesis of 

various autoimmune diseases, suggests that microbial antigens share homology with weaker stimuli 

present on IECs. Multiple instances of potential molecular mimicry have now been described (Cusick 

et al., 2012), however, perhaps the most relevant here are those which are hypothesised to occur in 

gastritis, or in Crohn’s disease, although the self-antigen in the latter is undetermined. By isolating T-

cells from biopsies of H. pylori infected patients with autoimmune chronic gastritis (AIG), T-cells were 

shown to proliferate in response to both H. pylori lysate and peptides of the H+K+-ATPase abundant 

in the parietal cell canaliculi of the stomach. Interestingly, by cross-referencing peptides shown to 

induce responses in both settings, 20 H+K+ ATPase peptide sequences were shown to have homology 

to proteins from H. pylori, including LPS – a widely expressed protein by gram-negative bacteria 

(Amedei et al., 2003). These results demonstrate the potential for sequences derived from bacteria 

to have homology and even elicit responses to self-antigen. Interestingly, this concept has also been 

demonstrated in tumour models, and exploited to induce targeting of tumour associated antigens 

(Fluckiger et al., 2020, James and Bond, 2012, Boesch et al., 2021). It is entirely conceivable that 

tumour mutations may increase the significance of cross-reactivity from molecular mimic peptides, 

due to their altered antigenic sequence circumventing self-tolerance.  
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The issue of whether T-cells in MSS-hi-CIRC are directed at microbes and/or tumour antigens remains 

to be resolved. It is likely that an interplay of both mechanisms is occurring, and it is possible to 

envisage how a positive feedback loop might be established. Initial bacterial translocation could drive 

an IL-12 dependent activation of IFNγ production, and IFNγ then increases MHC Class II expression on 

the colonic epithelium. Increased MHC Class II expression allows for the presentation of cognate 

ligand to effector-memory T-cells that reside as an on-site population (Sathaliyawala et al., 2013). 

Whether this scenario represents microbial adjuntivisation of tumour antigen-specific responses 

purely through innate pathway activation, or alternatively via molecular mimicry involving T-cell 

responses induced to microbial antigen that then cross-react to tumour antigens, is important to 

understand. These questions could potentially be answered with the acquisition of fresh resection 

tissue and performing analyses analogous to those outlined in Kalaora et al., (2021). 

 

7.1.3 The link with obesity 

Whilst highly speculative, the link between SNPs found enriched in MSS-hi-CIRC patients in Chapter 4 

and obesity is an interesting area for further investigation. Obesity, defined as having a body mass 

index above 30, is an epidemic in the Western world. It imposes significant health tolls on an 

individual with a recent meta-analysis demonstrating that overweight individuals were twice as likely 

to developing cardiometabolic diseases than healthy weight counterparts. Moreover, individuals 

with class II (BMI between 35 and 39.9) or class III (BMI equal to or greater than 40) obesity were 15 

times more at risk of developing cardiometabolic disease (Kivimäki et al., 2017). This association 

extends to cancer. Current evidence names obesity as a major preventable risk factor for multiple 

different cancers, including CRC (Ma et al., 2013), gastric cancer (Chen et al., 2013), and endometrial 

cancer (Setiawan et al., 2013). Multiple possible mechanisms exist that could explain the increased 

risk of cancer with increasing obesity, however, perhaps the most relevant here are increased 

hormone production, and chronic low-level inflammation.  
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Adipose tissue generates high levels of various hormones. The sex hormone oestrogen is elevated in 

obese individuals, due to the adipocyte expression of aromatase – the enzyme responsible for 

conversion of androgens to oestrogen. An increase in the concentration of oestrogen, when not 

inhibited by the concomitant increased production of progesterone, will provide growth signals to 

the endometrium and lay the groundwork for cancer to develop (Rodriguez et al., 2019). Other 

hormones produced by adipocytes, such as leptin, have been shown to have a proliferative effect on 

multiple different cancer cell lines in vitro, such as gastric cancer and CRC cells (Schneider et al., 

2001, Hardwick et al., 2001). However, such proliferative action did not extend to an increase in 

tumour burden in ApcMin mice, despite the 2.4-fold increase in plasma leptin levels compared to 

non-leptin fed controls (Aparicio et al., 2005). Despite the lack of an effect in mice, a report from 

2004 demonstrated that human colon cancer increased in likelihood with increasing serum leptin 

concentrations. Furthermore, these risks were most pronounced for those cancers developing on the 

left side of the colon, and therefore, may increase the risk of MSS-based colon cancer (Stattin et al., 

2004). Finally, and perhaps most relevant here, obese individuals present with chronic low-level 

inflammation. Multiple reports have demonstrated a correlation between obesity and systemic 

increases in concentrations of pro-inflammatory cytokines, most notably IL-6 (Fontana et al., 2007, 

Illán-Gómez et al., 2012). By evaluating IL-6 plasma levels in obese patients after bariatric surgery, 

Illan-Gomez and colleagues demonstrated a substantial decrease in circulating IL-6 plasma levels in 

the 12-months post-surgery. Furthermore, they demonstrated a significant association of IL-6 levels 

and BMI. The increased expression of circulating IL-6 is implicated in the pathogenesis of a variety of 

diseases, however, notably in the development of gastric and colorectal cancers (Ellulu et al., 2017).  

 

The increased concentration of circulating inflammatory cytokines were not the only alterations 

associated with being obese, with numerous studies demonstrating organ-specific effects. High-fat 
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diets have been shown to have significant effects on gut transit time, but also the propensity for a 

‘leaky gut’. Attempting to recapitulate findings demonstrating increases in gut permeability in ob/ob 

mice, Teixeira and colleagues compared concentrations of lactulose and mannitol in the urine of lean 

and obese women (Cani et al., 2009, Teixeira et al., 2012). The study demonstrated a trend for an 

increased lactulose:mannitol ratio in the urine, concurrent with increased intestinal permeability in 

the obese group. An increase in gut permeability would not only allow paracellular passage of sugars 

as shown in the aforementioned study but would also be expected to enable increased bacterial 

translocation and changes in microbiota compositions, providing a means for initiation of intestinal 

inflammation. Consistent intestinal inflammation, as observed in obesity, in linked with the 

preferential bloom of certain phyla of bacteria. Under steady state, Proteobacteria makeup ~4.5% of 

bacteria in the gut. However, this phylum was seen to be expanded in children who ate high-fat diets 

(De Filippo et al., 2010). Interestingly, Proteobacteria seem to be one of the commensals most 

sensitive to environmental factors, such as diet. The Knight group, utilising PCR for the variable 

region of the 16s rRNA genes and multiplex sequencing, took snapshots of the microbiota over 396 

timepoints and demonstrated that Proteobacteria could increase (albeit transiently) to comprise up 

to 45% of the gut microbiome (Caporaso et al., 2011).  

 

Whereas one might conclude that Proteobacteria can cause inflammation in the gut, it is perhaps 

more likely that they thrive in the inflamed niche. Enterobacteriaceae, which are benign commensals 

in steady state, and members of the Gammaproteobacteria phylum, can use nitrates generated from 

host inflammatory responses as alternative electron acceptors, allowing them to prosper during 

inflammation, where they outcompete microbes reliant on fermentation for growth (e.g., Firmicutes 

and Bacteroidetes) (Shin et al., 2015). Interestingly, my data demonstrate an increased abundance of 

Gammaproteobacteria with a particular enrichment of Enterobacteriaceae in the MSS-hi-CIRC 

setting. As literature demonstrates the enrichment of these bacteria in that of both obese, and colitis 
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patients, I propose a mechanism, albeit highly speculative, about the aetiology of MSS-hi-CIRC 

cancers (Figure 7.1). 

 

7.1.1 The MSS-hi-CIRC hypothesis 

My proposed mechanism for aetiology of MSS-hi-CIRC cancers is outlined in Figure 7.1. The 

disruption of the colonic intestinal barrier, favoured by host factors (e.g., SNPs linked to leaky barrier 

function or obesity) and/or environmental factors (e.g., diet, and potentially downstream obesity), 

permits increased translocation of bacteria through the gut mucosa. Such increased bacterial 

translocation induces inflammatory responses, including the production of ROS and RNS. An 

environment high in ROS and RNS provides conditions that permit proliferation of anaerobic 

microbes, such as Proteobacteria. The inability to clear Proteobacteria because of ongoing 

inflammation, due to continued insult to the intestinal barrier (driven by host/environmental factors 

as above), provides a positive feedback mechanism which further exacerbates inflammation, leading 

to inflammation-induced cancer, and allowing for a Proteobacteria bloom. Cancer development and 

progression is accompanied by immunosuppressive mechanisms that limit immune cell mediated 

responses, impeding clearance of Proteobacteria. ROS and RNS produced by the immune system fail 

to induce genetic damage to the cancer due to the antioxidant effects of Proteobacteria in utilising 

these as fuel for respiration. This theory provides a mechanism in which initial bacterial translocation 

leads to a symbiosis between anaerobic microorganisms and cancer.
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Figure 7.1 – Schematic denoting the theory of MSS-hi-CIRC 
1) Disruption of barrier permeability via host or dietary factors allows for increased translocation 

of commensals 
2) On site immune system reacts to microbes, producing an environment rich in reactive oxygen 

species (ROS) and reactive nitrogen species (RNS) 
3) A ROS/RNS high environment selects for species best equipped to deal with these environments 

(Proteobacteria) 
4) Continued insult means inflammation is not resolved 
5) Increased ROS/RNS allows for the species best equipped to deal with ROS/RNS to bloom 
6) Adaptive immune system attacks bacteria, producing a highly inflammatory environment 
7) Chronic inflammation ensues from unresolved insult 
8) Chronic inflammation allows for malignant transformation of enterocytes (purple enterocyte) 
9) In response to highly inflammatory environment, the colonic epithelium increases MHC Class II 

expression (red molecule) 
10) Increased MHC Class II presentation provides a means for T-cell recognition. Potential MHC 

Class II antigen sources are: 
a. Microbial origin (species demonstrated in point 5) 
b. Tumour origin (not shown) 

Created with BioRender.com 
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Importantly, this theory is substantially testable. Central to this theory is the barrier disruption which 

acts as an initiating factor. H&E stains for a large cohort of CRC patients could be used to analyse 

barrier integrity, either directly by training pathologists, or alternatively by training AI algorithms 

detecting barrier breakdown. In the latter approach, by utilising annotated regions for crypt-like 

structures, we could measure the divergence from trained regions by utilising scores such as inbuilt 

probability scores when classifying objects (Visiopharm). Importantly, however, without the use of 

‘healthy’ controls, it would be difficult to distinguish cause and effect. Intestinal inflammation almost 

undoubtedly produces severe barrier disruption, and therefore, differences are unlikely to be 

visualised between MSS-hi-CIRC and MSI-H. In contrast, the use of ‘healthy’ samples may indicate 

these differences, albeit subtly. Should an increased barrier permeability be an initiating factor in 

MSS-hi-CIRC, we may expect an increase in barrier breakdown along the length of the colon, 

including in healthy regions. Whilst this may require high sample numbers to distinguish a difference, 

there are other factors which could lead to increased immune activation in the absence of complete 

barrier disruption. For example, a reduced mucus layer or a reduced distance between microbial 

commensals and the underlying epithelium would also increase immune activation and may provide 

surrogate readouts for increased commensal-activation of the immune system. The comparison of 

normal samples from donors would provide insight into whether a general increase in bacterial 

translocation is important, or whether it is the preferential bloom. Although investigated using the 

16s rRNA RNA scope data, which had inherent technical issues associated with it, we show no 

differences in bacterial abundance across the sample type (tumour or surrounding normal). 

Furthermore, it is conceivable that the increased permeability is not enough to cause a widespread 

increase in the abundance of bacteria, but preferential blooms of certain species that are 

widespread. These questions could be answered by utilising larger cohorts and 16s rRNA RNA scope 

probes directed to the Gammaproteobacteria phylum.  
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Whilst I suggest links to an increased BMI and high fat diets as common initiating factors in 

establishing MSS-hi-CIRC immunobiology, the involvement of an either an increased BMI or a high fat 

diet are not absolute requirements of this theory. The mechanism suggested here is somewhat 

analogous to that observed in smoking-induced cancer. Although a history of smoking is associated 

with the development of lung cancer, an individual does not need to be an active smoker for this to 

be linked. Interestingly, tobacco-use is linked with tumours with an increased mutation burden, and 

by extension an increased immune infiltrate. Somewhat perversely, in the era of ICB, smoking-

induced cancer has a better prognosis than sporadically developed lung cancer. A similar mechanism 

may be at play here, whereby a history of being overweight, or an increased consumption of high-fat 

foods cause chronic damage leading to CRC (or gastric cancer), but conversely may ultimately trigger 

relatively strong intratumoural immunity, which subsequently links with better prognosis. 

 

Central to this theory is the microbial adjuvantisation of T-cell responses in the MSS-hi-CIRC setting. 

Whilst the CIRC signature can delineate an increase in immune temperature in certain patients, it is 

not a spatially resolved signature and therefore cannot discriminate specific areas of high immune 

infiltration, of which we would expect with bacterial adjuvantisation. I would expect that areas of 

tumour with a dense immune infiltrate would have an increase in pathways relating to bacteria-

driven responses (i.e., inflammasome activation) relative to those areas with lower immune 

infiltrates. Our data using the GeoMx digital spatial profiling platform could elucidate such 

differences, however, unfortunately, due to time constraints and data troubleshooting issues, this 

experiment couldn’t be analysed in time for thesis submission. In brief, FFPE sections from the 

tumours of four cases each from the MSS-lo-CIRC, MSS-hi-CIRC, and MSI-H patient groupings were 

selected for spatial transcriptomics analysis. These sections were subjected to region of interest (ROI) 

selection in which we selected representative areas demonstrating varying characteristics. Of 

interest, ROIs included: (i) epithelial areas which contained high immune infiltrates, as defined as 
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CD3HIGHCD45HIGH and PanCKHIGH, (ii) epithelial areas with low immune infiltrates, as defined by CD3LOW 

CD45LOW and PanCKHIGH, as well as (iii) stromal regions with differing immune infiltrates (PanCKLOW). 

These areas were subjected to the Whole Transcriptome Atlas panel; as expected, high immune 

areas were notably rarer in MSS-lo-CIRC patient samples. These analyses, considering my hypothesis, 

could reveal pathways/transcripts that are upregulated in high immune epithelial areas compared 

with low immune epithelial areas within MSS-hi-CIRC patients. These could delineate potential 

pathways key to microbial-adjuvantisation of T-cell responses or, alternatively, those that prevent T-

cell action. 

 

7.1.2 Future directions 

Overall, this work has helped define factors that fuel an increased intratumoural infiltrate in MSS 

CRC. I suggest, albeit somewhat speculatively, a mechanism in which diet and possibly genetic factors 

could combine to influence barrier permeability and provide a niche for both tumour development, 

and adjuvantisation of intratumoural immunity. Importantly, I highlight key areas which should be 

prioritised for future experiments. The samples acquired by ANICCA collectively represent a cohort 

with a wealth of data attached. These comprise patients whose CRC has recurred after surgery, and 

assuming primary samples are accessible, would allow the answer for one of the most important 

questions to this work – why are MSS-hi-CIRC tumours not represented in recurrent CRC? Should the 

primary samples of ANICCA patients all demonstrate little-to-no MHC Class II expression then it is 

highly likely that the immunity in MSS-hi-CIRC is effective at containing the tumour, such that surgery 

is effectively curative. This has major implications for subsequent findings demonstrated in Chapter 

5, perhaps opening therapeutic interventions in MSS-lo-CIRC patients that aim to mimic this natural 

bacterial adjuntivisation of anti-tumour immunity. Secondly, the collection of fresh resection samples 

should arguably be prioritised with the aim of determining the antigen-specificity of T-cells. Should 

these analyses reveal a basis for microbial adjuvantisation then therapeutic interventions analogous 



 239 

to the BCG vaccine, or those utilising FMT manipulation could be beneficial for MSS-lo-CIRC patients. 

A pipeline which delivered fresh resection tissue could also be modified to ensure Carnoy fixing of 

samples, allowing the investigation of microbial distribution in mucus layers. Finally, and perhaps 

most easily, the abundance of Gammaproteobacteria in MSS-hi-CIRC samples should be quantified 

either by qPCR for sheer abundance or via designing a 16s rRNA RNA scope probe to specifically 

target Gammaproteobacteria for use in either singleplex or multiplex IHC.  

 



 240 

Chapter 8: Collaborative Statement 

All work in thesis was my own, other than: 

IHC staining of MHC Class II on the Genomics England cohort and RNA sequencing data (Toritseju 

Silo) 

Vectra 3.0 data from Ghaleb Goussous (originally performed by the BTA and the HBRC) 

Alignment of Genomics England whole genome sequencing data to genomes of bacteria, viruses, and 

archaea (Boris Noyvert) 

16s rRNA RNA scope staining (BTA and the HBRC) 
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Appendix 1 – The contribution of the 96 individual base changes to each of the five TCGA-COADREAD mutation signatures 
Appendix is in relation to Figure 2.2 & Figure 2.5. The frequency of the 96 individual base changes making up five mutation signatures are demonstrated. The 
top grid indicates the base change whereby C>A is a change of a cytosine to an adenine. The X axis indicates the flanking nucleotides whereby A.A are two 
adenine surrounding the base change of interest (for example ACA to AAA, ACC to AAC, cont.). The X axis repeats the same pattern (left to right - A.A, A.C, 
A.G, A.T, C.A, C.C, C.G, C.T, G.A, G.C, G.G, G.T, T.A, T.C, T.G, T.T) for each base change. The Y axis indicates the contribution of each change to the signature 
shown on the right (S1 = Somatic Signature 1).  
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Appendix 2 – Collection of violin plots demonstrating differences in Mutation signature contribution between TCGA-COADREAD subgroups 
Appendix is in relation to Figure 4.3. Five mutation signatures were delineated in the TCGA-COADREAD cohort using NMF decomposition. The contribution 
of each Somatic Signature to each patient was calculated as a fraction and compared across subgroups. Plots are organised by Somatic Signature. The 
number of patients belonging to each subgroup is shown in the Figure key. Statistical analyses used Kruskal Wallis tests. Pairwise investigations used 
Dunn’s tests. Only significant comparisons after Holm correction (pVal < 0.05) are shown. 
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Appendix 3 – Microbe genesets significant between MSS-hi-CIRC and MSS-lo-CIRC in the TCGA-COADREAD cohort 
Appendix relates to Figure 5.7. Genes differentially expressed between MSS-hi-CIRC and MSS-lo-CIRC in the TCGA-COADREAD cohort and GO terms relating to 
microbes were used as input. 38 pathways were found differentially enriched between MSS-hi-CIRC and MSS-lo-CIRC. Genesets were considered significant at an 
FDR < 0.05. FDR are rounded to 3 significant figures. Cytoscape group relates to the groups shown in Figure 5.7. 
NGenes = Number of Genes in the Geneset.  
Geneset Name NGenes FDR Direction Cytoscape Group 
GO:0071219 cellular response to molecule of bacterial origin 166 5.48e-20 hi-CIRC Response to Bacteria 
GO:0002237 response to molecule of bacterial origin 281 1.37E-17 hi-CIRC Response to Bacteria 
GO:0009617 response to bacterium 452 2.76E-17 hi-CIRC Response to Bacteria 
GO:0016045 detection of bacterium 12 6.65E-12 hi-CIRC Detection of Bacterial Product 
GO:0042742 defense response to bacterium 150 6.65E-12 hi-CIRC Response to Bacteria 
GO:0050830 defense response to Gram-positive bacterium 56 9.38E-11 hi-CIRC Response to Bacteria 
GO:0009615 response to virus 298 2.81E-09 hi-CIRC Response to Virus 
GO:0051607 defense response to virus 213 1.35E-08 hi-CIRC Response to Virus 
GO:0032490 detection of molecule of bacterial origin 11 1.01E-07 hi-CIRC Detection of Bacterial Product 
GO:0070339 response to bacterial lipopeptide 6 1.11E-07 hi-CIRC Detection of Bacterial Product 
GO:0071220 cellular response to bacterial lipoprotein 6 1.11E-07 hi-CIRC Detection of Bacterial Product 
GO:0071221 cellular response to bacterial lipopeptide 6 1.11E-07 hi-CIRC Detection of Bacterial Product 
GO:0032493 response to bacterial lipoprotein 8 1.71E-07 hi-CIRC Detection of Bacterial Product 
GO:0050691 regulation of defense response to virus by host 37 6.47E-07 hi-CIRC Response to Virus 
GO:0046718 viral entry into host cell 126 1.92E-06 hi-CIRC Regulation of Viral Entry/Activity 
GO:0002230 positive regulation of defense response to virus by host 28 2.35E-06 hi-CIRC Response to Virus 
GO:0050688 regulation of defense response to virus 62 3.18E-06 hi-CIRC Response to Virus 
GO:0046596 regulation of viral entry into host cell 35 6.16E-06 hi-CIRC Regulation of Viral Entry/Activity 
GO:0045071 negative regulation of viral genome replication 47 1.05E-05 hi-CIRC Regulation of Viral Entry/Activity 
GO:0048525 negative regulation of viral process 78 1.91E-05 hi-CIRC Regulation of Viral Entry/Activity 
GO:0019730 antimicrobial humoral response 78 1.97E-05 hi-CIRC Response to Bacteria 
GO:0050829 defense response to Gram-negative bacterium 42 2.46E-05 hi-CIRC Response to Bacteria 
GO:0001618 virus receptor activity 68 3.34E-05 hi-CIRC Regulation of Viral Entry/Activity 
GO:0019080 viral gene expression 197 4.13E-05 lo-CIRC Viral Gene Expression 
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GO:0061844 antimicrobial humoral immune response mediated by 
antimicrobial peptide 45 4.17E-05 hi-CIRC Response to Bacteria 

GO:0046598 positive regulation of viral entry into host cell 11 6.37E-05 hi-CIRC Regulation of Viral Entry/Activity 
GO:0019064 fusion of virus membrane with host plasma membrane 8 7.35E-05 hi-CIRC Regulation of Viral Entry/Activity 
GO:0039663 membrane fusion involved in viral entry into host cell 8 7.35E-05 hi-CIRC Regulation of Viral Entry/Activity 
GO:0019083 viral transcription 179 7.81E-05 lo-CIRC Viral Gene Expression 
GO:0050690 regulation of defense response to virus by virus 29 0.000251 hi-CIRC Response to Virus 
GO:1903900 regulation of viral life cycle 131 0.000564 hi-CIRC Regulation of Viral Entry/Activity 
GO:0019065 receptor-mediated endocytosis of virus by host cell 7 0.00272 hi-CIRC Regulation of Viral Entry/Activity 
GO:0075509 endocytosis involved in viral entry into host cell 7 0.00272 hi-CIRC Regulation of Viral Entry/Activity 
GO:0098586 cellular response to virus 58 0.00402 hi-CIRC Regulation of Viral Entry/Activity 
GO:0046597 negative regulation of viral entry into host cell 18 0.00561 hi-CIRC Regulation of Viral Entry/Activity 
GO:0075522 IRES-dependent viral translational initiation 11 0.00561 lo-CIRC Viral Gene Expression 
GO:1903901 negative regulation of viral life cycle 21 0.00561 hi-CIRC Regulation of Viral Entry/Activity 
GO:0019081 viral translation 16 0.00810 lo-CIRC Viral Gene Expression 
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Appendix 4 – 16s rRNA staining across positive and negative controls 
Appendix relates to Figure 5.5. Comparison of positive and negative controls for 16s rRNA RNAscope 
probe demonstrated no differences in intensity of staining. 
Mann Whitney Tests were used for comparison. P-value = 0.383, CI95% [-0.93, 0.36], nsamp = 6. 
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Appendix 5 – 16s rRNA staining between normal colon and tumour 
Comparison of tumour with adjacent healthy colon tissue demonstrates no differences in intensity of 
16s rRNA RNAscope probe staining. 
Statistical analysis used a Kruskal-Wallis test, p-value = 0.244. CI95%[0.12, 1]. Pairwise investigations 
used Dunn’s test. All comparisons are shown after Holm correction. Intra-subtype comparisons between 
normal and tumour slides were performed. Total number of samples = 43. MSI-H Normal – 7.95, MSI-H 
Tumour – 7.27, MSS-lo-CIRC Normal – 8.90, MSS-lo-CIRC Tumour – 7.22, MSS-hi-CIRC Normal – 8.23, 
MSS-lo-CIRC Tumour – 7.87. 
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