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Abstract 

I set out to investigate whether common germline variance associated with 

colorectal cancer (CRC) risk can influence the somatic mutational landscapes of CRC. 

Some Mendelian cancer syndromes, such as Lynch syndrome (LS) and MUTYH associated 

polyposis, associate with defined mutational landscapes and this association can be 

functionally informative. In this thesis I investigated instead the influence of common 

risk variants such as those identified by GWAS approaches, the functional impacts of 

which are currently imperfectly understood. 

I identified 8 CRC risk loci for investigation that also exhibited eQTL effects in normal 

colorectal mucosa. Comparisons of tumour mutational loads at each of these showed a 

significant relationship with the SMAD9 (rs493248) locus and this locus was selected for 

further investigations. These revealed a relative depletion of highly mutated 

microsatellite instable (MSI) tumours on the risk allele background. This was verified in 

a meta-analysis of 5 independent cohorts (OR=0.73, 95%CI 0.63-0.86, p=1x10-4). 

Separate case-control studies for MSI and microsatellite stable (MSS) CRC risk at the 

SMAD9 risk locus indicated that the risk allele associated specifically with MSS CRC risk. 

A corresponding lower risk was demonstrated for MSI CRC (LS excluded) and suggested 

instead a protective association for this subtype. The latter was not significant, however 

this comparison lacked statistical power.  

I further explored two mechanistic hypotheses for these observations. SMAD9 forms 

part of the Transforming Growth Factor Beta (TGFb) signalling pathway, with tumour 

suppressive functions in early CRC. I suggested that the eQTL may selectively favour 

tumours with or without further mutations of TGFb signalling dependent on SMAD9 

expression. The correlation with MSS and MSI CRC would come about since these 

tumours tend to regulate this pathway differently. Comparison of mutations in CRC 

driver genes demonstrated a correlation of TGFb signalling mutations with the SMAD9 
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locus but lacked causal support. Subsequent knock-down of SMAD9 in MSI and MSS cell 

lines did however not indicate a proliferative advantage for MSS CRC. Secondly, I 

suggested a possible alternate role for SMAD9 risk variance in increasing DNA mismatch 

repair activity. Comparison of single base substitution signatures showed a depletion of 

DNA mismatch repair signatures among MSS tumours from risk allele carriers. This 

appeared to support my second hypothesis although results require replication. 

In conclusion, I discovered a robust correlation between CRC microsatellite instability 

and variance at the SMAD9 CRC risk locus and eQTL. This contributes to our functional 

understanding of this locus and the genetic basis of CRC susceptibility. 
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Lay Summary 

Every year in the UK more than 40,000 people are diagnosed with cancer of the 

bowel. Many cases could be prevented by following a healthier lifestyle. However, our 

genes can also affect our chances of getting bowel cancer. Currently we do not yet fully 

understand how this works.  

Our genes are inherited from our parents and contain the instruction for building our 

bodies. These instructions are largely similar between people since we all follow the 

same blueprint as human beings. However, we are also born with many small changes 

that make everyone different from each other. Bits of our genes where people are 

different are called ‘variants’. Some variants may influence things like hair or eye colour. 

Most of them have no impact on our health. That said, a few variants can affect our risk 

of developing certain diseases, like bowel cancer for example. Mostly they only affect 

our risk by a little bit. 

In this work I investigated several variants which we know increase the chances of 

getting bowel cancer. I discovered that one of the variants, in a gene called SMAD9, could 

also influence the type of bowel cancer people got. Bowel cancer can be split into two 

types, one type is more common than the other. The two types also have different 

prognoses and can respond differently to certain drugs. People who had the variant in 

SMAD9 were more likely to get the common type of bowel cancer. At the same time, 

those people seemed to be protected against getting the other type of bowel cancer. 

This was an important observation because it helps us understand why bowel cancer can 

affect people differently. 

I also investigated how the SMAD9 variant was able to do this by comparing bowel 

cancers from people who did and did not have the variant. I compared the genetic 

damages or ‘mutations’ which had developed in their cancers and looked for clues about 
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what the variant might be doing. This resulted in two theories but did not give a definite 

answer. 

My work supports the idea that differences in peoples’ genes influence the types of 

bowel cancer they could get. This has implications for research into personalized cancer 

treatments and prevention strategies. 
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 Introduction 

In this thesis I set out to investigate the relationship between germline common 

genetic variance underlying colorectal cancer (CRC) risk and the somatic mutational 

landscape of CRC, with the purpose of understanding the functional impact of risk 

variants. I chose to investigate variants also correlating with the expression of genes in 

normal colorectal mucosa (eQTL) as a functional link to the tissue of origin. From this 

investigation I identified a significant association between common variance at the 

SMAD9 CRC risk locus and tumour microsatellite instability. The main thrust of this thesis 

is dedicated to exploring the nature of this association and to functional investigations.  

This introduction begins with a discussion of the rationale behind my primary 

investigation of common risk variance in relation to the somatic landscape. To introduce 

the functional investigations of SMAD9, an introduction to the molecular pathology of 

CRC is first required. This includes a description of the role of the transforming growth 

factor beta (TGFb) signalling pathway in CRC, which SMAD9 is a part of, and which is 

central to my further hypotheses. I also introduce the concept of microsatellite instability 

and the key differences between microsatellite stable (MSS) and microsatellite instable 

(MSI) CRC, with particular emphasis on TGFb signalling. To conclude this chapter, I 

present my hypotheses and research questions.  

 

Colorectal cancer is the third most common cancer worldwide, with an incidence of 

over 1.8 million, and was responsible for nearly 900,000 deaths in 2018 (International 

Agency for Research on Cancer [IARC], 2018). The incidence of CRC is increasing in line 

with socio-economic developments and is believed to be a product of changing 

environmental risk factors, such as sedentary lifestyles, obesity, the increased 
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consumption of processed foods, meat and alcohol, and overall longevity (M. Arnold et 

al., 2017; Rawla et al., 2019). The incidence of CRC is highest in developed nations but is 

stabilizing in these regions and mortality is reducing. In the UK mortality has decreased 

by 44% since the 1970s (Cancer Research UK [CRUK], 2017), mostly due to improved 

surgical and anaesthetic techniques as well as earlier detection which is associated with 

a better outcome.  

 

The greatest impact on CRC risk is caused by environmental factors. A study using 

samples from the UK Biobank estimated that over half of cases in the UK (54%) are 

preventable (M. Muñoz et al., 2016). Nevertheless, heritable genetics do contribute to 

risk of developing CRC, and studying this is important for understanding the molecular 

differences which predispose some individuals to developing disease whilst others are 

more resistant. Studying genetic risk also enables us to stratify higher risk individuals for 

more intensive screening, and potentially for targeted prophylactic treatments. For a 

small fraction of CRC cases, disease is caused by high-risk, familial cancer syndromes, 

such as Lynch syndrome (LS). However, in most cases genetic predisposition to CRC is 

highly polygenic and largely due to common risk variants such as those discovered in 

genome wide association studies (GWAS). It is this common variance that is the subject 

of this thesis.  

Familial clustering of disease is common, and a number of studies have shown that 

first degree relatives of CRC patients have a relative risk which is 2 to 3 fold higher than 

those without a family history of CRC (Burt, 2000). Various estimates of CRC heritability 

have been proposed using different methods, from twin based studies e.g. 35%, 

95%CI=10-48% (Lichtenstein et al., 2000), family-based studies 13%, 95%CI=12-18% 

(Czene et al., 2002), and genome-wide SNP based methods 7.42%, 95%CI=4.7-10% (Jiao 

et al., 2014). These studies report a range of estimates and it is probable that the true 
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effect size of CRC heritability lies somewhere within this range. Higher values may have 

been subject to overestimation since some family based-methods did not account for 

shared gene-environment interactions. The aforementioned UK Biobank study of self-

reported disease accounted for shared familial environmental factors and estimated 

heritability of CRC to be 24%, 95%CI=21-26%, using structural equation modelling (M. 

Muñoz et al., 2016). This represents a reasonable estimate for the true effect size of the 

heritable component for CRC risk. Half of this was accounted for by a SNP based 

estimate. 

 

Genome wide association studies have gone some way to identifying the genetic 

variants which contribute to CRC heritable risk. The GWAS Catalog currently lists 136 

SNP-trait associations with a genome wide significance of p ≤ 5.0x10-8 for CRC and CRC 

related traits, such as metastatic disease and survival (Buniello et al., 2019). In a study 

which used whole genome sequenced samples to impute rare risk variants for GWAS, it 

was estimated that autosomal variants explained 21.6% of the variation in liability for 

CRC. This seems to explain most of the estimated heritability, and around half of this was 

reported to be due to common variants (Huyghe et al., 2019). This suggests that the 

discrepancy between the predicted heritability and the variance in phenotype 

attributable to discovered risk variants, often referred to as the ‘missing heritability’, 

does not appear to be large. 

The remaining missing heritability may be explained in part by an underestimation of 

the effect sizes for known CRC risk loci, due to their interaction with environmental 

factors (GxE effects) (Manolio et al., 2009; M. Muñoz et al., 2016). Several studies have 

demonstrated GxE interactions for CRC risk variants, with variables such as aspirin use, 

smoking, exercise and alcohol and vegetable consumption (Hutter et al., 2012; Song et 

al., 2017, 2019). Although, it should be mentioned, that evidence for GxE interactions at 
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common CRC risk loci is currently not abundant (T. Yang et al., 2019). Gene by gene (GxG) 

interactions are another factor which may lead to an underestimation of the effect size 

at risk loci, and have been described for CRC (Jiao et al., 2012). Other possible sources 

for missing heritability include large numbers of yet undiscovered variants with small 

effect sizes. The discovery of such variants has motivated GWAS with increasingly larger 

sample sizes. On the other hand, rare variants with potentially large effect sizes, may 

have been missed by conventional GWAS allele frequency cut-offs. 

In conclusion, the missing heritability for CRC risk is not estimated to be large and we 

are currently in a position where we believe that a reasonable proportion of common 

risk variants have been discovered. However, for the most part the mechanisms by which 

these variants convey their risk remain poorly defined, investigating this is one of the 

aims of this work.  

 

A small proportion of colorectal cancers are attributable to heritable familial risk 

syndromes. These account for less than 5% of all colorectal cancer cases, however for 

affected individuals carrying such a variant, it conveys a high lifetime risk of disease and 

CRC tends to manifest at a younger age than sporadic disease. The most common familial 

causes are LS, (also previously known as Hereditary Non-Polyposis Colorectal Cancer 

[HNPCC]) and Familial Adenomatous Polyposis (FAP). Other examples include MUTYH-

associated polyposis (MAP), Juvenile polyposis and Peutz-Jeghers syndrome (Burt, 2000; 

Jasperson et al., 2010). Though rare heritable syndromes were not the main motivation 

of this work, a summary of LS is included here to provide context for my investigations 

of the SMAD9 risk locus as a potential modifier of LS. Additionally, LS represents an 

example of germline risk variance which associates with a specific somatic mutational 

landscape. 
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Lynch syndrome accounts for 2-3% of CRC cases, and about half of all CRC cases 

caused by familial syndromes. It is an autosomal dominant disorder with variable 

penetrance; cumulative incidence of CRC in LS is between 10% and 46% at 70 years of 

age, depending on the causal gene as well as patient gender (Møller et al., 2017). 

Endometrial, ovarian, gastric, and small intestinal cancers are also more common among 

individuals with LS. Carriers typically develop CRC earlier, at an average age of 45 years 

compared to sporadic tumours which are generally considered a disease of older age 

with an average age at diagnosis at 63 years (Lynch et al., 2009).  

The recognition that tumours caused by LS associate with a characteristic somatic 

mutational landscape, namely microsatellite instability, developed from an initial 

comparison of CA dinucleotide repeats [(CA)n], between LS and sporadic colorectal 

tumours. It was observed that in the LS tumours these repeats were frequently affected 

by insertion and deletion mutations and these were termed ‘replication errors’. The 

replication errors were present in most LS tumours but only in a few sporadic CRCs 

(Aaltonen et al., 1993). Recognition of this replication error phenotype in the LS tumours 

led to the discovery of the underlying causal defect, which is of germline DNA mismatch 

repair (MMR). Eventually the causal genes were also identified. 

We now understand that LS is caused by a germline variant in one of four DNA MMR 

genes: MLH1, MSH2, MSH6 or PMS2. The first two are responsible for the majority of 

cases. Somatic loss of the remaining functional gene copy disables the cell’s ability to 

carry out routine repair of DNA replication errors, which are introduced during cell 

division. Loss of this function results in mutations, particularly insertions, deletions, and 

point-mutations, which accumulate over multiple divisions including in CRC driver genes 

and result in neoplastic transformation. The mutational loads generated by this process 

are characteristically high; rates of mutations in MMR deficient cell lines are shown to 
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be 100-1000 times higher than MSS cell lines (Bhattacharyya et al., 1994). A study 

comparing the types of mutations between MMR proficient and MMR deficient tumours 

demonstrates how this mutational mechanism directly drives neoplastic transformation. 

APC is a well-recognized CRC driver gene, regarded as the gatekeeper to neoplastic 

transformation. Mutations of this driver gene occur at roughly similar frequencies 

between MMR proficient and MMR deficient tumours. However, in the latter the 

mutations were shown to be largely short indels or specifically C>T point mutations (J. 

Huang et al., 1996). This was characteristic of DNA MMR deficiency  and demonstrated 

how this directly drove transformation.  

Replication errors preferentially accumulate at short repetitive regions which contain 

repeats of one or more nucleotide sequences (microsatellite repeats). This is due to their 

repetitive nature and the propensity for polymerase slippage during replication at these 

sites. When multiple repeats become affected a tumour is termed MSI. Microsatellite 

instability is therefore a direct result of MMR deficiency and observed in nearly all LS 

associated tumours. However, not all MSI tumours are caused by LS; around 15% of 

sporadic tumours also demonstrate this molecular phenotype. In sporadic tumours, MSI 

is caused by an acquired somatic rather than germline deficiency of MMR, usually 

methylation of the MLH1 promoter (Herman et al., 1998).  

Microsatellite instability status is ascertained clinically by screening 5 microsatellites 

known as the Bethesda panel. Tumours are then classified as microsatellite stable (MSS), 

MSI-Low (MSI-L) or MSI-High (MSI-H) dependent on the number of microsatellites 

differing between somatic and germline. Only MSI-H tumours are associated with MMR 

deficiency. Immunohistochemistry (IHC) for expression of MMR genes on 

histopathological samples is also used instead of MSI testing to screen for LS, or 

sometimes to complement it. A diagnosis of LS is confirmed through sequencing of DNA 

MMR genes; however, the identification of a causal variant is not always straight-
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forward, with many variants being assigned "variants of uncertain significance" 

(Rasmussen et al., 2012). 

Management of LS involves screening such as colonoscopy, which is intended to 

diagnose polyps or tumours earlier when they are better treatable. Screening frequency 

may be tailored by variant gene, gender, and age. Independent genetic risk modifiers are 

of interest because they may be used to better inform screening frequency, but also 

because they may identify specific preventative and therapeutic targets. To date only a 

few candidate modifiers have been proposed. These include variants in genes associated 

with carcinogen clearance, cell cycle control and other DNA repair pathways. Insulin like 

growth factor 1 has been proposed since it harbours a (CA)n repeat which correlates with 

its expression. MTHFR has been proposed for its role in thymine production; deficiency 

of which is related to single and double strand breaks (Talseth-Palmer et al., 2013). These 

candidate modifiers still require robust replication and the search for such variants 

continues.  

In this thesis I investigated variance at the SMAD9 locus as a potential modifier for 

LS. This is because I had observed a correlation at this locus with tumour MSI status, and 

MSI is one of the hallmarks of LS. 

 

Functional interpretation of most complex trait GWAS risk variants remains 

challenging, in part because most common variants do not directly disrupt protein coding 

regions. Identifying the functional gene and the effect tagged by a risk locus is not always 

straight forward. Nevertheless, many common genetic variants associated with human 

traits do influence gene expression; they tend to be enriched within regulatory regions 

and exert effects as eQTL(Maurano et al., 2012; Nicolae et al., 2010). This can be used to 

associate these risk variants to a functional effect in target tissue. An important caveat 
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of course is that correlation does not necessarily imply a causal relationship. 

Nevertheless, it seems plausible that many common risk variants exert their influence 

through regulation of gene expression. In this thesis I confined the search for risk 

variance influencing tumour mutational landscapes to variants with eQTL effects in 

normal colorectal mucosa. In this way I used risk variance to represent the expressional 

landscape in the tissue from which the CRC arose. 

Heritable variance  of gene expression is common; it is estimated that the expression 

of 86% of all known autosomal protein coding genes correlates with nearby genetic 

variance (Aguet et al., 2017). A reasonable proportion of the variability in expression of 

these genes is also determined genetically. In blood it was shown that the proportion of 

heritable gene expression explained by cis-eQTL was 37% (Price et al., 2011). This 

suggests that for most genes, expression is influenced genetically to some degree. The 

exploration of GWAS risk variants by integrating gene expression has become 

popularized by methods such as SMR & HEIDI (Zhu et al., 2016), and transcriptome-wide 

association studies; TWAS (Gusev et al., 2016). These studies leverage genetically 

determined gene expression from eQTL analysis and combine this with GWAS risk 

associations to identify gene-phenotype associations.  

An example of a risk variant functioning through cis-regulated gene expression is the 

SHROOM2 risk locus for CRC, tagged by the lead SNP rs5934683. This risk variant, located 

on the X chromosome, was discovered by the host research group in 2012 through a CRC 

GWAS meta-analysis (Dunlop et al., 2012). The lead SNP appeared to be situated within 

the distal promoter region of SHROOM2 and calculation of eQTL in normal colorectal 

mucosa showed that rs5934683 correlated robustly with lower expression of SHROOM2 

(p=1.3×10−7). Subsequent deletion of SHROOM2 in a murine model by McBride (2016) 

has demonstrated a striking  CRC relevant phenotype; in subsequent work by the group 

more than a third of male knockout animals were affected with rectal adenomas after 7 

months of age (unpublished work from the host lab). This demonstrates the relevance 
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of genetically determined gene expression in the normal tissue associated with this risk 

locus. 

Numerous other studies also report instances of eQTL correlating with cancer 

susceptibility or survival. For example, in two separate studies Ju et al. (2009, 2010), 

showed that rs869736 and rs2227692 correlated with the expression of PTPRCAP and 

SERPINE1 in lymphoblastoid and gastric cancer cell lines respectively, and that these 

variants also associated with the susceptibility for diffuse type gastric cancer. In another 

study, multiple eQTL variants were found to correlate with overall survival in 

glioblastoma patients (Q. R. Chen et al., 2014), and in a study of chemotherapy treated 

breast cancer patients, rs6500843 correlated with the expression of CM3 and CENPM, 

and also influenced survival (Fagerholm et al., 2015).  

In summary, although the functional effects at most CRC risk loci identified to date 

are incompletely understood, tackling these investigations through effects on gene 

expression can provide a functional link in target tissue. 

 

CRC is often considered a single disease entity, but considerable heterogeneity exists 

between tumours. Clinically this is evident through differences in disease progression 

and responses to treatment. To optimize clinical decision making and inform patients on 

prognosis, various classifications are used to stratify patients, for example disease 

staging and histopathological grading are routinely used. Tumour microsatellite 

instability, mutation of key driver genes such as RAS and BRAF (V600E variants), or 

evidence of a family history can also be used to stratify patients (National Institute for 

Health and Care Excellence [NICE], 2020), although not necessarily all of these are 

determined in all cases. 
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The variation in the mutational landscapes observed in CRC extends beyond 

microsatellite instability status and the mutation of key driver genes. This is well 

demonstrated by a study describing the Consensus Molecular Subtypes 1-4 (CMS) of CRC, 

in which 4 classifications were defined based on tumour gene expression (Guinney et al., 

2015). The authors described distinct molecular pathways and processes which 

predominated in different subtypes, and associated these with the likelihood of 

variations in driver gene mutations and clinical outcomes. For example, tumours of the 

CMS1 subtype were described as hypermutated, MSI, but had a low prevalence of 

somatic copy number alterations (SCNA); CMS2 tumours had marked WNT and MYC 

signalling activation and frequent SCNA affecting CRC driver genes; CMS3 was 

characterized by metabolic dysregulation, with frequent KRAS mutations; and CMS4 

tumours frequently demonstrated activation of TGFb signalling, stromal invasion and 

angiogenesis and were also associated with the least favourable overall survival. This 

demonstrates the variation in somatic molecular pathologies within CRC.  

The nature of the mutations observed in CRC can themselves also differ between 

tumours. Variations in the types of mutations are more comprehensively illustrated by 

studies of mutational signatures (Alexandrov et al., 2020). This field has further 

demonstrated the heterogeneity that exists between and within cancers, but also that 

studying the nature and types of mutations found in tumours can give insight into 

differing underlying pathologies. The simplest form of mutational signatures are single 

base substitution signatures (SBS). These are defined by the relative prevalence of a 

particular base pair substitution within the nucleic context of the up and down-stream 

flanking base pairs. For example, SBS1 is characterized by C>T substitutions at NCG 

trinucleotides. SBS1 is thought to be due to an endogenous mutational process, which 

results from cytosine deamination and is also related to age at diagnosis (Alexandrov et 

al., 2015). Signatures can indicate specific underlying endogenous but also exogenous 

pathological processes important in the development of the cancer. For example, SBS6, 
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SBS14, and SBS20 are commonly found in MSI tumours and indicate DNA MMR 

deficiency. Cutaneous melanomas commonly demonstrate evidence of exogenous 

mutational influences in the form of high levels of signatures resulting from ultra-violet 

radiation, which is instrumental in their formation (Alexandrov et al., 2020; Tate et al., 

2019; Zehir et al., 2017). Other mutational signatures, including doublet base 

substitutions, and small structural (small insertion and deletion) signatures have also 

been described, and vary between cancer types (Alexandrov et al., 2020). A breakdown 

of the mutational signatures within samples from The Cancer Genome Atlas (TCGA) 

demonstrates that within colorectal tumours, heterogeneity in mutational signatures 

also exists (Figure 1.1). 

 

Figure 1.1 Mutational signatures in CRC. Five most prevalent signatures in 367 colon and 
rectal adenocarcinomas from The Cancer Genome Atlas, demonstrating heterogeneity 
within CRC. Stacked bar graph showing proportion of mutations attributable to 
signature. Signatures with contributions weighted less than 0.6 were not included, hence 
bars do not stack exactly to 1.0. Samples have been clustered hierarchically along the x-
axis according to signature composition. 

Stratification of tumours in terms of molecular pathology and mutational landscapes 

can be useful in the research setting to understand the differences between individual 
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tumours. Studying tumour subtypes in relation to germline genetics may lead to a better 

understanding of the impact that heritable risk factors have in these tumours. It may also 

aid the development of targeted or ‘personalized’ prophylactic and therapeutics 

strategies. 

 

The relationship between heritable risk variance and tumour mutational landscape 

is better understood in the context of Mendelian cancer syndromes. The example of 

Lynch syndrome and microsatellite instability was discussed in Section 1.2.2.1. Another 

example in CRC is MUTYH-associated polyposis. This was discovered as a result of an 

investigation into multiple tumours from a family with an undiagnosed syndrome. 

Sequencing of the tumours revealed a high proportion of somatic G:C→T:A 

transversions. This mutational phenotype had previously been observed in bacteria and 

yeast in association with base excision repair (BER) deficiency. Sequencing of the human 

orthologues of the causal genes led to the discovery of MUTYH-associated polyposis (Al-

Tassan et al., 2002). Absence of MUTYH function disabled BER at sites of oxidative DNA 

damage. In this example, the investigation of a mutational pattern again identified the 

underlying pathology which led to the CRC.  

An example in a different cancer type comes from Nik-Zainal et al. (2012, 2016), who 

showed with whole genome sequencing of breast cancers that certain mutational 

signatures were significantly associated with BRCA1 and BRCA2 variants. These variants 

can be inherited or somatically acquired, nevertheless the signatures are symptomatic 

of the resultant deficiency in DNA double strand break repair by homologous 

recombination. Since then it has been demonstrated that the presence of these 
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signatures can even be used to predict the functional loss of this repair system (Davies 

et al., 2017).  

Apart from Mendelian inherited cancer syndromes, many studies demonstrate that 

common or low-penetrance germline variance can also influence various somatic 

features. Feigelson et al. (2014), in their review of 160 studies spanning 18 cancer types, 

cite numerous examples of germline and tumour somatic interactions. For example, 

GWAS risk variants associating with lung cancer histological subtypes (Kazma et al., 

2012), TP53 variants in Li Fraumeni syndrome associating with chromothripsis in 

medulloblastoma (Rausch et al., 2012) and EGFR polymorphisms associating with exon 

19 microdeletions in lung tumours (Liu et al., 2011). Another study investigated organ 

transplant recipients. These patients are at an increased risk of developing multiple 

cancers due to long-term immunosuppressive treatments. In transplant patients with 

multiple squamous cell carcinomas which had independently arisen, tumours from the 

same patient tended to have a greater similarity in copy number alterations than 

tumours from different patients (Dworkin et al., 2010). The authors proposed the 

constitutional genotype from which these tumours arose to be the cause for this 

observation.  

With the advent of widely available and increasingly affordable sequencing 

technologies, there has been an interest in broader approaches to correlate somatic 

outcomes with germline variance. For example, in a study of multiple cancers, 28 

germline loci were identified which correlated with mutation rates in common cancer 

genes (Carter et al., 2017). In another study, GWAS risk variants associating with 

expression in both normal and tumour tissue, as germline and somatic eQTL, were shown 

to correlate with tumour mutational phenotypes, including the number of driver gene 

mutations and somatic mutational signatures in various cancers (Z. Chen et al., 2019). 

Germline genomic signatures have also been shown to associate with cancer risk, as well 

as driver gene mutations, somatic signatures, and clinical outcomes (Feng et al., 2019). 
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These studies demonstrated broad correlations between germline and somatic variance. 

They mostly combined pan-cancer data, presumably because the larger sample size 

improves power, however they lose the specificity of a single tissue analysis. In this work 

I restricted my analysis to colorectal cancer and eQTL in the tissue of origin; the normal 

colorectal mucosa. 

 

From my initial investigations of risk variance with somatic mutational landscapes, I 

discovered an association between the SMAD9 risk locus and eQTL, and CRC 

microsatellite instability. As part of further investigations at this locus I focused on the 

comparison of mutations in driver genes and pathways, in particular of the TGFb 

signalling pathway due to its association both with microsatellite instability and with 

SMAD9. The following sections introduce the molecular pathology of CRC and TGFb 

signalling. 

Cancer can be defined as the abnormal and uncontrolled growth of cells. This results 

from a disruption of genetic control of proliferative processes and is associated with 

somatically acquired mutations.  Benign cancers do not invade surrounding tissues or 

metastasize. When this does occur, a cancer is classed as malignant. Colorectal cancer is 

defined as a malignant growth of the colon or rectum. Most CRCs are classed as 

adenocarcinomas, meaning that they are malignant growths of glandular origin. These 

originate from the epithelial crypt cells that line the large intestine or rectum (Cancer 

Research UK., 2018). 

 

Polyp formation is the first step in progression to adenocarcinoma. In these early 

colorectal adenomatous lesions, there is dysregulation of WNT signalling caused by 
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inactivation of APC or activation of beta-catenin (CTNNB1). This is seen in around 80% of 

CRC (Segditsas & Tomlinson, 2006). Progression to a cancerous phenotype is a slow 

process and is estimated to take 10 years or more. Also, not all adenomatous polyps 

progress; on average 5% of adenomas become cancerous (Morson, 1976). More recent 

rates are difficult to estimate since such polyps are often removed preventatively during 

screening. Individuals with previous polyps are at a higher risk of developing future 

bowel cancer. Occasionally microscopic foci of malignant disease are found within polyps 

and these likely represent the first progression to malignant transformation.  

The currently accepted genetic model for colorectal tumorigenesis was put forward 

by Fearon & Vogelstein (1990). They suggested a successive accumulation of driver gene 

mutations through waves of clonally expanding cell populations. Each mutation event 

corresponded to a stage in cancer progression from normal epithelium through to 

adenoma, carcinoma and finally metastasis. By observing the frequencies of these events 

at each stage they determined the likely order that these changes had occurred. They 

suggested that at least 5 or more genetic events were required for an invasive 

phenotype, although the total accumulation was more important than the order in which 

they occurred. Later, the key driver genes and mutations corresponding to the 

chromosomal regions they described have become better characterized and 

understood.  

Firstly, WNT signalling is disrupted in more than 90% of sporadic CRC. This occurs 

commonly through biallelic inactivation of APC or activating mutations of CTNNB1, 

mutations of these genes is seen in around 80% of CRC cases (Muzny et al., 2012). 

Mutation of APC is observed early on in CRC tumorigenesis (Powell et al., 1992). 

Secondly, RAS/MAPK signalling is mutated in just over half of colorectal cancers with 

frequent activating mutations occurring in KRAS, NRAS or BRAF. These mutations follow 

a significant pattern of mutual exclusivity (Muzny et al., 2012; Bos et al, 1987; Forrester 

et al., 1987) and are associated with progression in adenomas larger than 1cm 
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(Vogelstein., 1988). Further deactivation of TGFb signalling occurs through mutation of 

genes such as SMAD4, SMAD3, SMAD2 or TGFBR2, and is associated with malignant 

transformation (William M Grady et al., 1998). Lastly, mutation or deletion of TP53 is 

frequently associated with adenocarcinomas (75%), but not with adenomas (Vogelstein 

et al., 1988; Delattre et al., 1989). 

 

The TGFb signalling pathway is a complex network of receptor and SMAD signalling 

which regulates processes including proliferation, apoptosis, differentiation, and 

metastatic behaviour in cancer cells. The specific function of the pathway depends on 

cellular context and it is likely that receptor expression in different tissues and availability 

of different molecular isoforms are responsible for tissue specific effects. The accepted 

consensus is that in normal colonic epithelial cells and early cancer tissue TGFb signalling 

is generally inhibitory, although later in the neoplastic process TGFb activation may 

contribute to progression and metastasis (Jung et al., 2017; Ning et al., 2019). 

The TGFb signalling pathway is activated through binding of ligands to type 2 

serine/threonine kinase receptors on the cell surface. This causes the phosphorylation 

and activation of type 1 receptors, which in turn phosphorylate a cascade of SMAD 

proteins converging at the common SMAD4 (Figure 1.2). Type 1 receptors have 

specificity for certain SMAD proteins and are further regulated by the availability of type 

2 receptors in the tissue. The SMAD family of proteins is made up of 8 members: 

SMAD1,2,3,4,5,6,7 and 9 (SMAD9 is also often referred to by various aliases, including 

the former gene symbols MADH9 and sometimes confusingly SMAD8). SMAD1,2,3,5 and  
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Figure 1.2 The transforming growth factor beta (TGFb) signalling pathway. Adapted 
from Gastroenterology, vol 152(1), Jung, B., Staudacher, J. J., Beauchamp, D. 
Transforming Growth Factor β Superfamily Signalling in Development of Colorectal 
Cancer, pages 36-52. Copyright (2017), with permission from Elsevier. (The original figure 
uses the SMAD8 synonym for SMAD9). The SMAD9 eQTL illustrates the relationship 
between alleles, expression and GWAS risk.  
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9 are regulatory SMADs and SMAD6 and 7 are inhibitory. The common endpoint is 

SMAD4 phosphorylation and its complex formation with a regulatory SMAD (one of 

1,2,3,5,9). SMAD4 phosphorylation is required for translocation into the nucleus and 

subsequent transcription of target genes (Roelen et al., 2003). The bound regulatory 

SMAD and other cofactors results in specific DNA binding and target gene activation 

(Massagué et al., 2005).   

SMAD signalling may be broadly divided into two arms: Activin and TGFb ligands 

activate SMAD2 and SMAD3 via receptors such as ACVR1B, TGFBR1, ACVR1C and 

TGFBR2; and BMP ligands signal through SMAD1, SMAD5 and SMAD9 and involves 

receptors such as ACVR2A, ACVR1, BMPR2 and BMPR1B. Both inhibit proliferation but 

the arms also have opposing functions. TGFb ligands function to maintain a pluripotent 

state and in CRC can promote metastasis, whilst BMP signalling promotes cellular 

differentiation (Ning et al., 2019). The exact roles and specificity of different ligands, 

receptors and SMAD family members are not fully understood in CRC. The pathway’s 

receptors also feed into other pathways such as ERK and PI3K which are noted to have a 

pro-metastatic effect.  

Somatic mutations in genes contributing to the TGFb signalling pathway are common 

in CRC and affect around 80% of cell lines and a third of tumours (Muzny et al., 2012). 

Functionally deleterious mutations release cells from the usual control over proliferation 

that the pathway provides. TGFBR2, SMAD4, SMAD2 and SMAD3 are among the most 

frequently mutated genes. Deactivation of TGFb signalling is associated with progression 

from polyp to adenocarcinoma and with invasion. In mice, knockout of Tgfbr2, Smad4 or 

Smad3 on an Apc-/+ background increases tumour formation and changes the phenotype 

from intestinal polyposis to invasive adenocarcinoma (N. M. Muñoz et al., 2006; Sodir et 

al., 2006; Takaku et al., 1998).  
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Germline variants in the TGFb signalling pathway have also been implicated in CRC. 

Variants of SMAD4 and BMPR1A are associated with juvenile polyposis syndrome, a 

condition characterized by multiple gastrointestinal hamartomas (benign growths) and 

a high lifetime risk of CRC (Howe et al., 2001; Jarvinen & Franssila, 1984). A common 

hypomorphic variant of TGFBR1, called TGFBR1*6A, has been shown to increase the risk 

of developing CRC by 10 fold and is estimated to account for up to 3% of CRC cases 

(Pasche et al., 2004). 

 

CRC can be categorized into microsatellite stable or microsatellite instable. The latter 

occurs less frequently and represents around 15% of CRC. A small proportion of this is 

attributable to individuals with LS, which causes almost exclusively MSI tumours, 

however LS is a rare cause of CRC generally (see Section 1.2.2.1). The majority of MSI 

tumours result from somatic inactivation of DNA MMR, usually through methylation at 

the MLH1 promoter (Herman et al., 1998), and occasionally through somatic inactivating 

mutations of MMR genes.  

Clinically, MSI CRC tends to form more often on the right side of the colon, and if 

caused by somatically acquired DNA MMR deficiency, tumours occur more frequently in 

females at older ages (Poynter et al., 2009). This is as opposed to affecting younger male 

patients which is more common in LS. Molecularly, MSI tumours are hypermutable and 

are characterized by high numbers of point mutations, mainly insertions and deletions, 

and particularly in repetitive regions. In contrast, genomic instability in MSS CRC is 

characterized by chromosomal instability, including aneuploidy and large structural 

rearrangements. Differences in the regulation of oncogenic pathways are described 

comprehensively in a study of 195 hyper-mutated and non-hypermutated tumours from 

TCGA (mostly representing MSI and MSS tumours respectively) (Muzny et al., 2012). In 
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this the authors conducted an integrated analysis of both mutation and expression data. 

TGFb signalling was one of the notable differences and this was more commonly 

deactivated in hyper-mutable tumours. This was largely driven through the mutation of 

two receptors: TGFBR2 and ACVR2A. These mutations have also been previously 

observed in MSI tumours in independent studies, and they relate to two microsatellites 

within these receptor genes which are affected by insertion and deletion mutations. The 

microsatellites are located at chr3:30650379-30650389, A10 (TGFBR2) and 

chr2:147926116-147926124, A8 (ACVR2A). The frameshift insertions and deletions 

deactivate gene function. The incidence of mutations at these sites are high in MSI 

tumours; >90% and >80% respectively (Jung et al., 2004; Parsons et al., 1995). In contrast, 

only 15% of MSS CRC have inactivating mutations of TGFBR2, and for those that do, these 

tend not to occur in the microsatellite regions. ACVR2A is rarely deactivated in MSS CRC, 

and is only occasionally deactivated via promoter hypermethylation.  

Despite these specific differences, TGFb signalling mutations are common among all 

CRC, and 55% of MSS colon cancers also have deactivating mutations further 

downstream in the pathway (W M Grady et al., 1999), particularly in SMAD4 which is 

more commonly mutated among MSS CRC (Lin et al., 2015).  

To summarize, TGFb signalling mutations are common in both CRC subtypes but are 

more commonly observed in MSI CRC. In the latter they occur mainly as a direct 

consequence of DNA MMR deficiency which fails to repair mutations in repetitive regions 

of TGFBR2 and ACVR2A. TGFb mutations are also observed in MSS CRC, but is less 

frequent and the locations of the mutations within the TGFb signalling pathway tend to 

differ. 

WNT signalling is often deactivated in both types of tumour through mutations of 

APC. In the comparison of hypermutated and non-hypermutated tumours, APC mutation 

was slightly more common among non-hypermutators. Other differences included a 
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significantly higher incidence of BRAF mutations among MSI tumours (34% vs 5%) 

and PIK3CA mutations (34% vs. 15%). MSS tumours demonstrate a relatively higher 

incidence of TP53 mutation (63% vs. 31%) and KRAS mutations (46% vs. 31%) (Lin et al., 

2015).  

The first line treatment for both tumour types, where possible, is total surgical 

resection, with later stages benefiting from adjuvant chemotherapy which is usually 5-

fluorouracil (5-FU) based. MSI CRC is associated with a better survival, especially in 

earlier stages, and patients with stage 2 MSI CRC do not benefit from 5-FU adjuvant 

chemotherapy (Popat et al., 2005). More recent developments in targeted therapies 

have shown that metastatic MSI CRC may respond better to immune checkpoint 

inhibitors (Le et al., 2015). This is hypothesized to be due to the higher mutational load 

in these tumours generating more immunogenic antigens. This fits with their histological 

presentation since MSI tumours have a greater immune cell infiltration (De Smedt et al., 

2015). 

MSI CRC seems a good candidate for the development of targeted therapies because 

of its differing underlying pathology, namely deficiency of DNA MMR. It may be that this 

renders MSI CRC uniquely targetable, like for example, BRCA1 and BRCA2 deficient 

breast cancers. These cancers are unable to repair double strand breaks through 

homologous end joining, something which can be exploited through PARP inhibitors. 

Inhibition of PARP enzymes results in the cell’s inability to repair single strand breaks 

which causes stalling of the replication forks and formation of double strand breaks. The 

mechanism to repair these toxic double strand breaks is absent in cells without 

functional BRCA1 or BRCA2 and therefore results in cell death (Dziadkowiec et al., 2016). 

Perhaps a similar mechanism may be exploited to target tumours which are deficient of 

DNA MMR. Alternatively, such an approach need not target DNA repair mechanisms 

specifically, but could for example, exploit other downstream effects specific to MSI 

tumours. Differences in the way these tumours regulate signalling pathways may make 
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them uniquely vulnerable in ways which MSS tumours are not. Many tumours are tested 

for MSI status, so identification of patients who could benefit from targeted therapies 

would be relatively straight forward. Indeed, recommendations are now that all tumours 

are tested for MSI status as a matter of routine. 

 

The SMAD9 CRC risk locus was discovered in a GWAS meta-analysis and is tagged by 

the leading SNP rs12427600; OR=1.09, p=5x10-11 (Law et al., 2019). The authors 

demonstrated that this variant also correlated significantly with the expression of 

SMAD9 in normal colorectal mucosa (beta=-0.19, p=2.53x10-5; the risk alleles associated 

with lower expression).  

SMAD9 makes up part of the TGFb signalling pathway acting alongside SMAD1 and 

SMAD5 to regulate cell proliferation, among other functions. As an eQTL in this 

important tumour suppressor pathway, it is not unreasonable to suppose that this is how 

the SMAD9 locus influences the development of CRC. Further risk loci in the TGFb 

signalling pathway were also discovered in the GWAS, including near GREM1, BMP2 and 

SMAD7. 

Functional evidence linking SMAD9 to CRC is scarce. A single case of a germline 

predicted gain of function mutation in SMAD9 (NP_005896.1:p.Val90Met), was linked to 

a case of hamartomatous and ganglioneuromatous polyposis, a condition which causes 

intestinal polyps and a higher risk of CRC. Importantly, the subject’s father had diffuse 

polyposis and died of an unknown cause at age 40, and the paternal uncle and aunt both 

died from early-onset colorectal cancer. Exome sequencing of the known genes related 

to this condition, BMPR1A, SMAD4, PTEN and STK11, did not show any other germline 

mutations (Ngeow et al., 2015). 
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Deactivating germline variants in SMAD9, among other genes, are associated with 

heritable pulmonary arterial hypertension (Soubrier et al., 2013). This condition is 

characterized by the obstruction of small pulmonary arteries resulting in hypertension 

of the lung’s arterial system and ultimately right sided heart failure. Vascular endothelial 

cells from affected individuals with SMAD9 variants were shown to have higher rates of 

proliferation which could be rescued by overexpression of SMAD9 (Drake et al., 2011). 

Other than this, current knowledge of the functional role of SMAD9 in disease is limited. 

Disentangling this is made more challenging by an apparent functional redundancy with 

SMAD1 and SMAD5, genes which are often studied together with SMAD9. 

Smad1 or Smad5 null mouse models are embryonic lethal at mid-gestation but 

Smad9 knockout (KO) embryos are viable. Smad9 KO mice do show changes in 

pulmonary vasculature and 16% develop pulmonary adenomas (Z. Huang et al., 2009). 

The authors of this study also noted the absence of gastrointestinal tumours. Conditional 

triple KO of Smad1, Smad5 and Smad9 in ovaries and testes of mice, caused females to 

develop granulosa cell tumours and males to develop testicular tumours. In male mice, 

tumours developed more slowly than females but were 100% penetrant. All mice 

demonstrated a high degree of metastases (Pangas et al., 2008). Furthermore, tumours 

from this triple KO model contained high levels of nuclear Smad2 and Smad3. It may be 

that this represented a compensation or unopposed action of the TGFb arm of TGFb 

signalling when the BMP arm was deactivated. 

In evolutionary terms, SMAD9 is reasonably intolerant to germline variation, and 

predicted loss of function (pLoF) mutations occur less frequently than expected in this 

gene (pLoF observed/expected ratio 0.50, 95%CI=0.31-0.85), indicating it is reasonably 

constrained (Lek et al., 2016). However, the TGFb signalling pathway suggests a 

functional redundancy between SMAD9, SMAD1 and SMAD5. It therefore seems likely 

that it may have some distinct function that drives evolutionary constraint. At the amino 

acid level SMAD1 and SMAD5 are more similar than SMAD9; divergence of SMAD1 and 
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SMAD5 from SMAD9 occurred early during vertebrate evolution (Figure 1.3) (S. J. Arnold 

et al., 2006). It may be possible that the function of SMAD9 differs from SMAD1 and 

SMAD5 through binding specificity or potency of effect size, or possibly through a 

completely different role separate from TGFb signalling. 

 

Figure 1.3 Phylogenetic tree of BMP Smads. Adapted from Developmental Biology, Vol 
296(1), Arnold., S., Maretto, S., Islam, A., Bikoff, E., Robertson, E. Dose-dependent 
Smad1, Smad5, and Smad8 signalling in the early mouse embryo. Pages 104-118. 
Copyright (2006), with permission from Elsevier. (In this work Smad9 was referred to by 
its synonym Smad8). 

SMAD9 (RNA) expression is low in most tissues including in blood (Aguet et al., 2017) 

(Figure 1.5). Expression in colonic tissues is also low but reasonably variable. Whether 

expression is enriched in a particular cell type is not clear from bulk sample resolution. 

Interestingly, lower somatic expression of SMAD9 in CRC tissue is also associated with a 

lower 5 year survival for CRC (Figure 1.4, 50% vs 72% alive at 5 years for SMAD9 < 

1.29FPKM; p = 0.01; (Uhlen et al., 2015)). Lower expression of SMAD9 is associated with 

the risk allele. 
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Figure 1.4 CRC survival and somatic expression of SMAD9 in CRC tissues. High 
expression > 1.29 FPKM, low expression < 1.29FPKM. Image adapted from the Human 
Protein Atlas (Uhlen, et al., 2015) (v19.3) available from https://www.proteinatlas.org 
/ENSG00000120693-SMAD9/pathology/colorectal+cancer. (accessed September 2020), 
and used under creative commons license CC BY-SA 3.0. 

SMAD9 protein expression in colonic tissue is reasonable. The Human Protein Atlas 

shows high protein expression in glandular cells, and medium protein expression in 

endothelial cells with antibody assays. Immunohistochemical analysis also showed dense 

staining was present both in the nucleus and in the cytoplasm of these cells (Uhlen et al., 

2015). 

SMAD9 has three protein coding transcripts, one long non-coding RNA and one 

processed transcript (defined by Ensembl as a transcript which does not contain an open 

reading frame), Ensembl version 98, (Hunt et al., 2018). One study noted an inhibitory 

splice variant of SMAD9 (SMAD8 in this study) which they referred to as SMAD8B. The 

splice variant lacked the phosphorylation motif SSXS present in other regulatory SMADs. 
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The authors demonstrated that SMAD8 and SMAD8B could both interact with SMAD4, 

but only SMAD8 localized to the nucleus. They concluded that SMAD8B was inhibitory. 

They also showed that the proportion of the two transcripts varied in four tissues tested; 

placenta, kidney, brain and heart (Nishita et al., 1999). This potential inhibitory action of 

SMAD9 may be of interest but whether this occurs in colorectal tissue or CRC is not clear. 

Alternative splicing may also be of interest if associated with variance at the SMAD9 risk 

locus. However, an analysis of splice quantitative trait loci (sQTL) in normal colorectal 

mucosa from an in-house dataset, showed no significant association between in-cis 

germline variance and SMAD9 splicing1. Data from the GTEx project also did not indicate 

sQTL associated with SMAD9, apart from in lung tissue (Aguet et al., 2017). Methylation 

quantitative trait loci were not investigated in this thesis, however, a significant 

correlation does exist between the SMAD9 tagging SNP I investigated (rs493248) and 

methylation of cg01493522 (SMAD9) in blood (p<1x10-14; the suggested genome wide 

cut-off from this study) (Gaunt et al., 2016). Unpublished data from the host research lab 

also suggests SMAD9 as a candidate locus in a methylome-wide association study 

(cg02985381, p < 3.76x10-20). It is possible that SMAD9 expression is regulated through 

methylation at this locus. 

1 Work by Toby Gurran, Semple Group, MRC Human Genetics Unit, MRC Institute of Genetics and 
Molecular Medicine, Edinburgh 
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Figure 1.5 SMAD9 RNA expression in a selection of normal tissues. Image reproduced with permission from the 

GTEx project (Aguet et al., 2017) available through the portal at https://www.gtexportal.org/home/gene/SMAD9 

[accessed September 2020].  

https://www.gtexportal.org/home/gene/SMAD9
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The primary hypothesis for this work was that common germline variance associated 

with CRC risk, influences the somatic mutational landscape in CRC. I approached this 

hypothesis through the investigation of known risk loci, which also associate with gene 

expression in target tissue. For this I chose eQTL of normal colorectal mucosa, to 

represent gene expression in the tissue from which the tumour arose, and as the most 

likely to have a direct impact.  

Firstly, I addressed my hypothesis in terms of the impact of genotype on tumour 

mutational load. At each risk locus, I grouped tumours according to host germline 

genotype at a tagging variant. I then compared mutational loads between genotype 

groups. A significant difference at the SMAD9 locus led to the discovery that this locus 

also associated significantly with tumour microsatellite instability. The rest of the work 

presented in this thesis is directed at exploring these relationships. 

Previous GWAS did not distinguish between MSI and MSS CRC risk relative to the 

SMAD9 locus, so further research questions were aimed at understanding whether (i) 

risk alleles conveyed risk exclusively for MSS CRC, (ii) risk alleles were in fact protective 

for MSI CRC or, (iii) whether risk alleles conveyed risk for MSS CRC and were protective 

for MSI CRC. To answer these questions, I performed separate case-control allelic 

association studies of individuals with MSI and MSS CRC and matched non-cancer 

controls. 

I dissected a possible protective association for MSI CRC further by looking at 

germline and somatic causes separately. LS is the main germline cause for MSI tumours, 

and I investigated whether SMAD9 risk variance protected LS individuals from developing 

CRC, by comparing CRC incidence between genotype groups. Additionally, I looked for a 

more subtle effect of risk modification by asking whether risk variance at the SMAD9 
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locus influenced the age at which LS patients were diagnosed with CRC. LS is rare, and 

most MSI CRCs result from non-germline causes, most commonly MLH1 silencing 

through promoter methylation. To investigate the effect of SMAD9 variance on somatic-

cause MSI risk, I compared risk alleles between non-Lynch individuals with MSI CRC and 

non-cancer controls. I also compared methylation array data from TCGA. 

Next, I explored two mechanistic hypotheses for the association of SMAD9 with 

mutational load and MSI status. First, I compared mutations in driver genes and 

pathways between tumours from different SMAD9 germline genotype backgrounds. I 

hypothesised that on the risk allele background fewer further CRC driver mutations were 

required for a cancer to develop. I focused on the TGFb signalling pathway because it is 

both frequently mutated in MSI tumours, and because SMAD9 makes up part of this 

pathway. I hypothesized that risk variance at the SMAD9 locus (associated with lower 

expression of SMAD9), presented a lesser requirement for further deactivating 

mutations of TGFb signalling, and through this mechanism MSI tumours had a lesser 

advantage on the risk allele background. I compared functionally deleterious mutations 

of the TGFBR2 and ACVR2A polyadenine repeats separately from the rest of TGFb 

signalling, since they are most highly related with MSI CRC and occur as a direct 

consequence of DNA MMR deficiency. In this scenario SMAD9 risk variance influenced 

the mutational landscape through selection. However, these investigations were 

generally correlative associations and confounded by MSI status. 

To find out if the correlations with TGFb mutations were causal, I decided to 

knockdown SMAD9 in MSS and MSI cell lines with the relevant mutations of TGFBR2 and 

ACVR2A. I expected that MSS cell lines would proliferate faster because the inhibitory 

action of TGFb signalling would be decreased due to the knock down of SMAD9. In MSI 

cell lines I expected either no effect on proliferation, since upstream signalling was 

already disrupted by TGFBR2 and ACVR2A mutation, or otherwise a reduction in 

proliferation and cell viability in response to excessive downregulation of TGFb signalling. 
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Secondly, I explored whether SMAD9 may impact DNA MMR activity directly. 

Specifically, whether the risk genotype correlated with an increased ability to carry out 

DNA MMR and a lower tendency to develop microsatellite instability. SMAD9 had not 

previously been implicated in DNA MMR so this was a potential novel mechanism. To 

explore this, I compared the relative abundancies of mutational signatures associated 

with DNA MMR between tumours from individuals with risk and nonrisk alleles at the 

locus and separated this by MSI status. 

This thesis starts with a description of the datasets utilized in this work and the 

preparation of the data in Chapter 2. Due to the progressive nature of the findings which 

are closely linked with computational methods, descriptions of the relevant 

methodologies are contained within each chapter to facilitate the narrative. The 

definition of CRC risk loci/eQTL and comparisons of mutational load are described in 

Chapter 3. Chapter 4 is dedicated to the exploration of the SMAD9 risk locus in relation 

to MSI and MSS CRC. Finally, Chapter 5 and Chapter 6 investigate functional differences 

in terms of driver gene mutations, mutational signatures, and the effects of knocking 

down SMAD9 in in MSS and MSI cell lines. A discussion of the findings and suggestions 

of further work in Chapter 7 concludes this thesis. 
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 Datasets 

 

This chapter describes the curation and quality control (QC) of 5 colorectal cancer 

(CRC) datasets used in this work. Methodologies for further analysis are described in the 

following chapters. 

All case samples came from individuals with CRC who donated matched tumour-

normal tissues. The datasets represented CRC incidence in the populations they were 

taken from. Tumours were either colon or rectal adenocarcinomas, commonly combined 

under the single disease entity ‘colorectal cancer’. Anatomically, the rectum is a 

continuation of the colon and rectal tumours share similar genetic characteristics to 

tumours originating from distal colonic mucosa (Muzny et al., 2012).  

The samples were derived from five datasets: The Cancer Genome Atlas (TCGA), split 

into 403 European and 53 African samples (see section 2.3.1.2), a curated set of 561 in-

house samples from Scottish individuals, 802 samples from the QUASAR2 clinical trial 

and 1744 samples from Genomics England’s (GEL) 100,000 Genomes Project (Table 2.1). 

Germline information was used to establish sample genotypes at CRC risk loci and 

somatic data was used to compare mutational differences between genotype groups. 

The type of somatic information available varied by dataset; whole genome sequencing 

was available for 120 of the in-house samples as well as the GEL samples, while exome 

sequencing was available for samples from TCGA. The remaining samples (in-house and 

QUASAR2) were not sequenced but were selected for available metadata regarding 

tumour microsatellite instability (MSI) or DNA mismatch repair (MMR) proficiency. 
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Population-matched controls 

32,252 European non-Finnish 

individuals from gnomAD 
(Karczewski et al., 2020)
20,955 African individuals from 
gnomAD (Karczewski et al., 2020) 

9,746 germline genotypes from 

Scottish resident individuals 
without CRC, curated for GWAS, 

(Law et al., 2019) 

2664 individuals from the 1958 

Birth Cohort (Power & Elliott, 2006) 

13,687 individuals from unaffected 
parents in the rare-diseases cohort 

of GEL 

Table 2.1 Datasets and samples used in this thesis. The number of MSI-typed and tumour sequenced samples are a subset 

of all genotyped samples. COAD = colon adenocarcinoma, READ = rectal adenocarcinoma. 

Samples 

Other information 

Includes 50 with targeted 

sequencing diagnostic of Lynch 
Syndrome 

rs493248 only. 28 from 
individuals with cancer and 27 

without 

751 individuals with cancer and 

98 without. Includes age at 
diagnosis 

22 categorized as having Lynch 
syndrome 

Tumour 

sequencing 

367 

(exome) 

53 (exome) 

120 (WGS) 

1744 (WGS) 

MSI 

status 

382 

50 

 557 

(MSI/ 
IHC) 

802 

1744 

Germline 

genotype 

403 

(array) 

53 
(array) 

561 

(array) 

55 
(Sanger) 

849 

(array) 

802 

(array)  

1744 
(WGS) 

Description 

COAD and READ cases from The 

Cancer Genome Atlas (TCGA) 
(Muzny et al., 2012). Samples 

split into European or African 
groups. 

Scottish CRC cases recruited for 

GWAS by the host and 
collaborating research groups, 

(Law et al., 2019) 

Scottish individuals with Lynch 
syndrome collected by the host 

research lab 

Scottish individuals with Lynch 

syndrome recruited for the 
MOMA study by the host lab 

CRC cases recruited for a clinical 

trial (Domingo et al., 2018) 

CRC cases recruited from the 
NHS in the UK for the 100,000 
Genomes Project 

Dataset 

TCGA European 

TCGA African 

CRC cases 

Lynch syndrome 

MOMA 

(Modifiers Of 
Mismatch 
Repair Analysis) 

QUASAR2 

GEL 

In-house 
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Germline genotypes were also obtained from 5 sets of individuals without cancer. 

These acted as normal population-matched controls for each of the 5 CRC datasets 

described above, and these were used to investigate microsatellite stable (MSS) and MSI 

CRC risk at the SMAD9 locus.  

In addition to these CRC cases, 55 Sanger sequenced, and 849 array typed germline 

genotypes were obtained from separate in-house sample sets of individuals with Lynch 

syndrome (LS). The 849 array typed samples originated from an unpublished study 

named the Modifiers Of Mismatch repair Analysis (MOMA). The two sets represent 

individuals with and without CRC and were used to investigate a modifier effect of 

SMAD9 on LS. They are discussed in further detail in Section 4.2.7. 

Preparation of data and statistical analysis were conducted using open source 

statistical computing software R 3.4.1 (R Core Team, 2017), unless otherwise stated. 

Other tools used are referenced in the text and run using the open-source Operating 

System Scientific Linux release 7.5 (Nitrogen) available at:  

https://scientificlinux.org/downloads/sl-versions/sl7/. 

https://scientificlinux.org/downloads/sl-versions/sl7/
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Data from The Cancer Genome Atlas was used in the discovery phase of this study 

and included colon (COAD) and rectal (READ) adenocarcinoma samples. Samples in TCGA 

represent the American population and have similar characteristics to American CRC 

patients generally; male/female proportion, age at diagnosis, stage at diagnosis and race 

distribution (Wang et al., 2018). Race in TCGA is categorized as White, Black (African 

American), and Other (Asian, American Indian or Alaska Native). To avoid differences in 

the underlying genetic structure confounding my results, TCGA sample data was 

prepared and analysed separately by race and results were subsequently combined in 

meta-analyses. This was important because in some instances the genome wide 

association study (GWAS) risk allele and minor allele frequency (MAF) of variants differed 

by race and occasionally risk/nonrisk alleles were reversed. Only 10 samples of Asian 

origin remained after QC and these were not utilized in the analysis due to the small 

group size. For the same reason I discarded one sample labelled as American Indian or 

Alaska native.  Thus, only White and Black categories contained sufficient samples for 

meaningful comparison and I only present these in this thesis. I shall refer to these as 

European and African from here on, representing the ethnic origins of these groups. 

 

I downloaded germline genotypes typed on Affymetrix 6.0 arrays for all COAD and 

READ samples, through TCGA’s Genomics Data Commons (GDC) Data Portal. These 

required calling and QC before use in my analysis. There were 617 normal sample CEL 

files (including repeat samplings and duplicates from different normal tissue types). CEL 

files were quantile normalized using the date of the run as 'batch' and were called using 

the crlmm package for R (v1.36.0) (Scharpf et al., 2011), on the GRCh37 genome build. 

QC was divided into two stages; ‘Initial QC’ was completed for all samples combined 
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because race annotation was not available for all samples to do this separately. Principal 

component analysis (PCA) was then used to cluster samples by race and annotate the 

unknown samples. After this, samples could be grouped by race and European and 

African groups underwent QC once again, this time separately in a second iteration 

referred to as ‘final QC’ (Figure 2.1). 

 

Calling produced 906,600 autosomal and X chromosome SNPs. Initial QC was 

conducted in R as described by de Andrade et al., (2011): Cut-offs where applied for 

signal to noise ratio (SNR) < 5, call confidence > 0.9, SNP & sample call rates (CR) > 0.95, 

and annotated sex verified against genotyped sex (Figure 2.2). SNR < 5 was chosen as the 

industry suggested SNR cut-off for Affymetrix. 

Replicates for participants with multiple samples were removed; of the 46 biological 

duplicates I preferentially kept the blood-normal sample (if available) rather than the 

solid tissue-normal sample. This was because a blood normal was available for most 

samples and avoided potentially typing early changes or contamination from normal 

adjacent tissue. Participants without matching somatic data were also discarded so that 

only unique TCGA IDs with matching somatic data remained. These were 496 unique 

samples, 60 of which African, 12 Asian, 269 European, 1 American Indian or Alaska 

native, and 154 with no reported race. Replicates had good concordance of genotype 

calls (total calls > 99% concordant, mean per pair 99.68%). 

PCA of all genotyped variants and samples was then carried out, firstly to check for 

batch effects. The first principal component explained most of the variance and 

represented clustering by race as expected. No significant clustering was observed by 

date of genotyping, gender, colonic/rectal location, or tissue type (blood or normal 

tissue), (Figure 2.3).  
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Figure 2.1 Overview of calling and QC of germline genotypes in TCGA. Shown are cut-
offs for SNP to noise ratio (SNR), SNP and sample call rates (CR), minor allele frequency 
(MAF), heterozygous haploid (hh) calls and Hardy Weinberg equilibrium (HWE). 
*Removal of the 5 contaminated samples is discussed in section 2.3.1.4.  
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Figure 2.2 TCGA germline calls before filtering. (a) Signal to noise ratio (SNR), (b) call 
confidence, (c) SNP call rates and (d) sample call rates. 
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Figure 2.3 PCA of TCGA samples by germline genotype. (a) Scree plot of variance 
explained by the first 10 principal components (PCs). PC1 (6.1% of variance) against PC2 
(1.2% of variance) coloured by: (b) Genotyping batch date (48 separate dates not shown), 
(c) tissue type, (d) gender, (e) TCGA project and (f) race annotation by TCGA. EUR = 
European, AFR = African, AS = Asian, AI = American Indian or Alaska native, NR = race not 
reported. 
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Further QC was concluded using Plink (v1.9) (Chang et al., 2015). All heterozygous 

haploid calls were removed and a MAF cut-off of > 0.05 was applied leaving 496 samples 

and 682,183 SNPs. The initial round of QC is summarized in (Table 2.2). 

Initial QC summary Count Percent 

SNP to noise ratio (SNR) > 5 (CEL files) 12 1.94 

Call confidence < 0.9 (calls) 5.6x106 1.03 

SNP call rate < 0.95 (SNPs) 38772 4.28 

Sample call rate < 0.95 (CEL files) 0 0.00 
TCGA annotated sex ≠ crlmm prediction (CEL files) 1 0.16 

Affymetrix probes without Rsid/position/chromosome 
(SNPs) 

1230 1.42 

MAF < 0.05 (SNPs) 184415 21.3 

Table 2.2 Summary of calls and samples failing initial genotyping QC. All TCGA samples 
combined. SNR= signal to noise ratio. 

 

Prior to PCA for race annotation, samples which did have race annotation from TCGA 

underwent a final round of QC in their separate groups to exclude unreliable samples. 

The following were filtered out: discordant genotyped sex to annotated sex (4 European 

samples), heterozygosity greater than +/- 3 standard deviations (SD) (4 European 

samples), and relatedness > 0.05 (3 African samples). Remaining European, African and 

Asian samples were each plotted together with the unannotated samples in 3 separate 

PCA (Figure 2.4). Principle components were based on a list of independent SNPs (in 50kb 

windows by 5kb steps with r2 < 0.2) and with a MAF > 0.1. Arbitrary limits were defined 

for race clusters, cluster outliers were discarded, and unannotated samples allocated to 

a race according to clustering. 2 outliers were removed from the European cluster and 

152 unclassified samples were added leaving 411 European samples. 4 African samples 

were removed as outliers and no unclassified samples were gained, leaving 53 in the 

African cluster. 10 remaining Asian samples were not further utilized due to small group 
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size. Newly defined groups of European and African samples were subject to a final round 

of QC in their respective datasets to incorporate the previously unannotated samples. 

 

Final QC excluded samples with discordant genotyped sex to annotated sex, 

heterozygosity greater than +/- 3 SD and relatedness > 0.05. A sample and variant call 

rate cut-off of < 0.95 was applied and variants were filtered for Hardy-Weinberg 

Equilibrium (HWE) > 1x10-6 (autosomal only) (Table 2.3). Successful genotyping was 

confirmed by plotting TCGA samples together with similarly QCd and unrelated samples 

from The 1000 Genomes Project (Auton et al., 2015) (Figure 2.5). This showed accurate 

clustering with no systematic biases. 
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Figure 2.4 Scree and PCA plots for race annotation in TCGA. Three separate PCA were 
performed, one per race. Boundaries are shown for the annotation of unknown samples 
and filtering of race outliers. (a & b) European (c & d) African and (e & f) Asian samples. 
Eur= European, AFR= African, AS= Asian, NR= race not reported by TCGA. 
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Figure 2.5 Combined PCA of TCGA and Thousand Genomes Project (1kG) samples. 
Includes only samples passing all rounds of QC. EUR = TCGA European, AFR = TCGA 
African, AS = TCGA Asian, 1kG = Thousand Genomes Project. 
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Final QC summary 
 

European African 

Count Percent Count Percent 
PCA race cluster outlier (samples) 2 0.48 4 6.67 

TCGA annotated sex ≠ Plink prediction 
(samples) 

4 0.95 0 0.00 

Heterozygosity > +/- 3 SD (samples) 8  1.90 0 0.00 

Relatedness > 0.05 (samples) 0 0.00 3 5.00 

HWE < 1x10-6 (autosomal SNPs) 828 0.12 60 <0.01 
SNP call rate < 0.95 (SNPs) 0 0 0 0 

Sample call rate < 0.95 (Samples) 0 0 0 0 

Total pass QC  Samples 408   96.91 53 88.33 

Variants 681355 99.72 682123 99.99 
Table 2.3 Summary of final genotyping QC for TCGA samples. European and African 
samples separately. Because two iterative rounds of QC were performed during final QC 
(before and after PCA race re-annotation), figures represent the total of two rounds. 

 

Five of the TCGA samples passing QC were previously shown to have contamination 

with foreign DNA in exome sequencing of normal tissue  (Luft et al., 2020). The 

proportion of sequencing reads supporting the alternate allele at germline heterozygous 

variants has an expected value of 0.5: in these 5 samples peaks of different values were 

observed, likely representing contamination with foreign DNA. Although the observation 

was made in the exome sequenced samples, contamination of the genotyped normal 

sample from the same individual could not be ruled out and these were removed from 

the analysis. All 5 samples belonged to the TCGA European QCd set. 

 

669 CEL files for primary tumour somatic genotyping were available for download. 

These were genotyped by a similar method described for germline genotyping and 

resulted in 372 European samples with 530,284 autosomal and X chromosome SNPs and 

48 African samples with 671,960 SNPs. Concordance of germline and somatic genotyping 
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was compared in a list of independent SNPs (r2 < 0.2 with MAF > 0.1) and plotted as 

heatmaps (Figure 2.6). Good concordance (median 0.95% for all pairs) existed between 

germline and somatic SNP genotypes. This indicated that these germline and somatic 

samples originated from the same donors, and genotypes broadly resembled each other. 

Copy number variants and large structural variants were not compared. 

 

Figure 2.6 Concordance between germline and somatic germline genotypes in TCGA. 
(a) European and (b) TCGA African samples (heatmaps). 
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Tumour exome sequencing VCF files were downloaded from TCGA for all individuals 

with germline genotyping after QC (403 European and 53 African). Somatic mutations 

had been called by TCGA with MuTect2 (v1.0) (McKenna et al., 2010) and annotated with 

VEP (v84) (McLaren et al., 2016) on the GRCh38 build (Muzny et al., 2012). I carried out 

further QC to include only high-quality somatic calls in my analysis. This was completed 

separately for European and African samples. 

 

I chose to filter somatic variants for a total read depth (RD) >= 10. This threshold was 

previously shown to have a 95% sensitivity for detection of heterozygous calls in exome 

sequencing (Meynert et al., 2014), and in a study of germline sequencing from trios was 

shown to remove 55% of Mendelian errors, while retaining 92% of called variants (Patel 

et al., 2014). Additionally, a minimum alternative allele depth (AD) >=5 was applied to 

increase specificity for true somatic variants, in a similar fashion to the marker CRC 

publication from TCGA (Muzny et al., 2012). Genotype quality scores were not available 

for QC but only calls passing the VCF filter tag were included, reasons for failure are 

summarized in Table 2.4. In summary, somatic QC can defined as:  

• Total read depth >= 10 

• Alternate allele read depth >= 5 

• Pass 'FILTER' in VCF file 

The numbers and types of mutations before and after filtering are summarized for 

both races (Table 2.5). The distributions of total read depths (RD), alternative allele read 

depths (AD), and tumour allele faction (AF) before and after filtering are also 

demonstrated for TCGA European samples (Figure 2.7 & Figure 2.8). 
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Reasons for calls failing the VCF filter tag 

Evidence seen in the normal sample 
Variant allele shows a bias towards one PCR template strand 

Variant allele shows a bias towards one sequencing strand 

Clustered events observed in the tumour 

Evidence indicates this site is germline, not somatic 

More than three events were observed in the tumour 

Multiple events observed in tumour and normal 

Failed dToxoG 

Seen in at least 2 samples in the panel of normal 
Site filtered due to contraction of short tandem repeat region 

Tumour does not meet likelihood threshold 

Site filtered because more than two alt alleles pass tumour LOD 

Table 2.4 Reasons somatic calls failed the VCF filter tag for TCGA samples 

Measure 

European African 

All 
Calls 

After 
Filtering All Calls 

After 
Filtering 

Read Depth (median) 3 63 8 69 

Alternative allele read depth 
(median) 

3 16 3 15 

Allele Fraction (median) 0.50 0.29 0.43 0.24 

SNVs per sample (median) 14483 264 4575 293 
Deletions per sample (median) 1956 10 1316 14 

Insertions per sample (median) 405 7 237 12 

All small mutations per sample 
(median) 

18998 285 5930 323 

Table 2.5  TCGA somatic calls before and after QC. Samples in the European and African 
datasets. Numbers (median) per sequenced exome. 
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Figure 2.7 Somatic variants in the TCGA European dataset before and after filtering. (a) 
before filtering and (b) after filtering. Total number of somatic variants (Total), single 
nucleotide variants (SNV), deletions (Del) and insertions (Ins) per somatic exome. 

After filtering, the median read depths and alternative allele read depths were 

increased. The median AF of 0.5 decreased to 0.29 and previous peaks at 0.5 and 1.0 

were no longer present, indicating that germline variants misinterpreted as somatic 

mutations in the unfiltered set had been mostly removed (Figure 2.8). Most mutations 

were SNVs and the most prominent substitution was C > T. This represents spontaneous 

deamination of 5-methylcytosine and are characteristic of COSMIC single base 

substitution signature 1 (SBS1). SBS1 is associated with age at diagnosis and was 

expected to be highly enriched in CRC (Tate et al., 2019). Insertions and deletions were 

mostly small, < 5bp (Figure 2.9). In total 440,804 somatic calls remained in the European 

and 54,648 in the African dataset. VCF files were converted to mutation annotation 

format. These filtering criteria were relatively strict to ensure a high confidence set of 

somatic calls to compare in later analysis.  
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Figure 2.8 Somatic read depths of calls before and after filtering for TCGA European 
samples. Total read depths (a & b), alternate allele read depths (c & d) and variant allele 
fractions (e & f). 
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Figure 2.9 Summary of insertions, deletions and substitutions in TCGA somatic calls. (a) 
& (c) Frequency of indels by size and (b) & (d) frequencies of substitutions by type for 
European and African samples. 

In the filtered sets, two populations of outliers in terms of mutational load became 

apparent (Figure 2.7). The upper outliers were expected, and likely represented 

microsatellite instable tumours. The lower outliers were unexpected and related to the 

exome kit used to sequence the sample (discussed below in Section 2.3.2.2).  
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Four exome capture kits were used by TCGA to sequence the somatic samples from 

European individuals: 

• 42 Agilent Human All Exon (44Mbp) 

• 21 Roche SeqCapEZ Exome (44.1Mbp) 

• 304 Roche SeqCap EZ HGSC VCRome (45.2Mbp)  

• 36 Undefined capture kits 

During somatic QC a population of samples were identified carrying fewer somatic 

mutations which associated with the undefined exome capture kit (Figure 2.10). 

Importantly, samples sequenced with this kit also had no or low coverage over the 

TGFBR2 and ACVR2A polyadenine repeats, which were compared in later analysis (see 

Section 5.2.1.3). Since this work compares mutational load by germline genotype at 

several CRC risk loci, I checked that the distribution of this undefined kit did not vary by 

genotype at each of the loci.  I found that the undefined exome capture kit was in fact 

overrepresented among samples with the heterozygous genotype at the rs493248 

(SMAD9) SNP (χ2 test, p=0.017). Additionally, among samples sequenced by the 

undefined kit, rs493248 genotypes were divergent from HWE, p=0.005 (Table 2.6 & 

Figure 2.11). 
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Figure 2.10 Mutational load by TCGA exome sequencing kit. Total variants passing QC 
per exome for TCGA European samples. Agilent = Agilent Human All Exon, R. Exome = 
Roche SeqCap EZ Exome, R. VCRome = Roche SeqCap EZ HGSC VCRome. Differences 
between kits were calculated by Wilcox rank sum (*** = p < 0.001, NS = not significant). 

rs493248 

Exome sequencing kit 

Undefined Agilent 
Human All 
Exon 

Roche SeqCap 
EZ Exome 

Roche SeqCap 
EZ HGSC 
VCRome 

TT 1 1 1 24 
CT 25 15 13 115 

CC 10 26 7 165 

HWE 0.005 1.000 0.184 0.559 

Table 2.6 Distribution of germline genotypes at  rs493248 by TCGA exome sequencing 
kit. TCGA European samples. HWE = p value for divergence from Hardy-Weinberg 
equilibrium. 
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Figure 2.11 Proportion of TCGA samples sequenced with each exome sequencing kit by 
germline genotypes at rs493248. Agilent = Agilent Human All Exon, R. Exome = Roche 
SeqCap EZ Exome, R. VCRome = Roche SeqCap EZ HGSC VCRome. 

Because the undefined kit associated with a lower mutational load and was 

overrepresented among heterozygotes at the rs493248 SNP, it had the potential to 

introduce bias. The 36 samples sequenced with it were therefore not included in 

comparisons of mutational load and comparisons of mutations in individual genes. This 

reduced the number of TCGA European paired-normal samples with available 

sequencing from 403 to 367. The other sequencing kits used did not affect mutational 

load. 

TCGA African samples were only sequenced with the Roche SeqCap EZ HGSC VCRome 

kit (n=51) and Agilent Human All Exon kit (n=2). Samples sequenced with the latter had 

slightly higher mutation counts but this was inconclusive for two samples and not 

followed up further. 
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Some inherited syndromes are already known to affect mutational phenotypes. To 

identify which samples in TCGA carried such germline variants (e.g. LS), exome 

sequencing from matched normal was examined.  

Germline exome sequencing from 591 unique samples were obtained from TCGA and 

called with GATK (v3.8) (McKenna et al., 2010) and Strelka (v2.8.3) (Kim et al., 2018), 

GRCh382. These overlapped with 360 of the 403 European and 51 of the 53 African 

matched samples, meaning most but not all samples were checked. Calls were 

normalized (only sites with non-reference alleles were kept, left aligned and multiallelic 

calls decomposed into separate calls), before taking the intersect of both callers. 

Annotation was carried out with VEP (v90.1) (McLaren et al., 2016).  

Next, a list of RefSeq based HGVS annotation was created describing known variants 

to filter for (large structural variants were not included in this). Variants were screened 

in the following genes: 

 

Variants were sourced from the iNSiGHT database, a curated set of known 

pathogenic hereditary CRC risk variants, ranked by a panel of experts from class 1 (not 

pathogenic) to class 5 (pathogenic), (International Society for Gastrointestinal 

Hereditaroy Tumours [iNSiGHT], 2018). Only variants in classes 4 and 5, (> 95 and > 99% 

pathogenic) in MLH1, MSH2 and MSH6 were downloaded. PMS2 was not included as it 

is less consistently associated with LS. 

 
2 Work by Juliet Luft, Taylor Lab, MRC Human Genetics Unit, University of Edinburgh 
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Homozygous or compound heterozygous variants Tyr165Cys 

(NM_001048171.1:c.494A>G) and Gly382Asp (NM_001048171.1:c.1145G>A) in MUTYH 

are known to predispose to CRC and cause high rates of somatic G>T mutations due to 

their role in base excision DNA repair (Al-Tassan et al., 2002). 

 

Leu424Val (NM_006231.3:c.1270C>G) and Ser478Asn (NM_002691.4:c.1433G>A) 

variants respectively. These variants in polymerase genes are associated with CRC with 

high mutational loads, (Palles et al., 2013). 

Additionally, samples with variants in the above genes which were annotated as 

‘pathogenic’ by ClinVar (Landrum et al., 2016) and with an AF < 0.005 in gnomAD 

(Karczewski et al., 2020) were selected. 23 results were further manually curated, and 4 

samples were identified with pathogenic variants for LS and 2 more with possible causal 

MUTYH variants (Table 2.7). All samples were from the TCGA European set. Both MUTYH 

variants were heterozygous, however the tumour AF for these samples with Strelka & 

GATK were 0.32 & 0.33 and 0.57 & 0.55, respectively. In mixed-normal, polyclonal tissue 

it was decided there was a possibility these represented causal variants, although it 

should be noted MSI is not usually a feature of MUTYH associated polyposis (Lipton et 

al., 2003). There were no matches for the POLD1 and POLE variants. 
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 TCGA ID Sex Age MSI/
MSS  

Variant Consequence 

TCGA-AA-3538 F 54 MSS MSH6, NM_000179.2:c.694C>T 
Heterozygous 

Stop gained 

TCGA-AA-3867   M 74 MSS MSH6, 
NM_000179.2:c.3261dup 
Heterozygous 

Frameshift variant 

TCGA-AA-A01R M 47 N/A MSH6, NM_000179.2:c.742del 
Heterozygous 

Frameshift variant & 
pathogenic in Clinvar 

TCGA-CM-6674   M 39 MSI MLH1, NM_000249.3:c.676C>T 
Heterozygous 

Stop gained & splice 
region variant 

TCGA-AZ-4313 F 51 MSI MUTYH 
NM_001048171.1:c.1145G>A 
Heterozygous 

Missense 

TCGA-A6-5665  F 84 MSI MUTYH, 
NM_001048171.1:c.1145G>A 
Heterozygous 

Missense 

Table 2.7 TCGA samples with germline pathogenic variants associated with mutational 
phenotypes. 

 

MSI annotation was downloaded from the TCGA legacy archive. Instability had been 

determined for these samples by a panel of four mononucleotide repeat loci 

(polyadenine tracts BAT25, BAT26, BAT40, and BATRII) and three dinucleotide repeat loci 

(CA repeats in D2S123, D5S346, and D17S250). Two additional pentanucleotide loci 

(Penta D and Penta E) were included to evaluate sample identity. 

Mononucleotide repeat loci (A): 

• BAT25, (KIT), Chr4, 54732046-54732070, A25 

• BAT26, (MSH2), Chr2, 47414421-47414447, A27 

• BAT40, (HSD3B1), Chr1, 119510718-119510754, A37 

• BATRII, (TGFBR2), Chr3, 30650379-30650389, A10     
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Dinucleotide repeat loci (CA): 

• D2S123, (NRXN1), Chr2, 51061375-51061416, CA42 

• D5S346, (SRP19), Chr5, 112877983-112878022, GT40 

• D17S250, (intergenic), Chr17, 38995871-38995910, GT40 

Multiplex fluorescent-labelled PCR and capillary electrophoresis had been used to 

identify variations in length at the microsatellite repeat between tumour and matched 

normal. Equivocal or failed markers were re-evaluated by singleplex PCR. 

TCGA classified tumours as microsatellite-stable (MSS) if none varied, low level MSI 

(MSI-L) if less than 40% of markers were altered, and high level MSI (MSI-H) if greater 

than 40% of markers were altered. Of the 403 matched samples in the European dataset, 

382 had MSI annotation. 55 (14.4%) were MSI-H, 60 were MSI-L, and 267 were MSS. Of 

the 53 samples in the African set, 50 had MSI annotation, 7 (14.0%) of which were MSI-H, 

8 were MSI-L, and 35 were MSS. In the analysis I combined MSI-L with MSS as both were 

shown to have similar mutational loads (see Section 3.3.7). 

 

The majority of MSI colorectal cancers are caused by methylation at the MLH1 

promoter (Herman et al., 1998). Methylation at this promoter region (meMLH1) was 

defined for the TCGA samples to determine in which samples MSI was due to MLH1 

methylation. 

Methylation data from Illumina Infinium HumanMethylation27 BeadChip and 

Infinium HumanMethylation450 BeadChip arrays (GRCh38) were downloaded from 

TCGA through the GDC client. Deng et al., (1999) showed that the methylation of CpGs 

in a small region of the MLH1 promoter correlated very well with the absence of MLH1 

expression. Methylation of a region they termed ‘region C’ was the best determinant of 
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MLH1 expression from the 4 regions they identified (A-D). They defined this region as 

−248 to −178bp relative to the transcription start site (TSS), and it encompassed 8 CpGs. 

I approximated the TSS (36,993,527) in GRCh38 by using the study’s published primers. 

This location was similar to the transcription start site predicted by Eponine (36,993,818) 

(Down & Hubbard, 2002), and the CAGE tag peak in the FANTOM5 browser (36,993,491) 

(Lizio et al., 2015). Reasonable agreement on the location of the TSS existed so the primer 

derived position was used. The regions, (position relative to the TSS), genomic position 

for GRCh38, and corresponding array typed CpGs were: 

• Region A, (-711 to -577), 36992816-36992950, cg16764580 

• Region B, (-551 to -266), 36992976-36993261, cg03497419, cg07101782, 

cg10769891, cg16433211, cg17641046, cg19132762, cg27586588 

• Region C, (-248 to -178), 36993243-36993349, cg11600697, cg19132762, 

cg21490561, cg23658326 

• Region D, (-109 to +15), 36993418-36993542, cg06791151, cg07064226 

I defined meMLH1 as the mean beta value of CpGs in region C. CpGs in region C were 

only present on the 450K array, for the remaining 27K array typed samples the overall 

area (A-D) beta values were averaged. Figure 2.12 shows the density of mean beta values 

over these regions, 0.2 was selected as the cut-off for methylation. 

400 of 403 matched European samples had methylation data, and 50 (12.5%) were 

categorized as meMLH1. All 53 African samples had methylation data, 7 (13.2%) of which 

were categorized as meMLH1. Clinically, meMLH1 MSI CRC is strongly associated with 

right-sided tumours, occurs more commonly in females and at an older age (Poynter et 

al., 2008), and represents the consensus molecular subtype 1 (CMS1) (Guinney et al., 

2015), as well as being highly enriched for MSI. By my definition of meMLH1, tumours 

were subset into the expected clinical groups (Table 2.8). 
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Figure 2.12 Methylation at the MLH1 promoter for TCGA samples. Mean beta value 
across region C CpGs for samples processed with the Infinium HumanMethylation450k 
array and across regions A-D combined for samples processed with the Infinium 
HumanMethylation27k array. 

Characteristic 

European African 

meMLH1 MLH1 meMLH1 MLH1 

Mean age (years) 73 66 72 60 

MSI (%) 88 4 86 2 

Female (%) 70 44 86 50 

Right sided (%) 79 24 86 65 

CMS1 (%) 86 5 25 5 

Table 2.8 Clinical characteristics of TCGA samples with and without methylation at the 
MLH1 protomer. meMLH1 = methylation, MLH1=no methylation at the promoter. 
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Metadata were summarized to verify a representative sample set of CRC cases.  

 

The mean age of diagnosis in the TCGA European set was 67 years (range 31 to 90), 

53.1% of samples were from males and the mean BMI was 27.5 (overweight). Cancers 

were most commonly diagnosed at tumour (T) stage II and slightly more commonly left 

sided (Figure 2.13, Table 2.9 & Table 2.10). These were representative of CRC diagnosed 

in European white ethnic background individuals.  

 

Figure 2.13 Age at diagnosis and gender in the TCGA European dataset. Stacked 
histogram. 
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Bowel region ICD-10 
code 

Anatomic location Frequency Percent 

Unspecified 
Colon 

C18.9 Colon 72 N/A 

Right sided 
(40.5%) 

C18.0 Caecum 52 15.9 

C18.2 Ascending colon 62 18.9 

C18.3 Hepatic flexure 7 2.1 

C18.4 Transverse colon 12 3.7 

Left sided 
(59.5%) 

C18.5 Splenic flexure 4 1.2 

C18.6 Descending Colon 9 2.7 
C18.7 Sigmoid Colon 74 22.6 

C19.9 Rectosigmoid Junction 50 15.2 

C20.9 Rectum 58 17.7 

Other C49.4 Connective and soft 
tissue of the abdomen 

2 N/A 

C80.9 Malignant neoplasm, 
primary site unspecified 

1 N/A 

Table 2.9 Anatomical location of colorectal cancers in the TCGA European dataset. 10th 
revision of the International Statistical Classification of Diseases and Related Health 
Problems (ICD-10) codes and description. 

Stage (T) Frequency Percent 

I 74 19.2 
II 146 37.8 

III 108 28.0 

IV 58 15.0 

Table 2.10 Stage at diagnosis of colorectal cancers in the TCGA European set. Tumour 
(T) stage. 

 

In African subjects the mean age of diagnosis was slightly younger at 61 years (range 

31 to 90), 45.3% of cancers were from males and the mean BMI was 35 (obese). Cancers 

were most commonly diagnosed at tumour (T) stage II, closely followed by stage III. 

Africans’ tumours were more commonly right-sided, consistent with previously 
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published observations (Dimou et al., 2009), (Figure 2.14, Table 2.11 & Table 2.12). Stage 

at diagnosis was higher in Africans than in Europeans, which has been previously 

reported but it is unclear whether this relates to underlying genetic differences or 

differences in environmental risk factors and socio-economic influences.  

 

Figure 2.14 Age at diagnosis and gender in the TCGA African dataset. Stacked 
histogram. 

Bowel region ICD-10 
code 

Anatomical location Frequency Percent 

Unspecified Colon C18.9 Colon 3 NA 
Right sided 
(68.0%) 
 

C18.0 Caecum 13 26.0 

C18.2 Ascending colon 16 32.0 

C18.3 Hepatic flexure 1 2.0 

C18.4 Transverse colon 4 8.0 

Left sided 
(32.0%) 
 

C18.5 Splenic flexure 1 2.0 

C18.6 Descending Colon 3 6.0 

C18.7 Sigmoid Colon 8 16.0 
C19.9 Rectosigmoid Junction 3 6.0 

C20.9 Rectum 1 2.0 

Table 2.11 Anatomical location of colorectal cancers in the TCGA African set. 
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Stage (T) Frequency Percent 

I 6 11.3 
II 19 35.8 

III 17 32.1 

IV 11 20.8 

Table 2.12 Stage at diagnosis of colorectal cancers in the TCGA African set. Tumour (T) 
stage. 

 

The consensus molecular subtypes are four classifications of CRC based on their 

transcriptional signatures and correlate with distinguishing molecular and 

histopathological features, including microsatellite instability (Guinney et al., 2015). 

Annotations of CMS were obtained for 313 TCGA European samples from this publication 

and matched to TCGA sample ID. 
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561 in-house CRC cases were curated which had both been germline-genotyped and 

had information indicating tumour DNA MMR proficiency. These samples originated 

from various datasets previously collected by the host research group for the purpose of 

genome wide association analysis (Law et al., 2019). I included samples from the Study 

of Colorectal Cancer in Scotland (SOCCS) and Scotland Phase 1 cohorts, but also included 

other samples collected by the host research lab at the Western General Hospital3 and 

samples from other Scottish oncology centres. All samples had been germline genotyped 

on various arrays during previous studies.  

For most samples (n=557), MMR proficiency was inferred by tumour MSI status using 

a combination of PCR and computational methods, or by immunohistochemistry (IHC) 

for DNA MMR genes (Figure 2.15). Targeted sequencing showed that 46 of these MSI/IHC 

typed samples had LS. For the remaining 4 samples without MSI/IHC, MMR was deemed 

deficient due to evidence of LS from targeted sequencing alone.  

120 of the MMR typed CRC samples had matching tumour-normal whole genome 

sequencing available. None of these came from individuals with LS. These samples were 

collected locally from patients at the Western General Hospital as fresh surgical biopsies 

by the host research lab. 

In addition to CRC samples, I curated 9746 germline genotypes from non-cancer 

control samples for the SMAD9 locus. Cases and controls were all from Scottish ancestry 

individuals who reported 4 Scottish grandparents. Where possible controls had been 

matched geographically, by age and by sex.  

 
3 Western General Hospital, Crewe Road South, Edinburgh, Scotland 
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Figure 2.15 Overview of in-house CRC samples. Samples with microsatellite instability 
(MSI)/ immunohistochemistry (IHC) annotation information are indicated as well as 
samples with targeted sequencing diagnostic of Lynch syndrome (LS). 

 

CRC cases and control samples had been previously genotyped on various arrays 

including Illumina HumanHap 240K and 300, OmniExpressExome BeadChip 8v1.1, 8v1.2 

and 8v1.3 and Omni5M. They were imputed with The 1000 Genomes Project (Auton et 

al., 2015) and UK10K (Walter et al., 2015) reference panels and filtered to include only 

imputation quality scores > 0.8 4. The rs493248 SNP tagging the SMAD9 locus, was 

extracted with Plink2 (v2.00) (Chang et al., 2015). Controls had a similar MAF (0.24) as 

samples in the 1000 Genomes Project Phase 3 for people of European descent 

(MAF=0.23), indicating a representative control population.  

 
4 Work by Dr Maria Timofeeva, Dunlop Group, MRC Human Genetics Unit, MRC Institute of Genetics & 

Molecular Medicine, The University of Edinburgh 
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120 of the in-house samples had matched whole genome sequencing available. 

Sequencing had been carried out using the Illumina HiSeqX platform. Calling and QC of 

123 tumour-normal pairs (120 passed QC) was completed by Dr Alison Meynert  (see 

Appendix). I converted somatic calls from VCF to mutation annotation format (MAF). 

After removal of calls from unplaced contigs, there were 9,965,025 calls in total and 

between 10,365 and 842,291 calls per sample.  

 

To increase the available number of samples in the in-house dataset with which to 

investigate the relationship between the SMAD9 locus and tumour MSI status, I 

expanded the classification of microsatellite instability to MMR proficiency status 

(defined on the next page). Since microsatellite instability is a genetic phenotype 

pathognomonic of an underlying defect in DNA MMR, this seemed a logical expansion in 

this set and enabled me to incorporate samples with information of 

immunohistochemistry or sequencing of MMR genes. Expanding the definition increased 

the number of tumours available for comparison from 536 MSI typed tumours to 561 

(Figure 2.16). 
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Tumours were defined as MMR proficient if: 

• Germline targeted sequencing (if available) did not indicate a pathogenic variant 

in an MMR gene AND: 

o The tumour was microsatellite stable (n=443) 

OR  

o In the absence of MSI information, if there was evidence of positive 

immunohistochemistry staining for all three MMR genes; MSH2, MSH6 

and MLH1 (n=16) 

Tumours were classified as MMR deficient if one of the following applied:  

• The tumour was MSI (n=52) 

OR 

• If not MSI, there was loss of immunohistochemical staining from at least one of 

the MMR genes (n=5) 

OR 

• If neither of the previous, the tumour came from an individual with a pathogenic 

variant in an MMR gene (n=45) 

 

By these classifications 102 (18.2%) of samples were categorized as MMR deficient.  
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Figure 2.16 Summary DNA mismatch repair (MMR) proficiency classification for in-
house samples. MMR mut = germline mutation in DNA MMR gene. IHC +ve=positive 
immunohistochemistry staining for all 3 DNA MMR genes, IHC -ve=loss of 
immunohistochemistry staining for one or more DNA MMR genes. 

 

MSI annotation was available for 536 of the CRC samples. For most, this had been 

established using the MSI Analysis System kit (Promega; #MD1641), a PCR and 

electrophoresis-based method to compare microsatellite lengths at 5 loci between 

tumour and paired normal. The microsatellites compared were: BAT25, NR-24, BAT26, 

MONO-27 and NR-21. I preferentially used the PCR test result; however, for a few 

samples this was not available but whole genome sequencing data was, in which case I 

used MANTIS to establish MSI status computationally (Kautto et al., 2017), (see Section 

4.2.1). Overall, 52 (9.7%) of these samples were MSI. MSI was somewhat depleted as 

some datasets were historically collected with the aim of identifying other non-LS familial 

causes of CRC, described below (Section 2.4.5). 
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The mean age of diagnosis for samples in the in-house set was 49 years, which is 

considerably younger than the average age of diagnosis for CRC generally, and the 

proportion of MSI tumours (9.7%) was lower than expected (~15%). This reflected the 

selection criteria of some of the data curated, which had the historic aim of identifying 

hereditary risk variants other than LS, by selecting individuals with early onset CRC and 

non-MSI tumours. The prevalence of MMR deficiency (18.2%) was closer to the expected 

figure. This was because there was an unusual proportion of tumours which tested MSS 

but categorized as MMR deficient. These occurred either because they demonstrated a 

loss of MMR gene expression via IHC staining or because germline sequencing identified 

a pathogenic LS mutation. The latter was mostly the case and this dataset was heavily 

enriched for individuals with LS (n=46) who uncharacteristically did not have MSI 

tumours. Additionally, MSI and IHC testing were not performed for most patients over 

the age of 65 at diagnosis and these samples were therefore not included during the 

curation of this set. This means that somatically caused MMR deficiency, which occurs in 

around 13% of CRC, particularly in older patients, will have been selected against and 

further explains the lower than expected incidence of MSI. These biases were important 

to consider when interpreting results from this dataset in later chapters.  
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The 100,000 Genomes Project was established by the UK government as an initiative 

to whole genome sequence patients affected by rare diseases or cancer. I utilized 1744 

matched tumour-normal whole genome sequences from this project which came from 

patients with CRC in the main program data release V7 (25 July 2019). These samples 

were representative of CRC patients in the UK population. MSI status was determined 

computationally with MANTIS for these samples (see Section 4.2.1.2).  

 

To define the set of CRC samples to include for investigation, various sample 

metadata were extracted from databases and joined using SQL, implemented through 

the Rlabkey package (v2.3.1) (Hussey, 2009). Sample fields were joined by participant ID 

and the following filters were applied in the query to select individuals diagnosed with 

primary adenocarcinomas of the colon or rectum: 

• disease_type = COLORECTAL 

• disease_subtype = ADENOCARCINOMA 

• tumour_type = PRIMARY 

• tissue_sources = SURGICAL RESECTION 

• genome_build = GRCh38 

Some individuals had multiple tumours and some tumours had multiple samples 

indicating a lesion had been biopsied more than once. I kept only one tumour per 

individual and in the case of multiple samples, one sample per tumour. I kept the highest 

purity sample preferentially (defined as the sample with the highest proportion of the 

total number of tumour cells that are neoplastic). I excluded 15 participants with 
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mismatches of given sex and karyotyped sex. 1785 unique participants and tumours 

remained. 

 

Next, I investigated the distribution of anatomical locations for all tumours, to verify 

that samples were truly CRC. 1374 of the tumours were annotated with ICD-O or ICD-10 

codes (10th revision of the International Statistical Classification of Diseases and Related 

Health Problems) as well as other non-standard formats, reflecting variations in manual 

recording of clinical data. The codes and non-standard formats were curated and 

grouped by similar terms. 41 samples were excluded from the analysis as they described 

disease other than colorectal adenocarcinoma. 1744 unique colorectal cancers (1333 

with ICD code annotation) remained, which had similar distributions as reported by 

Cancer Research UK (Cancer Research UK [CRUK], 2017), (Table 2.13). 

ICD code  
(ICD-O and other) 

Description 
 

Frequency Percent Cancer 
research 
UK % 
(2010-12) 

C18.9;C189;C18 Colon, not otherwise 
specified 

391 N/A N/A 

C18.0;C180; 
C18.1;C181 

Caecum/appendix 143 15.2 13-19 

C18.2;C182 Ascending colon 124 13.2 7-10 

C18.3;C183 Hepatic flexure of colon 36 3.8 3 

C18.4;C184 Transverse colon 65 6.9 5-6 

C18.5;C185 Splenic flexure of colon 19 2.0 2 
C18.6;C186 Descending colon 24 2.5 3 

C18.7;C187 Sigmoid colon 200 21.2 20-23 

C19;C19X Rectosigmoid junction 75 8.0 6-7 

C20;C20.X;C20X;
C20.9 

Rectum 256 27.2 23-32 

Table 2.13 Anatomical location and ICD codes for tumours in GEL. Comparison to 
statistics from Cancer Research UK. 
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The rs493248 SNP was extracted to represent the SMAD9 CRC risk locus for the 1744 

selected CRC samples, from germline VCF files using vcftools (v0.1.15) (Danecek et al., 

2011). The VCFs recorded the reference allele as C and alternate allele as T. Samples with 

homozygous reference alleles were not recorded in VCF format (not variant to the 

reference). All heterozygous (“0/1”) and homozygous alternative (“1/1”) calls passed the 

VCF filter. These were converted into a genotyped data frame in R (v3.4.1).  

 

13,687 control sample genotypes were obtained from unaffected parents in the GEL 

rare disease cohort. These represent a large group of matched controls from a similar 

ethnic population and were processed uniformly by Genomics England, and hence 

represent a suitable control set.  

 

 

The mean and median ages at diagnosis for CRC cases in GEL were 68 and 70 years, 

respectively. 712 samples were female and 1032 (59.2%) were male (Figure 2.17). These 

are representative distributions for CRC diagnoses in the UK (CRUK, 2017). 
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Figure 2.17 Age at diagnosis by gender for GEL samples. Stacked histogram. 
*=categories with <5 participants which have been anonymized to n=5 to protect 
participant identity.  

 

I had carried out QC and analysis of data separately by race in the TCGA discovery 

data sets. I decided not to separate samples by ethnicity in replication sets, which were 

aimed specifically at further investigations at the SMAD9 locus. Analysis in TCGA 

European and African samples had shown similar allelic distortions in comparisons at this 

locus for samples of these ethnicities. The distribution of ethnicities in GEL are described 

here for comparison; they are mostly European in origin.  

1392 samples had available genetic predictions for ethnic descent based on germline 

genotyping, with percentage matches to African, American, East Asian, European, and 

South Asian ancestries included in the metadata. For each sample, I chose the largest 

represented ancestry to define the sample (Table 2.14).  
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Ethnicity Frequency Percent 

African 50 2.9 
American 18 1.0 

East Asian 10 0.6 

European 1274 73.1 

South Asian 40 2.3 
Ethnicity not available 352 20.3 

Table 2.14 Ethnicities represented in the GEL dataset 

 

CRC Stage recorded by the TNM method was available for 88 samples. One ‘T0’ stage 

tumour was present after previous selection for adenocarcinoma of the colon and 

rectum, and this was further annotated in the metadata as being in the sigmoid colon 

and being moderately differentiated. T0 refers to no disease, which seemed unlikely 

from the other metadata, so the sample was kept. Stage III was most frequent, with no 

evidence of spread to lymph nodes or metastasis. TNM staging was reasonably 

representative of CRC stage at diagnosis in the UK, with a slight enrichment of stage III 

relative to stage II (CRUK., 2017). 
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Stage (T) Frequency Percent 

T1 < 5 < 5 
T2 22 25.3 

T3 53 60.9 

T4 8 9.1 

Table 2.15 Tumour (T) stages in GEL samples. T1 refers to neoplastic infiltration of the 
submucosa, T2 infiltration of the muscularis, T3 infiltration of the subserosa, T4 breach 
of the peritoneal lining or local spread. Categories with < 5 participants have been 
anonymized to protect participant identity. 

Stage (N) Frequency Percent 

N0 50 56.8 

N1 29 32.9 
N2 9 10.2 

Table 2.16 Staging of lymph node involvement (N) in GEL samples. N0 refers to no 
evidence of spread to lymph nodes, N1 to one local lymph node or presence of local 
infiltrated lymphoid nodules, N2 to spread to 4 or more lymph nodes. 

Stage (M) Frequency Percent 

M0 84 95.5 

M1 < 5 < 5 

MX < 5 < 5 

Table 2.17 Staging metastasis (M) in GEL samples. M0 refers to no metastasis and M1 
to metastasis. MX indicates metastasis could not be evaluated. Categories with < 5 
participants have been anonymized to protect participant identity. 

 

 

 



75 

 

 

802 CRC cases were sourced from a clinical trial investigating two chemotherapeutic 

regimes investigating relapse free survival in CRC (Domingo et al., 2018). The samples 

were collected from 170 hospitals across 7 countries: Australia, Austria, Czech Republic, 

New Zealand, Serbia, Slovenia, and the UK. Patients were surgical candidates with stage 

III or high-risk stage II adenocarcinoma of the colon or rectum and were > 18 years of 

age. Patients with metastasis or previous history of cancer or underlying inflammatory 

bowel conditions were excluded. 

 

Tumour MSI status had been established for these samples using the Bethesda 

microsatellite markers (BAT15, BAT26, D2S123, D5S356 and D17S250). DNA for this had 

been extracted from formalin fixed paraffin embedded tumour blocks stored at -80°C, 

from tumours with > 80% purity or otherwise micro-dissected regions. Tumours were 

classified as MSI if they had 40% or more instable markers. By this classification 107 

(13.3%) of tumours were MSI. 

 

The mean and median age at diagnosis were 63 and 64 years respectively and 550 

(68.6%) of cases were male. Of MSI cases the mean and median age at diagnosis were 

64 and 65 years respectively and 55 (51.4%) of these cases were male. 

 

2664 non-cancer control genotypes for rs493248 were obtained from British 

individuals, primarily of European origin, from the 1958 Birth Cohort (Power & Elliott, 
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2006). The age of these individuals, 55 years, at the last sweep between 2013 and 2014 

is significantly younger than the ages of diagnosis in QUASAR2. This would not have ruled 

out individuals who developed CRC since the time of sampling and may have influenced 

the effect sizes of comparisons involving this cohort. 
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 Comparison of tumour mutational load 

at CRC risk loci 

 

To investigate whether colorectal cancer (CRC) risk loci influence the somatic 

mutational landscape of CRC, I began with an investigation into tumour mutational load. 

I confined this search to CRC risk loci which also associated with gene expression (eQTL) 

in the normal colorectal mucosa. In this chapter I define a list of tagging variants which 

represent both CRC risk and eQTL and use these to make comparisons of tumour 

mutational load. 

I chose eQTL since many common genetic variants that are associated with human 

traits have been shown to correlate with gene expression in target tissues rather than 

causing high impact mutations disrupting protein function. They tend to be enriched 

within regulatory regions and exert effects as eQTL (Maurano et al., 2012; Nicolae et al., 

2010). I chose expression of normal colorectal mucosa to represent the landscape from 

which the tumours arose. This seemed the most likely source of any direct influence on 

the mutational landscape of the tumour. However, it is possible to envisage a situation 

where gene expression in other tissues could affect CRC outcome. For example, if gene 

expression in brain tissue affected certain exposure behaviours, or if regulation of 

xenobiotic enzymes in the liver affected clearance of carcinogenic substances. Existence 

of such indirect effects were however not explored in this thesis, in which I focus on 

expression in normal colorectal mucosa only. In the case of CRC risk loci, the majority of 

risk alleles are associated with lower gene expression (unpublished data).  

Of the known influences on tumour mutational load, microsatellite instability (MSI) 

is one of the main determinants of mutational load in CRC. It is relatively common, 
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affecting around 15% of tumours (Ashktorab et al., 2016; Boland & Goel, 2010; Ward et 

al., 2001), and causes typically high mutational loads. MSI cells can accumulate 

mutational loads which are orders of magnitude greater than microsatellite stable (MSS) 

ones and are also referred to as ‘hypermutated’ (Bhattacharyya et al., 1994). Other 

influences on mutational load include disruption of DNA proofreading through mutations 

of POLE and POLD1 (Palles et al., 2013), and to a lesser degree variants of MUTYH (Rashid 

et al., 2016). The comparison of mutational loads in this chapter represented a relatively 

broad overview of the mutational landscape. As well as the absolute numbers of 

mutations, the types, and contexts within which these mutations occur can be 

informative about specifically which of the underlying processes are at work. This 

chapter provides an overview and mutational signatures are discussed further as part of 

Chapter 5. 
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I represented variance at each of the CRC risk loci by a single tagging SNP which 

tagged both risk and cis-regulated expression in normal colorectal mucosa. These 

variants were identified by the intersection of two datasets; firstly, risk variants 

originated from a genome wide association study (GWAS) meta-analysis of 24,180 CRC 

cases and 47,452 controls of European ancestry, which subsequently contributed to the 

publication by Law et al., (2019). Variants had been imputed with several reference 

panels and filtered for a quality metric of > 0.8 and a minor allele frequency (MAF) > 

0.005. In order to select enough risk variants for intersection but maintain a strong 

association for CRC risk, a GWAS risk threshold of p <1x10-7 was chosen rather than the 

conventionally accepted genome wide threshold of p<5x10-8. This yielded 3385 

autosomal and 2 X chromosomal variants. Secondly, cis-regulatory variants had been 

previously determined from 406 normal colorectal mucosa samples collected either as 

rectal biopsies or from adjacent normal tissue during cancer resection. For this, gene 

expression was profiled on a HumanHT-12 array and samples had been previously 

germline genotyped on arrays. eQTL had been calculated 2 Megabase pair (Mbp) in cis, 

and were adjusted for age, biopsy site and sex. This yielded 383,062 eQTL with a false 

discovery rate (FDR) of <0.05 (unpublished work by the host lab).  

The intersect of eQTL and risk variants from these datasets produced 631 unique 

SNPs which were further filtered for available germline genotypes in the discovery 

dataset (TCGA European). 
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From the intersected variants, I kept only the lead effect SNPs at each locus, which I 

defined as the variant with the most significant correlation with gene expression, as well 

as any further variants with independent effects on gene expression, i.e. not explained 

through linkage disequilibrium (LD) with the lead SNP. I used the package MatrixeQTL 

(Shabalin, 2012) in R (v3.3.3) (R Core Team, 2017), to identify the most significantly 

correlated eQTL for each gene and fit a linear model of genotype to gene expression. 

Residuals were calculated and used to search for variants explaining the remaining 

expression. This was repeated until no further significant eQTL were found. Co-variates 

were not included in the modelling. 

 

In the rest of this work I will refer to alleles at risk loci as either ‘risk’ or ‘nonrisk’ with 

respect to their result in the afore mentioned GWAS (Table 3.2). This was decided to 

avoid confusion regarding reference/alternate and major/minor alleles which may vary 

between sources and populations. For example, a homozygous-risk sample at the 

SMAD9 (rs493249) locus refers to a tumour from an individual who has two germline 

GWAS risk alleles, in this case TT, and a homozygous nonrisk sample refers to an 

individual with two germline GWAS nonrisk alleles, in this case CC.  

 

Comparisons of mutational load were first carried out using TCGA European samples, 

which served as the discovery set, and were replicated using the TCGA African and 120 

in-house whole genome sequenced tumours. Mutational load was defined as the 

number of somatic mutations per Mbp coverage of the exome kit used (in the case of 

TCGA) or per Mbp of the total length of the primary assembly (GRCh38; 3,099,734 Mbp) 
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in the case of in-house whole genome sequenced samples. This included mutations in 

any transcripts. The 36 TCGA samples sequenced using an undefined exome sequencing 

kit were excluded from comparisons of mutational load (see Section 2.3.2.2).  

At each of the defined risk loci, I grouped tumours by host germline genotype at the 

tagging variant and compared tumour mutational loads between genotype groups. I did 

this by evaluating the difference in median mutational load between tumours from 

homozygous risk and homozygous nonrisk allele carriers. Because prior knowledge of a 

genetic model was not available, I also carried out additional dominant (homozygous risk 

+ heterozygous vs homozygous nonrisk) and recessive (homozygous risk vs heterozygous 

+ homozygous nonrisk) comparisons at each of the loci. I used a two-tailed Wilcoxon 

Rank Sum test to test for a significant difference in mutational loads between genotype 

groups. The differences were expressed as the median fold difference with respect to 

the risk allele group (or with respect to the risk + heterozygous group in the case of 

dominant comparisons). A non-parametric test was used since mutational loads were 

not normally distributed (see results, Figure 3.3). No multiple testing correction was 

applied for the 8 loci identified and different models explored because the datasets used 

contained relatively few samples, and the ability to detect differences was already 

limited. Multiple testing was minimised by selecting a small number of variants for these 

analyses. Additionally, results from the TCGA European set were replicated in two 

separate datasets to minimise the chances of drawing a conclusion due to chance 

variations. 
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A significant difference at the SMAD9 (rs493249) locus was investigated further by 

stratifying the difference in mutations by their predicted impact according to sequence 

ontology annotation (Table 3.1) into: 

• Functionally deleterious; HIGH/MODERATE impact terms  

• Non-functional; LOW/MODIFIER impact terms 

• Mutations at splice sites; defined by the terms ‘splice region variant’, ‘splice 

acceptor variant’ and ‘splice donor variant’ 

Finally, to investigate whether the mutational differences at the SMAD9 (rs493249) 

locus could be explained by a relationship between genotype and propensity for 

individuals to acquire MSI tumours, I compared mutational loads separately for 

individuals with MSI and MSS tumours. 

Sequence Ontology 
term 

Description Impact 

Transcript ablation A feature ablation whereby the deleted 
region includes a transcript feature 

HIGH 

Splice acceptor 
variant 

A splice variant that changes the 2 base 
region at the 3' end of an intron 

HIGH 

Splice donor variant A splice variant that changes the 2 base 
region at the 5' end of an intron 

HIGH 

Stop gained A sequence variant whereby at least one 
base of a codon is changed, resulting in a 
premature stop codon, leading to a 
shortened transcript 

HIGH 

Frameshift variant A sequence variant which causes a disruption 
of the translational reading frame, because 
the number of nucleotides inserted or 
deleted is not a multiple of three 

HIGH 

Stop lost A sequence variant where at least one base 
of the terminator codon (stop) is changed, 
resulting in an elongated transcript 

HIGH 

Start lost A codon variant that changes at least one 
base of the canonical start codon 

HIGH 
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Transcript 
amplification 

A feature amplification of a region containing 
a transcript 

HIGH 

Inframe insertion An inframe non-synonymous variant that 
inserts bases into in the coding sequence 

MODERATE 

Inframe deletion An inframe non-synonymous variant that 
deletes bases from the coding sequence 

MODERATE 

Missense variant A sequence variant, that changes one or 
more bases, resulting in a different amino 
acid sequence but where the length is 
preserved 

MODERATE 

Protein altering 
variant 

A sequence variant which is predicted to 
change the protein encoded in the coding 
sequence 

MODERATE 

Splice region 
variant 

A sequence variant in which a change has 
occurred within the region of the splice site, 
either within 1-3 bases of the exon or 3-8 
bases of the intron 

LOW 

Incomplete 
terminal codon 
variant 

A sequence variant where at least one base 
of the final codon of an incompletely 
annotated transcript is changed 

LOW 

Start retained 
variant 

A sequence variant where at least one base 
in the start codon is changed, but the start 
remains 

LOW 

Stop retained 
variant 

A sequence variant where at least one base 
in the terminator codon is changed, but the 
terminator remains 

LOW 

Synonymous 
variant 

A sequence variant where there is no 
resulting change to the encoded amino acid 

LOW 

Coding sequence 
variant 

A sequence variant that changes the coding 
sequence 

MODIFIER 

Mature miRNA 
variant 

A transcript variant located with the 
sequence of the mature miRNA 

MODIFIER 

5 prime UTR variant A UTR variant of the 5' UTR MODIFIER 
3 prime UTR variant A UTR variant of the 3' UTR MODIFIER 

Non coding 
transcript exon 
variant 

A sequence variant that changes non-coding 
exon sequence in a non-coding transcript 

MODIFIER 

Intron variant A transcript variant occurring within an 
intron 

MODIFIER 

NMD transcript 
variant 

A variant in a transcript that is the target of 
NMD 

MODIFIER 
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Non coding 
transcript variant 

A transcript variant of a non coding RNA gene MODIFIER 

Upstream gene 
variant 

A sequence variant located 5' of a gene MODIFIER 

Downstream gene 
variant 

A sequence variant located 3' of a gene MODIFIER 

TFBS ablation A feature ablation whereby the deleted 
region includes a transcription factor binding 
site 

MODIFIER 

TFBS amplification A feature amplification of a region containing 
a transcription factor binding site 

MODIFIER 

TF binding site 
variant 

A sequence variant located within a 
transcription factor binding site 

MODIFIER 

Regulatory region 
ablation 

A feature ablation whereby the deleted 
region includes a regulatory region 

MODERATE 

Regulatory region 
amplification 

A feature amplification of a region containing 
a regulatory region 

MODIFIER 

Feature elongation A sequence variant that causes the extension 
of a genomic feature, with regard to the 
reference sequence 

MODIFIER 

Regulatory region 
variant 

A sequence variant located within a 
regulatory region 

MODIFIER 

Feature truncation A sequence variant that causes the reduction 
of a genomic feature, with regard to the 
reference sequence 

MODIFIER 

Intergenic variant A sequence variant located in the intergenic 
region, between genes 

MODIFIER 

Table 3.1 Definition of HIGH, MODERATE, LOW and MODIFIER sequence ontology 
terms. Used to stratify comparisons of mutational load calculation at the SMAD9 locus. 
Adapted from the Ensembl Variant Effect Predictor (McLaren et al., 2016), available at 
https://m.ensembl.org/info/genome/variation/prediction/predicted_data.html 

 

 

 

https://uoe-my.sharepoint.com/personal/s0790250_ed_ac_uk/Documents/ThesisDraft/(McLaren%20et%20al.,%202016)
https://m.ensembl.org/info/genome/variation/prediction/predicted_data.html
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The intersection of 3,387 CRC risk variants with 383,062 normal mucosa eQTL left 

631 SNPs which were further sub-set for 681,355 array typed variants from the TCGA 

European samples. This identified 45 variants for investigation in TCGA which associated 

with CRC risk and with expression in normal colorectal tissue (Figure 3.1). The sub-setting 

step for TCGA typed variants had a large impact on the number of variants available to 

represent risk loci, and this may have affected selection of the most optimal tagging 

variants. For this reason, I  chose a slightly lower risk association threshold than the 

conventionally accepted p<5x10-8 to ensure enough variants were available for the 

subsequent intersection with TCGA typed variants. Nevertheless, most selected variants 

were confidently associated with risk and expression at the chosen loci. A more inclusive 

list could have been defined by imputing TCGA variants and selecting those within a 

defined overlap region of GWAS risk and eQTL loci.  

Of the 45 variants, I identified 8 with independent effects on expression of 7 genes 

(Table 3.2). The remaining 37 variants did not significantly contribute to the expression 

of these genes beyond that explained by the top 8 variants, due to being in high LD with 

them. These 37 were not further investigated. Two of the 8 chosen variants were 

associated with the expression of COLCA1: rs7932421 and rs10891245. Two variants 

were identified at this locus because they each explained expression of COLCA1 

independently of each other (not explained through LD), and I therefore considered 

them separate eQTL loci as they could also be subject to different regulatory effects on 

expression. rs10891245 explained additional variation not explained by the top variant 
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(rs7932421), (rs10891245 residual beta=-0.100, FDR=0.001). The linkage equilibrium 

between these variants (r2) was 0.217. 

 

Figure 3.1 Intersection of GWAS CRC risk variants with eQTL of normal colorectal 
mucosa and typed variants in TCGA European samples. Forty-five intersecting variants 
were further subset into 8 variants with independent effects on expression, presented 
in the table below. 

 

Rsid Chr HUGO 
Symbol 

Risk/ 
Nonrisk 
alleles 

eQTL 
 

GWAS 
 

Beta FDR OR p value 

rs7932421 11 COLCA1 A/G -0.20 4.80x10-10 1.07 2.06x10-9 

rs10891245 11 COLCA1 T/G -0.20 4.19x10-8 1.07 5.42x10-8 

rs3087967 11 COLCA2 T/C -0.59 1.14x10-39 1.15 1.60x10-27 

rs7307230 12 CERS5 C/T -0.25 1.67x10-8 1.08 3.65x10-11 
rs493248 13 SMAD9 T/C -0.10 4.08x10-2 1.09 3.94x10-10 

rs6142738 20 OSBPL2 T/C -0.22 4.46x10-2 1.14 8.36x10-19 

rs6770152 3 SFMBT1 T/G 0.24 3.74x10-18 1.07 1.73x10-8 

rs16888695 8 UTP23 T/C -0.13 1.58x10-6 1.16 7.34x10-15 
Table 3.2 Eight variants representing CRC risk loci with eQTL in normal colorectal 
mucosa. All variants were genotyped in the TCGA discovery set. Risk and nonrisk alleles 
refer to GWAS results (shown), eQTL results are presented relative to the risk allele. 
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I considered correcting my analysis for age at diagnosis, since this is known to 

positively correlate with tumour mutational load (Chalmers et al., 2017). However, the 

incidence of MSI tumours also correlates positively with age, being more frequently 

observed in older individuals. Correction for age could therefore inadvertently correct 

for MSI status. To understand the impact age had on mutational load and the need to 

correct for it, I investigated the extent of the correlation in the TCGA European samples. 

This revealed only a weak correlation and an association which was non-significant 

(Figure 3.2 & Table 3.3). The correlation appeared to be mainly due to the enrichment of 

MSI tumours among older individuals, because the correlation was even weaker for MSS 

and MSI tumours separately. Therefore, I decided not to normalize for age at diagnosis. 

 

Figure 3.2 Tumour mutational load and age at diagnosis. TCGA European samples. MSS 
= microsatellite stable, MSI-L = microsatellite instable-low and MSI-H = microsatellite 
instable-high. NA = microsatellite instability not established. 
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Linear model 
statistic 

All tumours MSS & MSI-L MSI-H 

Correlation R2 0.002 0.007 0.061 

beta 0.175 -0.274 0.775 
p value 0.448 0.160      0.070 

Table 3.3 Linear model statistics for mutational load by age at diagnosis. TCGA 
European tumours, for all subtypes combined and separate analysis for microsatellite 
stable (MSI-L & MSS) and microsatellite instable (MSI-H) tumours. 

 

Mutational loads were not normally distributed in each of the 3 datasets compared, 

rather they appeared to have a bimodal distribution. Most samples had mutational loads 

between 1-20 mutations/Mbp and a smaller proportion demonstrated much higher 

mutational loads. These represented MSS and MSI tumours respectively (shown in 

Section 3.3.7). Mutational loads of in-house samples were generally higher than TCGA 

and this was attributed to differences in sequencing methodologies and QC. In-house 

samples were whole genome sequenced rather than exome sequenced and included 

intergenic regions. These regions are reported to have higher mutational burdens and 

this may have contributed to the difference (Weinhold et al., 2014; Lee et al., 2010) 

(Table 3.4 & Figure 3.3).  

Dataset Mutational Load (mutations/Mbp) 

Median Range 

TCGA European (n=367) 6.68 0.15 - 492.88 

TCGA African (n=53) 7.15 2.01 - 200.97 

In-house (n=120) 13.24 3.34 - 271.71 

Table 3.4 Tumour mutational loads in TCGA and in-house datasets 
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Figure 3.3 Distributions of tumour mutational loads. For tumours from the 3 sequenced 
datasets compared in this chapter. Mutational load is not normally distributed. 
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Initial comparisons of mutational load by germline genotype for samples from the 

TCGA European dataset identified a significant difference between tumours from 

homozygous risk and homozygous nonrisk allele carriers at two loci. These were tagged 

by SMAD9 (rs493249) and COLCA2 (rs3087967). In both cases the homozygous nonrisk 

alleles correlated with a significantly higher tumour mutational load than the 

homozygous risk alleles (Figure 3.4 & Table 3.5). A similar significant difference was also 

observed in the recessive comparisons, but not significantly in the dominant genotypic 

comparisons. The largest significant difference between risk and nonrisk homozygotes 

existed at the SMAD9 (rs493249) locus (fold difference=1.30 mutations/Mbp, 

95%CI=1.02-1.47, p=0.031).  
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Figure 3.4 Tumour mutational load by germline genotype at 8 CRC risk eQTL.TCGA 
European samples divided into individuals with germline homozygous risk (Risk), 
Heterozygous (Het) and Homozygous nonrisk (Nonrisk) alleles (relative to GWAS) for 
each of the 8 CRC risk loci identified. Note the logarithmic scale on the y-axis. 
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Homozygous risk vs homozygous nonrisk  

Variant 
HUGO 
Symbol 

Median mutational load 
(Mut/Mbp) Fold difference  

(Risk vs Nonrisk) 95% CI p Risk Het Nonrisk 

rs10891245 COLCA1 6.55 6.70 7.00 1.07 0.89 - 1.37 0.271 

rs16888695 UTP23 4.63 7.16 6.68 1.44 0.86 - 18.8 0.127 

rs3087967 COLCA2 5.60 6.75 6.84 1.22 1.04 - 1.46 0.017 

rs493248 SMAD9 5.30 6.50 6.90 1.30 1.02 - 1.47 0.031 

rs6142738 OSBPL2 6.60 7.03 5.73 0.87 0.74 - 1.22 0.699 

rs6770152 SFMBT1 6.48 6.57 7.20 1.11 0.96 - 1.25 0.141 

rs7307230 CERS5 6.08 6.75 7.07 1.16 0.94 - 1.29 0.211 

rs7932421 COLCA1 6.15 6.63 7.07 1.15 0.98 - 1.31 0.093 

Dominant model 

Variant 
HUGO 
Symbol 

Median mutational load 
(Mut/Mbp) 

Fold difference  
(Risk + Het vs 
Nonrisk) 95% CI p Risk Het Nonrisk 

rs10891245 COLCA1 6.55 6.70 7.00 1.06 0.88 - 1.34 0.330 

rs16888695 UTP23 4.63 7.16 6.68 0.96 0.86 - 1.12 0.970 

rs3087967 COLCA2 5.60 6.75 6.84 1.06 0.98 - 1.18 0.124 

rs493248 SMAD9 5.30 6.50 6.90 1.07 0.98 - 1.19 0.098 

rs6142738 OSBPL2 6.60 7.03 5.73 0.85 0.73 - 1.19 0.613 

rs6770152 SFMBT1 6.48 6.57 7.20 1.11 0.97 - 1.24 0.118 

rs7307230 CERS5 6.08 6.75 7.07 1.09 0.93 - 1.15 0.533 

rs7932421 COLCA1 6.15 6.63 7.07 1.07 0.97 - 1.20 0.167 

Recessive model 

Variant 
HUGO 
Symbol 

Median mutational load 
(Mut/Mbp) 

Fold difference  
(Risk vs Het + 
Nonrisk) 95% CI p Risk Het Nonrisk 

rs10891245 COLCA1 6.55 6.70 7.00 1.03 0.95 - 1.15 0.288 

rs16888695 UTP23 4.63 7.16 6.68 1.46 0.85 - 18.15 0.131 

rs3087967 COLCA2 5.60 6.75 6.84 1.21 1.03 - 1.41 0.019 

rs493248 SMAD9 5.30 6.50 6.90 1.28 1.00 - 1.43 0.043 

rs6142738 OSBPL2 6.60 7.03 5.73 1.04 0.94 - 1.14 0.447 

rs6770152 SFMBT1 6.48 6.57 7.20 1.06 0.92 - 1.13 0.641 

rs7307230 CERS5 6.08 6.75 7.07 1.12 0.95 - 1.27 0.187 

rs7932421 COLCA1 6.15 6.63 7.07 1.10 0.96 - 1.23 0.158 

Table 3.5 Comparison of total mutational load at 8 CRC risk eQTL in TCGA European 
samples. Median somatic mutational loads are shown for individuals with homozygous 
risk, heterozygous and homozygous nonrisk alleles. The Fold differences under 3 models 
are given (with respect to the risk group or the risk + het group for the dominant model), 
as well as the 95% confidence interval (95% CI) and p value (Wilcox rank sum). 
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The SMAD9 (rs493249) locus demonstrated the largest significant difference in total 

mutational load and was chosen for replication using 53 TCGA African and 120 whole 

genome sequenced in-house samples. The difference at COLCA2 was also significant, 

however the magnitude was smaller, and the gene was already the subject of 

investigations by other members of the host lab, hence SMAD9 was chosen.  

Replication at the SMAD9 variant with 120 in-house samples showed a similar (non-

significant) difference between homozygous genotype groups (fold difference = 1.11 

mut/Mbp) (Table 3.6 & Figure 3.5). This difference was not observed among TCGA 

African samples, but a dominant comparison did show a similar trend, with a lower 

mutational load among samples from the risk and heterozygous backgrounds compared 

to the nonrisk background (fold difference = 1.14 mut/Mbp) (Table 3.6).  

The lack of statistical significance was attributed to the smaller sample sizes of these 

sets. Comparisons in all datasets were affected by division into genotype groups which 

meant that minor alleles were always represented by fewer samples; the risk group in 

the TCGA African set was represented by just three samples, this also explained the wide 

confidence intervals for the comparisons. I decided not to compare TCGA African 

samples further in this analysis due to limitations by sample size.  
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Figure 3.5 Comparison of total mutational load; replication at the SMAD9 locus. TCGA 
African samples (left) and In-house (right). 
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Homozygous risk vs Homozygous nonrisk 

Dominant model 

Recessive model 

Table 3.6 Comparison of total mutational loads; replication at the rs493248 (SMAD9). 
Median mutational loads are shown for homozygous risk, heterozygous and homozygous 
nonrisk allele carriers. The 95% confidence interval (95% CI) and p value (Wilcox rank 
sum) for the differences are given, and the difference expressed as fold difference with 
respect to the risk group. 

 

In summary, I observed similar differences in somatic mutational loads at the SMAD9 

(rs493249) locus in the replication sets as were observed in the TCGA European discovery 

set, although not significantly in these smaller sets.  I explored the nature of these 

differences further in the next section. 

 

 

Dataset 

Median mutational load 
(Mut/Mbp) Fold difference 

(risk vs nonrisk) 95% CI p Risk Het Nonrisk 

In-house (n=120) 12.2 12.8 13.5 1.11 0.99 - 1.44 0.07 

TCGA African (n=53) 11.00 7.01 8.07 0.73 0.31 - 7.9 0.43 

Dataset 

Median mutational load 
(Mut/Mbp) 

Fold difference  
(Risk + Het vs 
Nonrisk) 95% CI p Risk Het Nonrisk 

In-house (n=120) 12.2 12.8 13.5 1.07 0.98 - 1.20 0.12 

TCGA African (n=53) 11.00 7.01 8.07 1.14 0.80 - 1.69 0.47 

Dataset 

Median mutational load 
(Mut/Mbp) 

Fold difference  
(Risk vs Het + 
Nonrisk) 95% CI p Risk Het Nonrisk 

In-house (n=120) 12.2 12.8 13.5 1.09 0.96 - 1.39 0.14 

TCGA African (n=53) 11.00 7.01 8.07 0.64 0.31 - 4.21 0.14 
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I proposed that the lower mutational load associated with the risk allele at the 

SMAD9 (rs493249) locus could be the result of a lower selection for functionally 

deleterious mutations in individuals already possessing some risk variance. To 

investigate this, I stratified the previous comparison into functionally deleterious and 

non-functional mutations, expecting to see a larger difference in functionally deleterious 

mutations if this was the case. However, a selection for deleterious mutations did not 

appear to be the case, since significant differences were observed for both functional 

classifications in TCGA European samples (Figure 3.6 & Table 3.7). Differences in the in-

house datasets were also observed in non-functional mutations (non-significantly) (Table 

3.7), but functionally deleterious mutations were much rarer in this dataset and a 

meaningful comparison could not be made.  

I also investigated splice site mutations for a difference which may support a possible 

interaction of SMAD9 with splicing, however, splice site mutations were also sufficiently 

rare in both datasets that no meaningful difference could be tested (median=0.00). 

Instead, a comparison of the mean mutational loads in TCGA European samples 

suggested a similar trend of depleted splice mutations among homozygous risk allele 

carriers relative to heterozygous and homozygous nonrisk allele carriers; homozygous 

risk = 0.57, heterozygous = 0.62, homozygous nonrisk = 0.77 mutations/Mbp.  

In conclusion, analysis in TCGA European samples showed that the differences in 

mutational load associated with the SMAD9 (rs493248) locus, were not confined to any 

functional category of mutations investigated. It was however difficult to replicate these 

observations in the smaller datasets. I suspected an underlying difference in the 

mutational mechanism generating the mutations rather than a selection for functional 

mutations. 
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Figure 3.6 Comparison of tumour mutational load stratified by mutation functional 
category at the rs493248 (SMAD9) locus. 
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TCGA European samples 

In-house samples 

Table 3.7 Difference in functionally deleterious, non-functional and splice site 
mutations by rs493248 (SMAD9). Comparisons between individuals with homozygous 
risk and homozygous nonrisk alleles. Median mutational loads are shown for 
homozygous risk, heterozygous and homozygous nonrisk groups. The 95% confidence 
interval (95% CI) and p value (Wilcox rank sum) for the differences are given, and the 
difference expressed as the fold difference with respect to the risk group. 

 

Microsatellite instability is a key mutational mechanism generating high mutational 

loads in approximately 15% of CRC. I previously noticed a bimodal distribution in 

mutational loads which I suspected was due to MSS and MSI tumours, and I questioned 

whether an unequal distribution of these may explain the difference in mutational load 

by genotype. Annotation with TCGA metadata revealed that the bimodal distribution in 

mutational loads indeed represented MSS/MSI-Low and MSI-High tumours respectively 

(Figure 3.7). The MSI-Low and MSS tumours had similar mutational loads, and these were 

Mutation type 

Median mutational load 
(Mut/Mbp) Fold difference 

(risk vs nonrisk) 95% CI p Risk Het Nonrisk 

Functional  0.99 1.26 1.33 1.34 1.05 - 1.54 0.018 

Non-functional  4.31  5.38 5.61 1.30 1.00 - 1.48 0.044 

Splice site  0.00 0.00 0.00 NA >0.99 - <1.01 0.155 

Mutation type 

Median mutational load 
(Mut/Mbp) Fold difference 

(risk vs nonrisk) 95% CI p Risk Het Nonrisk 

Functional 0.06 0.06 0.06 1.00 1.00 - 1.50 0.504 

Non-functional  12.10 12.70 13.50 1.12 0.99 - 1.44 0.068 

Splice site  0.01 0.01 0.01 1.00 1.00 - 2.00 0.201 
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subsequently combined as ‘MSS’ for the remainder of this work and MSI-H will be 

referred to as ‘MSI’. 

 
Figure 3.7 Distribution of mutational load and tumour microsatellite instability. TCGA 
European tumours. Frequency histograms faceted by germline genotype at the rs493248 
(SMAD9) locus. MSI-H = microsatellite instable high, MSI-L = microsatellite instable low, 
MSS = microsatellite stable. 

To investigate if the differences in mutational load were being driven by a distortion 

of MSI and MSS tumours between genotype groups, I repeated my comparison of total 

mutational load for MSI and MSS tumours separately. If the differences were indeed due 

to a distortion in the incidence of microsatellite instability, I expected to see no 

difference in mutational loads when MSI and MSS tumours were compared separately 

in this way.  
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The previously observed differences in mutational load were indeed smaller and less 

significant among MSS tumours alone, fold difference = 1.23 mutations/Mbp, p=0.05, 

but a difference was still apparent. No difference was observed among MSI tumours, fold 

difference = 0.88 mutations/Mbp, p=0.69, (Table 3.8 & Figure 3.8) (TCGA European 

dataset). In the in-house dataset I observed a similar result for MSS tumours, although 

MSI tumours were too rare to compare. 

I concluded that the difference in mutational load at the SMAD9 (rs493249) locus 

may be at least partially related to the distribution of MSS and MSI tumours. However, 

the multiple sub-setting of the data and the remaining difference among MSS tumours 

meant that further investigations were required to confirm this. 

 
Figure 3.8 Comparison of total tumour mutational load by MSI status at the SMAD9 
(rs493248) locus. TCGA European samples, MSI and MSS tumours combined (ALL) and 
separately. 
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TCGA European samples 

In-house samples 

Table 3.8 Comparison of total mutational load by tumour MSI status at the rs493248 
(SMAD9) locus. Comparisons between individuals with homozygous risk and 
homozygous nonrisk alleles. Median mutational loads are shown for homozygous risk, 
heterozygous and homozygous nonrisk groups. The 95% confidence interval (95% CI) and 
p value (Wilcox rank sum) for the differences are given and the differences expressed as 
fold difference with respect to the risk group. *There were no MSI tumours from 
individuals with the risk genotype in the in-house set to compare. 

 

 

 

 

 

 

MSI status 

Median mutational load 
(Mut/Mbp) 

Fold difference 
(risk vs 
nonrisk) 95% CI p Risk Het Nonrisk 

MSS only (n = 294) 5.09 6.26 6.24 1.23 1.00 - 1.36 0.05 

MSI only (n = 55) 98.35 75.49 86.74 0.88 0.38 - 1.57 0.69 

MSI status 

Median mutational load 
(Mut/Mbp) 

Fold difference 
(risk vs 
nonrisk) 95% CI p Risk Het Nonrisk 

MSS only (n = 103) 12.17 12.39 13.25 1.09 0.96 - 1.32 0.14 

MSI only (n = 17) NA* 100.17 83.82 NA* NA* NA* 
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Each of the variants which were selected to represent a risk locus, contributed to CRC 

risk, and associated with gene expression in normal colorectal mucosa. It is noteworthy 

that gene expression in the eQTL dataset was determined from a relatively large 

collection of rectal biopsies or surgical resections (n=406), and that they were from live 

patients and fresh frozen. Thus, the tagging variant resembled as best as possible cis-

regulated expression in the live tissue. Fresh samples exhibit some important differences 

from samples collected post-mortem, such as available through the GTEx (Lonsdale et 

al., 2013). The latter has been shown to have changes in expression of some genes as 

early as 6 hours after death due to cold ischemia (Ferreira et al., 2018). The colonic 

mucosa is also closely associated with the microorganisms that constitute the 

microbiome and therefore is one of the first tissues to be affected by autolytic changes. 

Ferreira et al. also showed that changes in gene expression in the colonic tissue 

correlated well with time after death and represented the highest number of 

differentially expressed genes of the 36 tissues they evaluated. This does not dismiss the 

post-mortem tissue databases as a valuable resources of gene expression, but adequate 

correction would be required for these factors. 

Investigations of mutational load demonstrated a relationship at two risk loci. The 

locus with the largest difference, SMAD9 (rs493249) appeared to be replicated in the 

independent datasets and was subsequently chosen as the subject for further study. My 

initial hypothesis for the difference in mutational load was that individuals with risk 

variance at the SMAD9 CRC risk eQTL required fewer additional driver mutations to 

develop a malignant phenotype. However, I showed that the association of mutational 

load appeared to extend to both functionally deleterious and non-functional mutations. 

Thus, I rejected my hypothesis in favour of a difference in an underlying mutational 
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mechanism. The separate comparisons of mutational load in MSI and MSS tumours did 

provide some support for this alternate hypothesis. 

However, the rejection of my first hypothesis may not have been entirely justified. 

For example, it may be that to acquire functionally deleterious mutations in driver genes 

one simply needs slightly more mutations on average to stochastically acquire those hits. 

In this case a variation in the number of driver mutations would still present itself as a 

difference in all types of mutations. In this chapter I did not investigate driver mutations 

specifically to be able to make this distinction but mutations in CRC driver genes and 

pathways are investigated further in Chapter 5.  

A marginally significant difference in mutational load at the SMAD9 (rs493249) locus 

remained when MSS tumours were compared on their own. It is possible that this 

difference in MSS tumours was due to the distorting effects of a few highly mutated 

outliers labelled as MSS. The cause of these outliers was not established; possibly these 

were wrongly assigned, or they represented other hypermutator phenotypes, for 

example variants in POLD1 or POLE. Such hypermutator variants were not found when 

germline exome sequencing was examined, and they were also not samples identified as 

having possible MUTYH variants (see Section 2.3.3). Structural variation and whole 

genome sequencing were however not available to determine this conclusively.   

It is also possible there were yet other unexplored factors affecting mutational load. 

A difference in DNA mismatch repair (MMR) function seemed a possible candidate. I 

already suspected a that the differences in mutational load resulted from an underlying 

difference in a mutational process since all mutation functional types seemed affected 

equally, and the difference in mutational load appeared to be at least partially related to 

the distribution of microsatellite instability. A bolstering of DNA MMR activity associated 

with risk variant at the SMAD9 locus could explain the lower mutational load in this 

genotype group as well as a lower tendency to develop microsatellite instability. The 
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relationship between SMAD9 and DNA MMR activity is further explored through a 

comparison of mutational signatures in Chapter 5 (Section 5.3.3). 

One of the caveats to the work in this chapter is that the analyses were not corrected 

for multiple testing. Several variants were investigated and differences in mutational 

load were compared under three different models. Additionally, the investigation of 

SMAD9 involved various subsets of the data which increased the chances of significant 

findings. I limited the number of multiple tests by selecting only a small subset of 8 CRC 

risk eQTL for investigation and I further tried to mitigate multiple testing issues by 

replicating my analysis in two smaller datasets. These smaller datasets had less power to 

detect significant differences but appeared to support my observations. In conclusion, I 

observed a difference in mutational load associated with the SMAD9 locus and I 

suspected an association with microsatellite instability. I decided to explore this further 

in Chapter 4. 
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 Investigation of the relationship 

between tumour microsatellite instability and 

common risk variance at the SMAD9 locus 

 

Previous investigations into the influence of CRC risk loci on the mutational load of 

colorectal cancers (CRC) identified a significant association at two risk loci. Individuals 

with risk alleles at these loci tended to have tumours with lower somatic mutational 

loads than individuals with nonrisk alleles. I selected the SMAD9 locus, which exhibited 

the largest difference, for further investigations. These investigations suggested that the 

difference in mutational load may have been partially associated with the frequency of 

highly mutated microsatellite instable (MSI) tumours occurring in individuals with risk 

and nonrisk alleles. In this chapter, I set out to verify this association and explore the 

relationship between microsatellite instability and variance at the SMAD9 locus by 

means of allelic comparisons of MSI status at the rs493248 tagging SNP. I investigated 

this first in the TCGA European samples and then replicated the results using samples 

from the TCGA African, in-house, Genomics England (GEL), and QUASAR2 datasets. 

The incidence of microsatellite instability among CRCs is estimated to be around 15% 

(Ashktorab et al., 2016; Boland & Goel, 2010; Ward et al., 2001). These tumours result 

from a defect in DNA mismatch repair (MMR). For the majority of MSI tumours this 

occurs because of epigenetic silencing (methylation) of the MLH1 promoter. In a smaller 

proportion of MSI tumours, this is a result of Lynch syndrome (LS), which is a germline 

inherited defect of DNA MMR. Tumours caused by LS are nearly exclusively MSI, 

however, LS is rare and accounts for only around 2% of CRC and around 13% of MSI CRC. 
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In this chapter I confirmed a distortion of MSI and MSS tumour incidence by SMAD9 

(rs493248) genotype. This also implied that this risk locus imparted risk differently for 

the development of MSS and MSI CRC. This distinction had not been demonstrated 

previously in genome wide association studies (GWAS). In the second part of this chapter 

I show how I investigated this through allelic comparisons between non-cancer controls 

and MSI and MSS CRC cases separately. The aim of this was to establish whether the 

association with microsatellite instability at this locus originated from:  

• A risk association which was limited to MSS CRC 

OR  

• A protective association for MSI CRC 

OR 

• Both of the above 

Since MSI tumours are a defining feature of LS, I also questioned whether carrying 

risk alleles at the SMAD9 (rs493248) locus could be protective against developing CRC in 

individuals with LS. Investigating SMAD9 as a potential modifier was important; LS 

conveys a very high lifetime risk of CRC and variation in cancer penetrance means that 

stratifying surveillance for those most at risk is critical for early detection and treatment. 

Current management is informed by our knowledge that incidence varies by variant gene 

(MLH1, MSH2 or MSH6; with cumulative incidences of developing CRC at 75yrs of 46%, 

43% and 15% respectively), and gender for MLH1 variant carriers, with males more 

commonly affected (Møller et al., 2017). Independent genetic risk modifiers may help to 

further stratify risk, but they may also identify potential therapeutic targets.  
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I then questioned whether a protective effect existed for MSI CRC which arose as a 

result from somatically acquired defects of MMR (i.e. not due to Lynch syndrome). Since 

most somatic-cause MSI tumours result from methylation of the MLH1 promoter, I also 

compared methylation array data which was available for TCGA samples.  

I had previously selected the CRC risk loci for having expression quantitative trait loci 

(eQTL) effects in normal colorectal mucosa. Risk alleles at the SMAD9 (rs493248) locus 

associated with lower expression of SMAD9. A possible protective association between 

expression of SMAD9 and MSI CRC could be an important finding, with the potential to 

inform preventative strategies or targeted treatments for MSI tumours. 

 

Having selected the SMAD9 locus for further investigations, I have included here a 

more detailed description of the locus and its relationship to CRC risk and SMAD9 

expression.  I represented variance at the SMAD9 locus through the rs493248 SNP which 

tagged both GWAS risk and the eQTL effect (Figure 4.1). The risk association at rs493248 

has OR=1.09, p=3.94x10-10, and the variation in SMAD9 expression has beta= 

-0.095, p=4.08x10-2. The GWAS lead SNP at the locus is rs12427600, OR=1.09, p=5x10-11 

(Law et al., 2019). The lead eQTL for SMAD9 in colorectal mucosa is rs9547700, beta=  

-0.106, p=3.6x10-6 (unpublished data by the host lab). Rs493248 served as a reasonable 

(but not perfect) proxy of both, with linkage disequilibrium to the lead SNPs of >0.85 in 

European populations (LDlink) (Machiela & Chanock, 2015).  
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Figure 4.1 The SMAD9 CRC risk locus and eQTL. FDR = false discovery rates for GWAS 
risk (blue points, lead SNP rs1247600 in dark blue) and the eQTL with SMAD9 (rose 
diamonds, lead eQTL rs9547700 in maroon). The tagging variant, rs493248, is shown in 
teal. 

 rs12427600 rs493248 rs9547700 

rs12427600 1.0   

rs493248 0.923 1.0  

rs9547700 0.815 0.887 1.0 

Table 4.1 Linkage disequilibrium between rs493248 and the lead GWAS and eQTL SNPs 
at the SMAD9 locus (r2). 

The eQTL with SMAD9 in normal colorectal tissues (n=406) was additionally verified 

in GTEx (n=368, transverse colon, normalized effect size=-0.15, p=2.9x10-6) (Aguet et al., 

2017), as well as a smaller study from the Colonomics project which showed a similar but 

non-significant association (n=97, all colonic tissues, Pearsons R=-0.11, p=0.2) (Moreno 

et al., 2018). 
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Figure 4.2 The SMAD9 eQTL in normal colorectal mucosa. Expression of SMAD9 at the 
ILMN_1815385 probe, beta=-0.095, p=4.08x10-2. GWAS risk and nonrisk genotypes are 
shown. 
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Samples from the 5 datasets of CRC cases (described in Chapter 2) were used for the 

analyses in this chapter. For each of the 5 datasets I also curated genotype counts from 

matching non-cancer control populations, selected as the best available ethnic match. 

Samples from TCGA were matched to the relative populations in gnomAD (v3.0) 

(Karczewski et al., 2020); in-house samples were matched with a separate set of in-house 

controls curated for GWAS (see Section 2.4); QUASAR2 samples matched by the 1958 

Birth Cohort (Section 2.6.3); and GEL CRC cases were matched by unaffected parents 

from the rare disease cohort in GEL (Section 2.5.3.1). In addition to the 5 sets of case-

control samples, 2 datasets came from individuals with LS (with and without CRC) and 

were used to investigate a potential modifier effect of SMAD9 variance on LS (Table 4.2). 

Table 4.2 Genotype frequencies at rs493248 for all samples used to investigate the 
relationship between SMAD9 and tumour microsatellite instability. MAF = minor allele 
frequency overall, HWE = Hardy-Weinberg Equilibrium p value. * = Using the rs12427600 
SNP as proxy for rs493248. 

Samples Total 

rs493248 

MAF HWE Risk Het Nonrisk 

TCGA European cases 382 26 155 201 0.27 0.70 

African cases 50 3 24 23 0.30 0.50 

European control 
(gnomAD) 

32252 1815 11640 18797 0.24 0.96 

African control (gnomAD) 20955 1877 8787 10291 0.30 1.00 

In-house Cases 557 42 219 296 0.27 0.91 

Controls 9746 609 3524 5,613 0.24 0.08 

LS (Sanger 
seq’d) 

Cancer 28 0 9 19 0.16 1.00 

No cancer 27 1 13 13 0.28 0.63 

LS 
(MOMA*)  

Cancer  751 63 247 441 0.25 <0.01 

No cancer 98 5 31 62 0.21 0.76 

QUASAR2 Cases 802 65 297 440 0.27 0.15 

Birth cohort controls 2664 137 959 1568 0.23 0.59 

GEL Cases 1744 121 635 988 0.25 0.59 

Unaffected parents from 
rare diseases 

13687 748 4836 8103 0.23 0.59 
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To increase the available samples with MSI annotation for this study, I used the 

software MANTIS (Kautto et al., 2017) to estimate MSI status computationally from 

sequencing data for samples which did not have a PCR-based test result. MANTIS is a tool 

for identifying microsatellite instability from paired tumour-normal sequencing. It 

requires an input list of microsatellite loci, and after quality control of reads at these loci, 

it compares the distributions of repeat lengths between the tumour and normal bam 

files. The difference at each locus is scored in turn, and a mean difference for all tested 

loci is output as the Step-Wise-Difference (SWD) value in the form of a numeric between 

0 and 2 with a default threshold of MSI > 0.4. This had been optimized by the authors for 

use with exome sequencing data. In total, MANTIS derived MSI status was used for 71 of 

the in-house samples and the 1744 samples from GEL.  

 

I validated MANTIS results using the 120 in-house samples which had been whole 

genome sequenced (WGS), 49 of which were also MSI typed with a PCR-based test from 

Promega. MANTIS was run by Dr Alison Meynert5 using the 2539 top performing 

microsatellites published by the authors of the software. The default threshold of 0.4 

classified 9% of tumours as instable, which was lower than expected. Because in-house 

samples were whole genome sequenced rather than exome sequenced, I decided to 

adjust this threshold. I compared SWD density distributions from the MANTIS pan-cancer 

paper (Bonneville et al., 2017) with a similar plot I created for in-house samples, and 

decided that a SWD threshold of > 0.25 appeared to replicate the classification better, 

 
5Dr Alison Meynert, IGMM Bioinformatics Core Manager, MRC Human Genetics Unit, MRC Institute of 

Genetics & Molecular Medicine, The University of Edinburgh. 
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(Figure 4.3 & Figure 4.4). By this definition 13.3% of samples were MSI which was in line 

with the expected 15%. 

 

Figure 4.3 Step-Wise difference density distributions of MANTIS in the Bonneville 
study. Adapted from Bonneville, R. et al: J Clin Oncol Precision Oncology Vol.1, 2017: 1-
15 (Figure A1) and reprinted with permission. © (2017) American Society of Clinical 
Oncology.  All rights reserved. COAD = colon adenocarcinoma, READ = rectal 
adenocarcinoma. 

 

Figure 4.4 Step-wise difference density distribution for MSI status in 120 in-house 
samples. The chosen threshold of 0.25 is indicated. 
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To validate the adjusted SWD threshold, I compared the tumour MSI classifications 

by MANTIS with the Promega PCR test result in the 49 samples for which both were 

available (Table 4.3). Assuming the Promega PCR test as the gold standard, a reasonable 

accuracy was achieved with the selected threshold of 0.25 (Table 4.5).  

 
PCR (Promega kit) 

MSI MSS 

Computational 
(MANTIS) 

MSI 3 1 

MSS 2 43 
Table 4.3 Comparison of MSI annotation by MANTIS and the Promega PCR kit.  

I investigated whether a more optimal comparison could be made by rerunning 

MANTIS as an in-silico version of the Promega PCR kit, based on just the 5 microsatellite 

repeats this assessed, rather than the 2539 suggested by the MANTIS authors. The 

required bed file for this was created with Repeat Finder (which comes bundled with 

MANTIS) and the reference genome fasta file (GRCh38.d1.vd1). The result was then sub-

set for the Promega kit markers: 

BAT25    chr4    54732045   54732070 (T)25   0       + 

NR-24    chr2    95183613   95183636 (T)23   0       + 

BAT26    chr2    47414420   47414447 (A)27   0       + 

MONO-27  chr2    39309548   39309575 (T)27   0       + 

NR-21    chr14   23183137   23183158 (A)21   0       + 

 

I reran MANTIS with these microsatellites and the authors’ exome-wide suggested 

settings (as opposed to targeted sequencing). After assessing the SWD density plot, I set 

an arbitrary threshold of 0.77 for this rerun. In 2 of the 120 samples none of the 5 

microsatellites could be assessed because of low coverage (one of these was typed MSI 

by the Promega kit). The results classified 11.9% of tumours as instable. This classification 

was also compared to the Promega PCR test result (Table 4.4 & Table 4.5). 
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PCR (Promega kit) 

MSI MSS 
Computational (MANTIS) 
Confined to 5 Promega 
microsatellites 

MSI 2 0 

MSS 2 44 

Table 4.4 Comparison of MSI classification by MANTIS confined to the Promega 
microsatellite regions and the Promega PCR kit. One sample which was MSI by the 
Promega kit could not be typed by MANTIS when confined to the 5 microsatellites 
because of low coverage over these regions. 

Method Sensitivity Specificity Accuracy 

MANTIS default  
(2539 microsatellites) 

(3/5) 60% (43/44) 97.7% (46/49) 93.9% 

MANTIS confined to 5 
Promega microsatellites 

(2/4) 50% (44/44) 100% (46/48) 95.8% 

Table 4.5 MANTIS performance compared to Promega kit PCR results. 

MANTIS was highly specific when run with both the default 2539 microsatellites, and 

the 5 Promega kit microsatellites. Although neither method was highly sensitive, the 

2539 microsatellite default performed slightly better on that metric despite a lower 

accuracy overall. Two 120 samples failed to be classified at all when MANTIS was run 

with the 5 Promega microsatellites, therefore I concluded that using MANTIS with 2539 

genome wide microsatellites was preferable.  

The poorer performance from the in-silico replication by MANTIS using the Promega 

microsatellites was not surprising. In a publication describing MANTIS performance over 

multiple cancer types (Bonneville et al., 2017) the authors stated that only two Bethesda 

Panel loci featured among the 2539 top performing MANTIS loci, and that none were 

present in a set of 22-top performing loci they identified. The Bethesda Panel is a similar 

5 microsatellite PCR method with comparable results to the Promega test (Murphy et 

al., 2006). Even though MANTIS performs well with as few as 10 computationally chosen 
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loci, it can be concluded that the microsatellites used in these molecular techniques 

perform less well with MANTIS and this probably relates to the ability to sequence them.  

The sensitivity of MANTIS was lower than expected, where even the 2539 

microsatellite version only picked up 3 of the 5 MSI tumours identified by PCR despite 

the adjustment of the SWD threshold. In the published benchmarking of MANTIS, the 

authors used an MSI enriched population of ~50% MSI, which could explain their higher 

reported sensitivity. Additionally, differences in sequencing of in-house samples and 

those assessed in the publication could have influenced MANTIS’ performance. The use 

of WGS rather than exome sequencing data was also the reason for selecting an 

alternative SWD threshold, which was chosen using the SWD density plot as the best 

available guide. 

In conclusion, a PCR-based test was the preferred method for MSI detection and was 

used in this thesis where available. However, MANTIS using a set of 2539 genome wide 

microsatellites was a reasonable alternative when tumour-normal DNA was not 

available. Although it lacked sensitivity, MANTIS performed better than other 

computational tools in the authors’ benchmarking. 

 

The author-recommended SWD threshold of 0.4 classified 25.7% of GEL tumours as 

MSI, a much greater proportion than expected. The adjusted threshold of 0.25, which 

was 93.9% accurate for in-house samples, classified even more GEL samples as MSI. 

Instead, I chose to adjust the SWD threshold again based on a similar segregation of the 

density distribution to the one depicted by the authors (Figure 4.5). I justified the 

requirement to adjust this threshold again, with the technical differences associated with 

sequencing between these datasets, and I also verified the new threshold with a 
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summary of MSI and MSS tumour characteristics. For GEL I chose a SWD threshold of 0.6 

which categorized 15.7% of samples as MSI.  

 

Figure 4.5 Density of MANTIS Step-Wise difference values for classification of MSI 
status in GEL samples. The chosen cut-off of 0.6 is indicated. 

The characteristics of MSI and MSS tumours by this classification reflected well the 

known clinical features of these tumours (Table 4.6); MSI tumours were predominantly 

right sided lesions in older female patients. These were also characterized by a high 

mutational load and with frequent mutations in the polyadenine repeats of ACVR2A and 

TGBFBR2 (see Section 5.2.1.8). 

 

 Mutational load 
(mutations/Mbp) 

Female 

Age at 
diagnosis 
(mean) 

Right 
sided 

Mutated 

Mean Median 
ACVR2A 
A8 

TGFBR2 
A10 

MSI  79.2 71.6 54.9% 72 years 77.7% 95.2% 91.2% 

MSS 7.6 3.7 38.2% 68 years 31.9% 2.6% 2.1% 

Table 4.6 Characteristics of microsatellite stable and unstable tumours in GEL as 
classified by MANTIS. 
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To test the existence of a statistically significant association between tumour 

MSI/MSS status and germline variance at the SMAD9 locus tagged by rs493248, I 

presented the data as contingency tables of counts. These comparisons are repeated 

throughout this thesis and are used also to compare other variables, such as MLH1 

methylation status or gene mutation status. I shall therefore refer to the dependent 

variable categories (e.g. MSI status/MLH1 methylation/gene mutation) generally as 

case/control status. The way in which an individual can be represented in a contingency 

table depends on whether allelic or genotypic counts are compared, and whether a 

specific genetic effect is expected, i.e. dominant or recessive. 

An allelic model describes a 2 x 2 table of counts (in the case of a biallelic variant), 

comparing reference and alternate alleles by case/control status. For example, a 

homozygous reference case sample (AA) would contribute two alleles to the reference-

case quadrant, and a heterozygous control sample (Aa) would contribute one count to 

the reference-control quadrant and one count to the alternate-control quadrant. This 

model has three assumptions (G. M. Clarke et al., 2011): 

• Hardy-Weinberg Equilibrium (HWE) is present in the population tested. This 

ensures that under the null hypothesis of no association there is HWE in the 

controls and cases. 

• The test condition has a low prevalence (<10%) to ensure HWE in controls. This 

is so that under the alternative hypothesis the controls are in HWE. 

• Disease risks are multiplicative. To ensure cases are also in HWE.  
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HWE was present in all populations tested. For most comparisons, the prevalence of 

the test condition was < 10%, apart from comparisons of tumour MSI status and later 

comparisons of mutations in tumour growth factor beta signalling. The relationship 

between germline genotype and case status varied between datasets, however in most 

cases heterozygotes lay between the two homozygote genotypes. A multiplicative or 

additive relationship was not formally tested and varied between datasets. 

In a genotypic model, individual genotypes rather than alleles are compared with 

case/control status. At its simplest this is an additive comparison as a 3 x 2 χ2 test, (AA, 

Aa and aa by case-control status). An estimate of direction and effect size is given by 

separate 2 x 2 comparisons (i.e. AA vs aa, and either AA vs Aa or Aa vs aa) which gives an 

indication of a dominant or recessive relationship. Alternatively, in a genotypic dominant 

or genotypic recessive comparison, heterozygotes are respectively combined with 

homozygous alternate or homozygous reference individuals. A genotypic model was not 

selected because there was no consistent dominant or recessive relationship, and a 

genotypic additive comparison is less powerful than an allelic model at detecting an 

effect. 

The Cochran Armitage trend test is a specific χ2 case which tests the existence of a 

trend in categorical data where one of the variables is ordered (i.e. genotype). It is often 

used for genetic data, where genotypes are ordered and test outcome is nominal, i.e. 

case/control. This test assumes > 5 counts per quadrant and this assumption was 

invalidated in some datasets, so I decided not to use this. 
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The allelic model was selected as the most appropriate test because it was agnostic 

to the mode of inheritance (i.e. dominant or recessive). I implemented it through a two-

tailed Fisher’s Exact test, which did not require > 5 counts per quadrant, and was 

therefore also suitable for the smaller datasets (Table 4.7). 

 Case Control Row Total 

Risk allele a b a + b 

Nonrisk allele c d c + d 

Column Total a + c  b + d a + b + c + d = 2n 

 

(𝑎 + 𝑐)/2𝑛 = 𝑐𝑎𝑠𝑒 𝑝𝑟𝑒𝑣𝑎𝑙𝑒𝑛𝑐𝑒 

(𝑎 + 𝑏)/2𝑛 = 𝑀𝐴𝐹 

Table 4.7 Allelic case-control model utilized for comparisons at the SMAD9 locus. Each 
individual (n), contributes two alleles according to their germline genotype at the 
rs483249 tagging SNP, chosen to represent the SMAD9 locus. The GWAS risk allele at this 
locus is the minor allele. Implemented through a Fisher’s Exact test. The relationship of 
the quadrants to the minor allele frequency (MAF) and case prevalence are 
demonstrated. 

 

The association between rs493248 and MSI was initially tested in TCGA European 

samples. To test the likelihood that this initial result was due to chance, I permuted host 

germline genotypes with tumour MSI status, keeping the minor allele frequency 

constant. For each genotype group I generated a probability distribution of MSI incidence 
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with 10,000 permutations, defined the 95th percentiles for these distributions, and used 

these to calculate two-tailed p values. The observed MSI prevalence in each genotype 

group was then compared to the permuted distributions. 

 

Findings in TCGA European samples were replicated in 50 TCGA African, 557 In-

house, 802 QUASAR2 and 1744 GEL samples, and the results were combined in meta-

analyses. These were conducted using the package meta (v4.13) (Schwarzer, 2014) 

implemented in R3.6.3 (R Core Team, 2017), following the methodology described by 

Harrer et al., (2019). I assumed the risk allele as the experimental condition and the 

nonrisk allele as the control. The dependent categorical variable of interest (e.g. MSI 

tumour/mutated gene status) was considered the event. A fixed-effect model was 

chosen because I expected a similar effect in datasets with ethnically similar samples. 

Only TCGA African samples were of different ethnicity. However, because of the 

considerably smaller size of this dataset it weighted lower in the final effect size estimate, 

and impact of variation in this set would be minimal. 

 

Prior to replicating the results obtained in the TCGA European datasets, I carried out 

analyses of statistical power to estimate the power of detecting a true effect in the 

replication sets. I simulated power for a range of sample sizes and anticipated odds ratios 

based on my observations in TCGA, and for the sample sizes of the replication cohorts. 

This was done for a two tailed Fisher Exact test using the power.fisher.test() function 

from the statmod package (v1.4.34) (Giner & Smyth, 2016). The frequencies of cases 

associated with the risk and nonrisk alleles were derived using the expected overall case 

prevalence, minor allele frequency (MAF) and desired detectable odds ratio (OR). 
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Expected power was calculated only for a single test comparison and did not include 

modelling for meta-analysis. 

 

Firstly, I estimated the power of detecting a significant distortion in rs493248 alleles 

between individuals with MSI and MSS tumours for the other CRC datasets. I assumed 

MSI prevalence of 0.15 from my initial analysis in TCGA, and a MAF=0.28, since this was 

the overall MAF among all European individuals with CRC in TCGA. Modelling indicated 

that if the true OR < 0.52 as estimated in TCGA, and the MAF remained consistent, then 

I would have good power (> 0.75) to detect a distortion of MSI in replication sets which 

had larger samples sizes than TCGA (n=382) (Figure 4.6). However, if the true OR > 0.52, 

then I may have had insufficient power to detect the effect in a sample size similar to 

TCGA, but I would still have had adequate power (> 0.80) to detect an OR < 0.70 in larger 

replication sets such as the GEL sample set (n=1744). 
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Figure 4.6 Power curves for comparison of rs493248 between MSI and MSS tumours. 
For range of possible odds ratios (OR). I assumed a minor allele frequency of 0.28 among 
all tumours and an MSI prevalence of 15%. 

 

To investigate whether rs493248 variance imparted differential risk for MSS and MSI 

CRC, I carried out two separate allelic comparisons of individuals with MSS and MSI CRC 

against normal non-cancer controls. The number of samples in these comparisons was 

much greater because of the size of control datasets, meaning also that the case-

frequencies were relatively lower. For the power calculation of this first comparison 

(MSS CRC with non-cancer controls), I assumed a MAF of 0.24 because the proportion of 

cases in the comparison was very low and the overall MAF was predominantly 
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represented by control samples (gnomAD [European] MAF=0.24). Case prevalence 

varied between 0.004 and 0.267 for datasets compared, and I chose 0.05 for modelling. 

Under these conditions the curves illustrate that for an OR > 1.30 and total sample sizes 

> 32,579 (observed for TCGA comparison), replications would be well powered to detect 

this effect size (power approaching 1.00). Replication control datasets were not as large 

as this however, but replications with >10,000 total samples (achieved by GEL and in-

house comparisons) would still be adequately powered (> 0.80) to detect an association 

of this magnitude (Figure 4.7). 

 

Figure 4.7 Power curves for comparison of rs493248 between MSS tumours and 
matched non-cancer controls. For a range of odds ratios (OR). I assumed an overall 
minor allele frequency of 0.24 and a prevalence of MSS tumours of 0.05 in this 
comparison. 



124 

 

 

Next, I calculated the power for the second comparison; MSI CRC with non-cancer 

controls. These comparisons had an even lower case prevalence (0.0006 - 0.0412 in all 

datasets) due to the relative rarity of MSI CRC. Power curves with a case prevalence of 

0.01 are demonstrated (Figure 4.8). A MAF of 0.24 was again assumed representing the 

controls which made up most of the samples in this comparison also. For an OR < 0.88 

and sample sizes > 32,307 (observed between MSI tumours from TCGA and gnomAD 

controls) this model suggested that detecting a significant protective association 

between the risk allele and MSI CRC would be underpowered, and I would not be able 

to replicate this comparison with enough power in other datasets.  

The lack of power demonstrated by this model resulted from the relative rarity of 

MSI CRC. MSI CRC can come about in several ways and is therefore still a relatively  

heterogeneous group. To reduce the noise in the data as much as possible and maximise 

the power of finding an effect in the given datasets, I asked a subtly different question; I 

instead compared only individuals with somatically acquired MSI CRC (MSI tumours with 

MLH1 promoter methylation) which I hypothesized were driving the association. In this 

way I hoped to increase power by detecting a larger effect size. To detect instead an OR 

< 0.64 (observed in TCGA European samples) with power > 0.80 would require at least 

15,000 samples, 150 of which were methylated MLH1 MSI cases. However, because 

methylation data was only available for TCGA samples I did not have the required cases 

to replicate this comparison. 
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Figure 4.8 Power curves for comparison of MSI CRC and matched non-cancer controls. 
By Fisher Exact at rs493248. Power is shown relative to total sample size for a range of 
odds ratios (OR). A total prevalence of 0.01 MSI CRC is assumed. The dashed line 
indicates the required total sample size (15,000 of which 150 cases) to detect a 
significant effect size of 0.64 with power > 0.80. 

 

The identification of individuals with LS in the 5 CRC datasets was necessary to 

exclude these individuals from comparisons of somatic-cause MSI CRC. Since Lynch 

syndrome is a germline cause of MSI CRC these samples were excluded. LS was previously 

identified for 4 individuals from the TCGA datasets (see Section 2.3.3) and 50 samples 

from the in-house dataset (Chapter 2 and Figure 2.15). Information to identify individuals 

with LS was not available for the QUASAR2 dataset, and these samples were not included 
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in comparisons of somatic-cause MSI. For GEL samples, participants with pathogenic 

germline variants in MMR genes were identified as follows. 

 

First, germline VCF files were filtered for regions containing MMR genes, and then 

VEP (v98) (McLaren et al., 2016) was used with the Genotype2Phenotype (G2P) 

(Thormann et al., 2019) plugin to identify likely pathogenic variants. For this, the 

software’s ‘Cancer gene-disease pairs and attributes’ list published on its website 

(https://www.ebi.ac.uk/gene2 phenotype/downloads) was used, subset for biallelic or 

monoallelic loss of function mutations in MLH1, MSH2, MSH6, or biallelic mutations in 

PMS2. The output included one line for each call matching these criteria (two if 

monoallelic and biallelic conditions met). Only canonical transcripts were used. Four 

genomic locations were either too commonly returned to be considered real (> 1000), 

or in repetitive low complexity regions and not associated with MSI enrichment and 

excluded: 

(MLH1) 

• chr3:37050532-37050534 

(MSH2) 

• chr2:47414418  

• chr2:47414420-47414421  

• chr2:47471006-47471008 

Exclusion of the above regions left 93 participants with loss of function variants in 

MLH1, MSH2 or MSH6; none were identified in PMS2. However, only 26.9% of these had 

MSI tumours as defined by MANTIS, and the mean age of diagnosis was 67 years, 

https://www.ebi.ac.uk/gene2%20phenotype/downloads
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indicating only a low enrichment for LS-associated clinical features. Filtering for 

homozygous, stop-gained/frameshift or damaging PolyPhen (Adzhubei et al., 2010) and 

SIFT (Vaser et al., 2016) scores also failed to identify cases with the expected 

characteristics. While LS was not clearly excluded from GEL sample selection criteria, it 

is possible they were underrepresented in this set or included instead in the rare disease 

categories of GEL, in which case the expected samples would not exist. For my analysis 

of rs493248 SNP relationship to somatic-cause MSI CRC, it was necessary to definitely 

remove all samples with LS, so I chose a conservative approach which preferentially 

excluded possible LS samples at the cost of remaining sample size. The following criteria 

categorized samples as LS: 

• MSI tumour and under the age of 50 at diagnosis 

OR 

• MSI and presence of a stop gained, frameshift or splice acceptor germline variant 

identified in an MMR gene by G2P 

Combined, this categorized 22 samples (1.3% of all samples) as LS. The mean age at 

diagnosis for these samples was 51 years, 63.6% were male and all had MSI tumours (by 

selection). I justified the selection of young individuals with MSI tumours which had no 

evidence of pathogenic sequenced variants because large structural variants were not 

assessed, and these individuals would be missed by G2P anyway. Most individuals for 

whom I identified a sequenced variant with G2P were older than 50 at diagnosis. These 

were however not excluded either, as most Lynch families in the UK today have been 

identified and will be screened closely, treated early, and individuals are thus more likely 

to survive to older age. Hence, it is possible LS may be present in participants older than 

50 years of age. 
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To investigate whether variance at the SMAD9 (rs493248) locus could modify CRC 

risk in individuals with LS (who develop almost exclusively MSI CRC), I asked two 

questions: whether germline genotype at the SMAD9 tagging variant correlated with 

cancer/no cancer outcome in individuals with LS, and whether germline genotype 

associated with the age of onset of cancer in these cases. Two additional datasets of 

individuals with LS were used for these analyses, consisting of 55 Sanger sequenced 

samples and 849 samples curated from an unpublished study into Modifiers of Mismatch 

Repair (MOMA) (Table 4.8). LS had been established previously for both datasets by 

targeted germline sequencing and manual curation for a pathogenic mutation in DNA 

MMR genes by the host research group.  

Firstly, I tested for allelic distortions between LS patients with and without CRC. For 

this I used the 50 in-house array-typed CRC samples with LS (part of the in-house set). I 

supplemented these with the 55 Sanger sequenced individuals. I replicated the 

comparison in the larger MOMA dataset (n=849), which did not contain any overlap with 

previous analysis and was not subject to the same sample selection biases previously 

described for the in-house dataset (see Section 2.4.5).  

Additionally, I investigated the effect of SMAD9 on cancer outcome in the MOMA 

samples using a Cox Proportional Hazard model which included the mutated MMR gene 

(MLH1 or MSH2) and gender as predictor variables. For this, individuals carrying risk 

alleles were combined (homozygous risk and heterozygous) and compared against 

individuals with no risk alleles (homozygous nonrisk) in a dominant comparison. Because 

the risk allele at rs493248 was also the minor allele, a dominant comparison generated 

similar sized groups and had a greater power to detect significant differences. 
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Samples Description Information 
used 

Analysis 

50 array 
typed 
samples 

These were previously described 
as part of the in-house set. 46 
were annotated for MSI/IHC and 
overlapped with other analysis 

Germline 
genotypes 

Comparison of 
allelic 
frequencies 
between 
individuals with 
and without CRC 

55 Sanger 
sequenced 
samples 

55 additional sanger sequenced 
samples from Lynch families. 28 
with CRC and 27 without. 
Combined with the above. 

Germline 
genotypes 
 
Cancer status 

849 MOMA 
samples 

849 samples from individuals with 
LS due to pathogenic germline 
variants in MLH1 or MSH2. 751 
with CRC and 98 without 

Germline 
genotypes* 
 
Age at 
diagnosis 
 
MMR gene 
affected 
 
Gender 

Replicating 
comparisons of 
allelic 
frequencies 
 
Cox-proportional 
hazard model  
 
Cancer-free 
survival analysis 

Table 4.8 LS samples used to investigate the SMAD9 locus as a modifier of Lynch 
syndrome. *rs12427600 proxy 

I investigated CRC-free survival time using Kaplan Meier analyses in the MOMA 

dataset. For this, individuals without CRC were included in the model but censored at the 

age of sampling. Analyses were conducted with packages survival (v2.38) (Therneau, 

2015) and survminer (v0.4.6) (Kassambara et al., 2019). 

 

For 55 samples with Lynch syndrome, germline genotype at rs493248 was 

established by Sanger sequencing, (28 cases and 27 without cancer). Germline DNA was 

stored at -80°C. Primers were purchased from Integrated DNA Technologies, forward 5’-

TATGGATGTCCTAGCCAGTGC-3’, reverse 5’-GGTGCCCAAGAAATCTGGACT-3’ and diluted 
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to a working concentration of 20uM. Target DNA was first amplified on a 96-well plate; 

each well contained 7.5ul DreamTaq Green PCR Master Mix (x2) (Thermo Scientific; 

#K1081), 0.375ul each of forward and reverse primers, 1ul genomic DNA and 6.75ul H20. 

The thermal cycle was as follows; 95°C for 5 minutes, 30 cycles of 95°C for 30 seconds, 

58°C for 30 seconds, 72°C for 30 seconds, followed by 72°C for 5 minutes. Successful 

amplification of a product was verified as a ~596bp band by electrophoresis on a 2% 

agarose gel with TBE buffer containing 0.2ul/ml ethidium bromide. Next 5ul amplified 

product was cleaned with 2ul ExoProStar 1-step (Illustra; #GEUS77705) and incubated at 

37°C for 15 minutes followed by 80°C for 15 minutes. 1ul of the cleaned product was 

then further amplified and prepared for sequencing with 1ul BigDye Terminator v3.1 

Ready Reaction Mix (Thermo Scientific; #4337454), 1ul primer and 7ul H2O. Two wells 

were prepared for each sample, one with the forward and one with the reverse primer. 

The thermal cycle was as follows; 37°C for 15 minutes, 80°C for 2 minutes, 96°C for 1 

minute, and then 25 cycles of: 96°C for 10 seconds, 50°C for 5 seconds, 60°C for 75 

seconds, and ending with 4°C hold. DNA was precipitated with 1ul NaOAc and 25ul 100% 

ethanol in each well and centrifuged at 2500rpm at 4°C for 30 minutes, followed by a 

25ul 70% ethanol wash. Samples were air dried and stored at -20°C prior to sequencing 

by Technical Services at the MRC Human Genetics Unit6. Sequences were read and 

viewed with Consed (Gordon et al., 1998), recording the sequenced base at the 352th 

position. Samples with base mismatches from the forward and reverse primer samples 

where discarded. 

 

Germline genotypes from 849 individuals with Lynch syndrome (751 with CRC and 98 

without), were curated from the MOMA dataset. Samples had been array typed on one 

of two different arrays: 539 MSH2 variant carries were typed on an Omni Exome Express 

 
6 Technical Services, MRC Human Genetics Unit, MRC Institute of Genetic & Molecular Medicine, The 

University of Edinburgh 
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(8v1) array and 310 MLH1 variant carriers had been typed on another unknown array. 

Neither array included the rs493248 variant so the nearest variant present on both 

arrays was used as a proxy: rs12427600 (r2 to rs493248 = 0.92 in Europeans). This SNP 

was extracted using Plink2 (v2.00) (Chang et al., 2015).  
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A comparison of allele frequencies between individuals with MSI and MSS CRC from 

the TCGA European dataset, demonstrated a significant association; OR=0.52, 

95%CI=0.31-0.87, p=0.01. MSI tumours were relatively depleted (7.7%) among 

individuals with homozygous risk alleles, compared to heterozygotes (9.7%), and 

relatively enriched among homozygous nonrisk allele carriers (18.9%) (Figure 4.9 & Table 

4.9). Since MSI tumours have a mutational load one to two orders of magnitudes greater 

than most MSS tumours, this distribution may well have contributed to the differences 

in mutational load observed in Chapter 3. 

 

Figure 4.9 Proportion of MSI and MSS tumours by germline genotype at the SMAD9 
(rs493248) locus. TCGA European dataset. 
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rs493248 MSI tumours MSS tumours Proportion MSI (%) 

Homozygous risk 2 24 7.7 
Heterozygous 15 140 9.7 

Homozygous 
nonrisk 

38 163 18.9 

Table 4.9 Germline genotype counts at the SMAD9 (rs493248) risk locus for  individuals 
with MSI and MSS tumours. TCGA European sample set. 

 

I observed almost a complete absence of MSI tumours on the risk allele background. 

To explore whether any clinical features defined the two TCGA-European individuals who 

did have MSI tumours on the risk allele background, I reviewed their metadata. Both 

were males with caecal cancers, both diagnosed at stage I, and they were diagnosed at 

54 and 79 years of age. They were unremarkable other than the first had a somatic 

variant in the 5-prime untranslated region of MLH1 (NM_000249.4(MLH1):c.199G>A 

(p.Gly67Arg)). In germline, this same variant is pathogenic for LS (ClinVar) (Landrum et 

al., 2016). This suggested that this individual’s MSI cancer was caused by a somatic 

mutation of MMR genes, rather than methylation of the MLH1 promoter which is more 

common. No alternate alleles were identified in the matched-normal sample, so it was 

unlikely this was undetected Lynch syndrome. The second individual’s tumour was 

classified as having methylation at the MLH1 promoter. Apart from one of these tumours 

likely arising through somatic mutation rather than methylation, nothing remarkable was 

found. 

 

To determine whether the association in TCGA European samples was likely to have 

occurred by chance, I carried out a permutation analysis. The observed prevalence of 
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MSI in each genotype group was compared to the distributions generated by 10,000 

permutations of MSI status by genotype. The observed prevalence of MSI in 

heterozygous and nonrisk groups fell into the 95th percentiles of the permuted 

distributions. This meant that the observed proportions in these group were unlikely to 

have occurred by chance, p=0.026 and p=0.008 respectively (two-tailed test). The likely 

reason this was not observed in risk samples was the smaller size of this group. I 

concluded that the observed correlation between tumour MSI status and risk variance 

at the SMAD9 (rs493248) locus was unlikely to have occurred by chance (Figure 4.10).  

 

Figure 4.10 Permutated distributions of MSI tumour incidence at the SMAD9 risk locus. 
The distributions represent permutations of the proportion of MSI tumours expected in 
each genotype group (faceted) by chance in TCGA European samples. The dashed lines 
demarcate the 95% confidence intervals of these distributions and the arrows the real 
observed proportions of MSI tumours in each group. When the arrow falls outside of the 
central 95% of the distribution, the observed proportion of microsatellite instability is 
unlikely to have occurred by chance. Due to the small number of homozygous risk allele 
carriers, this permuted distribution is wide and stepped. 
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Modelling the association as a logistic regression between SNP genotype and MSI 

status also showed a significant correlation with the risk allele; -0.68, p < 0.05, (or 

expressed as OR=0.51, 95%CI=0.29 - 0.84). 

 

I replicated the allelic comparison of rs493248 between individuals with MSI and MSS 

tumours in 50 TCGA African, 557 In-house, 802 QUASAR2 and 1744 GEL samples, and 

showed that the association was not particular to the TCGA European sample set. Meta-

analysis demonstrated a significant association between tumour MSI status and variance 

at the SMAD9 (rs493248) CRC risk locus, OR=0.73, 95%CI=0.63-0.86, p=1x10-4 (Figure 

4.11). MSI tumours were relatively depleted on the risk allele background, and relatively 

enriched on the nonrisk allele background (Table 4.10). Between-test heterogeneity for 

the meta-analysis was small and non-significant (Ƭ2=0, p=0.46).  
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Figure 4.11 Meta-analysis: Comparison of germline variance at the SMAD9 locus 
(rs493248) with tumour instability. (a) Forest plot including risk and nonrisk allele counts 
for all individuals with CRC (total) and individuals with MSI CRC (MSI). Summary results 
of comparisons in individual datasets (OR and 95%-CI) and their weights in the meta 
[W(fixed)] are shown. (b) L’Abbé plot comparing MSI incidence among risk and nonrisk 
alleles, the size of the circle reflects the weighting in the meta-analysis. 
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 Homozygous risk Heterozygous Homozygous 
nonrisk 

MAF 

MSI (%) MSS MSI (%) MSS MSI (%) MSS MSI MSS 

TCGA Eur 2 (7.7) 24 15 (9.7) 140 38 (18.9) 163 0.17 0.29 

TCGA Afr 0 (0.0) 3 2 (8.3) 22 5 (21.7) 18 0.14 0.33 

In-house 3 (7.1) 39 43 (19.6) 176 52 (17.6) 244 0.25 0.28 

GEL 13 (10.7) 108 86 (13.5) 549 174 (17.6) 814 0.21 0.26 

QUASAR2 7 (10.8) 58 34 (11.4) 263 66 (15.0) 374 0.22 0.27 

Table 4.10 Genotype counts at the SMAD9 (rs493248) locus by tumour MSI status. The 
(percentage) of tumours which are MSI are shown for each genotype group. 

 

Before separate case-control comparisons of MSI and MSS CRC, I first confirmed a 

CRC risk association at the SMAD9 (rs493248) locus for all case samples relative to 

controls, irrespective of MSI status. Meta-analysis of the results demonstrated a 

significant risk association in which the T allele (also previously identified as the risk allele 

in GWAS), associated with a higher risk of all-type CRC; OR=1.15, 95%CI=1.09-1.22, p 

=2x10-6 (Figure 4.12 & Table 4.11). The previous GWAS result at this variant was OR=1.09, 

p=3.94x10-10 (Law et al., 2019). This confirmed a similar risk association for the rs493248 

variant in these data as in the GWAS. 
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Figure 4.12 Meta-analysis: Comparison of germline variance at the SMAD9 locus 
(rs493248) with risk for all-type CRC. (a) Forest plot including risk and nonrisk allele 
counts for all individuals (total) and individuals with CRC. Summary results of individual 
datasets (OR and 95%-CI) and their weights in the meta are shown. (b) L’Abbé plot 
comparing CRC incidence among risk and nonrisk alleles, the size of the circle reflects the 
weighting in the meta-analysis. 
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 Homozygous risk Heterozygous Homozygous 
nonrisk 

MAF 

CRC control CRC control CRC control CRC control 

TCGA Eur 26 1815 155 11640 201 18797 0.27 0.24 

TCGA Afr 3 1877 24 8787 23 10291 0.30 0.30 

In-house 42 609 219 3524 296 5613 0.27 0.24 

GEL 121 748 635 4836 988 8103 0.25 0.23 

QUASAR2 65 137 297 959 440 1568 0.27 0.23 

Table 4.11 Genotype counts at the SMAD9 (rs493248) locus for all-type CRC and non-
cancer control samples. 

 

Comparisons between MSS CRC and non-cancer controls at the SMAD9 (rs493248) 

locus, showed that risk alleles were also significantly enriched among individuals with 

MSS tumours compared to controls; meta-analysis OR=1.20, 95%CI=1.13-1.28, p=3x10-9, 

(Figure 4.12 & Table 4.12). This meant that a risk relationship existed for MSS CRC. The 

effect size of this association appeared to be enhanced relative to the all-type CRC 

comparison, although confidence intervals did overlap. 
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Figure 4.13 Meta-analysis: Comparison of germline variance at the SMAD9 locus 
(rs493248) with MSS CRC risk. (a) Forest plot including risk and nonrisk allele counts for 
all individuals (total) and individuals with MSS CRC. Summary results of individual 
datasets (OR and 95%-CI) and their weights in the meta are shown. (b) L’Abbé plot 
comparing MSS CRC incidence among risk and nonrisk alleles, the size of the circle 
reflects the weighting in the meta-analysis. 
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 Homozygous risk Heterozygous Homozygous 
nonrisk 

MAF 

MSS control MSS control MSS control MSS control 

TCGA Eur 24 1815 140 11640 163 18797 0.29 0.24 

TCGA Afr 3 1877 22 8787 18 10291 0.33 0.30 

In-house 39 609 176 3524 244 5613 0.28 0.24 

GEL 108 748 549 4836 814 8103 0.26 0.23 

QUASAR2 58 137 263 959 374 1568 0.27 0.23 

Table 4.12 Genotype counts at the SMAD9 (rs493248) locus for individuals with MSS 
CRC (MSS) and non-cancer controls. 

 

Next, I compared risk allele frequencies between MSI CRC cases and non-cancer 

controls at the SMAD9 (rs493248) risk locus. Meta-analysis did not confirm a significant 

effect; OR=0.88, 95%CI=0.76-1.02, p=0.09 (Figure 4.14 & Table 4.13). No protective 

effect was confirmed but risk alleles were depleted among individuals with MSI CRC in 

all datasets apart from in-house. Some variation of effect size was noted between 

datasets and this may be due to a number of reasons. MSI or DNA MMR deficiency was 

determined by different methods in different datasets, but it may also relate to sample 

ascertainment biases, particularly for the in-house set. This is discussed further in the 

chapter discussion (Section 4.4). These results suggested a possible protective trend, but 

individual comparisons were underpowered (see Section 4.2.5.3). 
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Figure 4.14 Meta-analysis: Comparison of germline variance at the SMAD9 locus 
(rs493248) with MSI CRC risk. (a) Forest plot including risk and nonrisk allele counts for 
all individuals (total) and individuals with MSI CRC. Summary results of individual 
datasets (OR and 95%-CI) and their weights in the meta are shown. (b) L’Abbé plot 
comparing MSI CRC incidence among risk and nonrisk alleles, the size of the circle reflects 
the weighting in the meta-analysis. 
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 Homozygous risk Heterozygous Homozygous 
nonrisk 

MAF 

MSI control MSI control MSI control MSI control 

TCGA Eur 2 1815 15 11640 38 18797 0.17 0.24 

TCGA Afr 0 1877 2 8787 5 10291 0.14 0.30 

In-house 3 609 43 3524 52 5613 0.25 0.24 

GEL 13 748 86 4836 174 8103 0.21 0.23 

QUASAR2 7 137 34 959 66 1568 0.22 0.23 

Table 4.13 Genotype counts at the SMAD9 (rs493248) locus for individuals with MSI 
CRC (MSI) and non-cancer controls. 

 

Individuals with LS carry germline variants which predispose them to develop MSI 

CRC almost exclusively, and I questioned whether SMAD9 risk alleles at rs493248 could 

be protective for this group in particular. It appeared noteworthy that none of the 4 

TCGA individuals categorized as LS carried any risk alleles. LS accounts for only 2% of CRC 

and 13% of MSI CRC. Since my previous comparison of individuals with MSI CRC and non-

cancer controls lacked statistical power, for this investigation I sourced additional LS 

samples and looked instead for evidence that the SMAD9 locus could modify disease 

outcome for this group.  

 

To test a protective effect of SMAD9 (rs493248) risk alleles, I compared allele 

frequencies between LS individuals who developed CRC and those who did not (at the 

age of sampling). I did this in an initial set of 105 LS samples (a combination of 50 LS 

samples in the in-house dataset supplement with 55 Sanger sequenced samples). No 

significant distortion of risk alleles was observed: OR=0.73, 95%CI=0.34-1.59, p=0.46 
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(Table 4.14). A non-significant depletion of CRC was observed among individuals with 

risk alleles, but the sample size was small. Among cases there was no meaningful 

difference in age at diagnosis by genotype, (homozygous risk = 50 [median], 

heterozygous = 49, homozygous nonrisk = 51yrs).  However, there was a lower than 

expected proportion of MSI tumours among cases for a dataset consisting of LS samples 

(33%), indicating that this was a highly selected population and care was required 

interpreting results from this set. 

Germline genotype Without 
cancer 

With cancer Proportion with 
cancer (%) 

Homozygous risk 1 1 50.0 

Heterozygous 13 32 71.1 

Homozygous nonrisk 13 45 77.6 
MAF 0.28 0.22 N/A 

Table 4.14 Genotype counts among 105 individuals with Lynch Syndrome, with and 
without CRC. 

I replicated the allelic comparison in the 849 samples from the MOMA study. For this, 

the rs12427600 variant was used as the nearest genotyped proxy to rs493248, r2=0.92. 

This dataset did not show a depletion of CRC among individuals with risk alleles; OR=1.24, 

95%CI=0.86-1.84, p=0.25.  

Germline genotype Without 
cancer 

With cancer Proportion with 
cancer (%) 

Homozygous risk 5 63 92.6 

Heterozygous 31 247 88.8 

Homozygous nonrisk 62 441 87.7 

MAF 0.21 0.25 N/A 

Table 4.15 Genotype counts among 849 MOMA samples with Lynch Syndrome, with 
and without CRC 
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A Cox Proportional Hazard model for the 849 MOMA samples showed that the 

relative risk (RR) for developing CRC in individuals who did not possess any risk alleles 

(nonrisk vs heterozygous + risk categories) lay within 0.88-1.20 with 95% certainty, 

meaning that the incidence of developing CRC was not significantly affected by SMAD9 

(rs12427600) in these samples (Figure 4.15). A dominant model was chosen to maximise 

the sample size of each of the two groups compared. A significant difference in CRC 

incidence was observed by gender; for males RR=1.28, 95%CI=1.11-1.5, p < 0.001, 

although higher risk in males is well known. No significant difference was observed for 

MSH2 and MLH1 variant carriers; RR=0.91, 95%CI=0.79-1.10, p=0.23, even though MSH2 

variant carriers are known to have a slightly lower incidence than MLH1 carriers. 

Detection of small effects may have been limited by study size. 

 

Instead, I considered an interaction with age at onset as a more subtle detectable 

effect. Risk samples were again combined with heterozygotes and compared against 

nonrisk samples in a dominant comparison. However, Kaplan-Meier analyses for cancer-

free survival in samples overall, and stratified by gender and MMR variant gene, did not 

show that SMAD9 (rs12427600) variance influenced cancer-free survival in LS (Figure 

4.16 & Figure 4.17). Gender and genes did themselves affect cancer-free survival; gene 

effects predominated before 45 years of age, and gender was the main divider after this 

(Figure 4.18).  

 



146 

 

 
Figure 4.15 Cox Proportional Hazard model of CRC incidence by SMAD9 genotype in 
individuals with Lynch syndrome. RR and 95% CI, in brackets, are shown on the left and 
p value on the right of the forest plot. Effects of MMR gene and gender are also shown. 
rs12427600 was used as the nearest proxy to rs493248 in the MOMA set. 
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Figure 4.16 Kaplan Meier comparison of CRC-free survival in individuals with Lynch 
syndrome. By SMAD9 (rs12427600) genotype. A dominant model is shown to maximise 
the sample size of each of the two groups compared. 
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Figure 4.17 Kaplan Meier comparisons stratified by MMR variant gene and gender. 
CRC-free survival in individuals with Lynch syndrome by SMAD9 (rs12427600) genotype 
(dominant model). 
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Figure 4.18 Kaplan Meier comparison comparing effects of MMR variant gene and 
gender. MLH1/MSH2 = dotted/solid lines, Male/Female = blue/gold colour. 

To conclude, my investigation of a modifier effect in LS did not observe a significant 

protective effect of risk alleles at the SMAD9 locus on CRC incidence. Additionally, 

carrying risk alleles did not appear to affect the age of diagnosis. 
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The majority of MSI tumours are associated with somatically acquired deficits in DNA 

MMR rather than germline causes, which represent only around 2% of CRC. Somatically 

acquired MSI is frequently associated with a lack of expression of MLH1 through 

methylation at the gene’s promoter (meMLH1) (Deng et al., 1999; Herman et al., 1998; 

Poynter et al., 2008). Rarely, somatically acquired MSI may also result through somatic 

biallelic mutations of MMR genes.  

I previously suggested a protective association between risk variance at the SMAD9 

(rs493248) locus and MSI CRC. However, investigations in individuals with LS showed 

that the SMAD9 locus did not modify CRC risk in this group. Therefore, I investigated 

whether a protective association did exist for the subset of MSI CRC attributable to 

somatic causes. For this, I compared variance at the SMAD9 (rs493248) locus between 

individuals with somatic-cause MSI CRC and non-cancer controls. Somatic-cause MSI 

tumours were selected by excluding individuals with MSI tumours due to LS. In total, 72 

samples were excluded. QUASAR2 samples were not included in this comparison as LS 

annotation was not available for these.  

Allelic comparison of somatic-cause MSI cases with non-cancer controls was not 

significant; OR=0.85, 95%CI=0.71-1.02, p=0.08 (Figure 4.19). The risk alleles were 

however consistently depleted among somatic-MSI tumours in all datasets apart from 

the in-house (Table 4.16). The association also appeared to be strengthened relative to 

the all-cause MSI comparison previously.  
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Figure 4.19 Meta-analysis: Comparison of germline variance at the SMAD9 locus 
(rs493248) with somatic-cause MSI CRC risk. (a) Forest plot including risk and nonrisk 
allele counts for all individuals (total) and individuals with somatic cause MSI CRC (sMSI 
CRC). Summary results of individual datasets (OR and 95%-CI) and their weights in the 
meta are shown. (b) L’Abbé plot comparing somatic-cause MSI CRC incidence among risk 
and nonrisk alleles, the size of the circle reflects the weighting in the meta-analysis. 
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 Homozygous risk Heterozygous Homozygous 
nonrisk 

MAF 

sMSI control sMSI control sMSI control sMSI control 

TCGA Eur 2 1815 15 11640 37 18797 0.18 0.24 

TCGA Afr 0 1877 2 8787 5 10291 0.14 0.30 

In-house 2 20 20 3524 26 5613 0.25 0.24 

GEL 13 748 78 4836 160 8103 0.21 0.23 

Table 4.16 Genotype counts at the SMAD9 (rs493248) locus for individuals with 
somatic-cause MSI CRC and non-cancer controls. sMSI = individuals with tumours due 
to somatic cause (excludes LS). 

 

Since the majority of MSI CRC are caused by methylation of the MLH1 promoter, I 

also investigated variation in the incidence of methylated MSI tumours at the SMAD9 

(rs493248) risk locus. Methylation data was only available for tumours from TCGA 

(European and African). Definition of MLH1 promoter methylation (meMLH1) was 

defined in Section 2.3.5. By this definition MSI overlapped well with meMLH1; 76% of 

MSI tumours and 2% of MSS tumours were methylated. 

I first replicated the allelic comparisons between MSI and MSS tumour subtypes 

within CRC cases only (no controls). Comparison between individuals with methylated 

MSI tumours (meMSI) and MLH1-unmethylated MSS tumours from TCGA European 

samples demonstrated a significant relationship; OR = 0.50, 95%CI=0.25-0.92, p=0.02. 

The effect size appeared enhanced relative to the initial comparison of MSI and MSS 

tumours. Replication in the African dataset was non-significant but likely limited by 

sample size (n = 48); OR=0.42, 95%CI=0.04-2.20, p=0.3. These results demonstrated a 

strong association between variance at the SMAD9 (rs493248) risk locus and tumour MSI 

status resulting from methylation at the MLH1 promoter (Table 4.17).  
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TCGA European 

rs493248 meMLH1 & MSI Unmethylated MSS Proportion meMLH1 
MSI (%) 

Homozygous risk 1 24 4.0 

Heterozygous 12 135 8.2 

Homozygous nonrisk 29 159 15.4 

MAF 0.17 0.29 NA 

TCGA African 

rs493248 meMLH1 & MSI Unmethylated MSS Proportion meMLH1 
MSI (%) 

Homozygous risk 0 3 0.0 

Heterozygous 2 21 8.7 

Homozygous nonrisk 4 18 18.2 

MAF 0.17 0.32 NA 

Table 4.17 Genotype counts at the SMAD9 (rs493248) locus by tumour MSI and MLH1 
methylation status. meMLH1 = methylation at the MLH1 promoter. 

To ascertain whether this also meant that the SMAD9 (rs493248) risk alleles may be 

protective against meMSI CRC, I compared allelic frequencies with non-cancer controls. 

However, meta-analysis of results in both TCGA sets was not statistically significant, and 

a protective association was not confirmed; OR=0.62, 95%CI=0.36-1.06, p=0.08 (Figure 

4.20 & Table 4.18). The power for this comparison was limited by the number of meMSI 

samples in these datasets (n = 42, and n = 6 respectively). The effect size was however 

larger than the all-MSI and somatic MSI CRC comparisons in TCGA previously (OR=0.67 

and OR=0.69 respectively). 
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Figure 4.20 Meta-analysis: Comparison of germline variance at the SMAD9 locus 
(rs493248) with MSI CRC due methylation at the MLH1 promoter. (a) Forest plot 
including risk and nonrisk allele counts for all individuals (total) and individuals with 
MLH1 methylated MSI CRC (meMSI CRC. Summary results of individual datasets (OR and 
95%-CI) and their weights in the meta are shown. (b) L’Abbé plot comparing meMSI CRC 
incidence among risk and nonrisk alleles, the size of the circle reflects the weighting in 
the meta-analysis. 
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 Homozygous risk Heterozygous Homozygous 
nonrisk 

MAF 

meMSI control meMSI control meMSI control meMSI control 

TCGA Eur 1 1815 12 11640 29 18797 0.17 0.24 

TCGA Afr 0 1877 2 8787 4 10291 0.17 0.30 

Table 4.18 Genotype counts at the SMAD9 (rs493248) locus by tumour MSI and 
methylation status. meMSI=individuals with MSI CRC and methylation at the MLH1 
promoter.  
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These results showed a conclusive distortion of risk alleles at the SMAD9 locus 

(rs493248) between individuals with MSI and MSS CRC. This supported the notion that 

common genetic risk variance may correlate with tumour mutational phenotype.  

The magnitude of the association between SMAD9 (rs493248) variance and tumour 

microsatellite instability varied between datasets. As did the magnitude of the allelic 

associations  between MSI or MSS CRC and controls in the subsequent comparisons. The 

strongest association was observed in TCGA African samples, and weakest was observed 

in the in-house set. Several reasons may account for this variability: firstly, samples from 

the TCGA African set were of a different ethnicity, described by TCGA as black African 

American. The minor allele frequency of rs493248 in African Americans is 0.30 and in 

Europeans this is 0.24, (gnomAD) (Karczewski et al., 2020). As well as differences in 

genetic background, CRC in African American individuals is more often right-sided 

indicating other fundamental differences in CRC in this group (Dimou et al., 2009). The 

TCGA African dataset was also the smallest (n=53) and therefore more susceptible to 

chance variations. Secondly, MSI was determined differently in different datasets. A PCR-

based test result was used preferentially and represented all or most of the samples in 

the TCGA, in-house and QUASAR2 datasets. MSI was determined computationally using 

MANTIS for samples in GEL. Although I have previously shown this method to be a 

reasonable approximation, it lacked in sensitivity and therefore may have 

underestimated the association between SMAD9 (rs493248) variance and tumour 

microsatellite instability in GEL samples. For in-house samples MSI status was expanded 

to MMR proficiency status to increase the number of available samples. The reason for 

the weak association in the in-house samples likely relates to biases arising from historic 

sample selection criteria (described in Section 2.4.5). It was highly enriched for MSS 

tumours from individuals with Lynch syndrome which is an unusual finding. It is likely 
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that a larger proportion of tumours in this set had rare underlying pathologies and 

unusual presentations of MMR deficiency status, and therefore did not represent the 

general CRC population accurately. The protective trend between risk alleles and MSI 

CRC was present in all dataset apart from the in-house. 

Comparisons of individuals with MSS and MSI colorectal cancers with non-cancer 

control samples at the SMAD9 locus demonstrated a risk association which persisted in 

a comparison of only MSS CRC. This was detected in a relatively small sample size in 

comparison to large collaborative GWAS efforts, and it demonstrates the power of this 

approach. It is worth noting that a proportion of the in-house and QUASAR2 samples 

contributed to the previous GWAS, the results of which were used to select CRC risk loci 

in this thesis. Nevertheless, significant associations for the rs493248 variant were also 

observed in the independent GEL and TCGA sample sets. The magnitude of the risk 

association for MSS CRC (OR = 1.20) was larger than for all-type CRC (OR = 1.15) and also 

larger than previously associated with this variant in combined GWAS (OR=1.09). This 

suggested that this variant’s discovery in GWAS was driven through its association with 

MSS CRC in particular. This was not surprising, since no significant effect was shown for 

MSI tumours. The importance of the SMAD9 locus in MSS CRC may have been under-

estimated in previous GWAS, which were agnostic to MSI status. 

No significant relationship was found for MSI CRC; however, the risk allele was 

consistently depleted among MSI tumours in all datasets apart from in-house. The 

relative rarity of MSI CRC meant that this comparison was underpowered. The existence 

of a protective association should therefore not be ruled out from these results. The 

magnitude of a protective effect between SMAD9 and MSI CRC increased when 

restricted to somatically acquired MSI CRC (OR = 0.85) and was strongest in the 

comparison of MSI tumours acquired through methylation of MLH1 (meMLH1) (OR = 

0.62). Although the latter could only be assessed in TCGA datasets and neither were 

statistically significant. These observations alluded to a protective association for MSI 
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CRC which had arisen through methylation at the MLH1 promoter. If proven, a protective 

association could be of considerable interest, and warrants further replication with a 

larger set of MSI meMLH1 genotyped samples.  

Investigations in 849 individuals with LS showed no protective effect on CRC by risk 

variance at the SMAD9 locus, both in terms of CRC incidence and on the age at diagnosis. 

This analysis consisted of individuals with MLH1 and MSH2 variants which are 

responsible for the majority of LS cases. MSH6 and other rarer variants were not 

represented. 

In conclusion, I discovered a robust correlation between SMAD9 variance and 

microsatellite instability in CRC. The risk alleles conveyed risk specifically for MSS CRC, 

but not MSI CRC. It was not clear how the correlation between SMAD9 and CRC 

microsatellite instability had arisen. The difference in mutational load observed between 

MSS tumours in the previous chapter also remained unexplained. Perhaps SMAD9 

variance favoured a particular evolutionary trajectory or accumulation of mutation in 

particular genes and pathways associated with microsatellite instability. It may also be 

that SMAD9 influenced DNA MMR activity directly in a way which affected mutational 

load and the development of microsatellite instable CRC. Two mechanistic hypotheses 

are further investigated in the next chapter. 
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 Comparison of somatic mutations by 

variance at the SMAD9 locus 

 

Previously I demonstrated a correlation between germline variance at the SMAD9 

colorectal cancer (CRC) risk locus and tumour mutational load as well as microsatellite 

instability in CRC. Individuals with risk alleles at a tagging variant (rs493248) had lower 

mutational loads and were more likely to develop microsatellite stable (MSS) CRC but 

not microsatellite instable (MSI) colorectal cancer. This variant had been selected as 

representing an expression quantitative trait locus (eQTL) for SMAD9 in normal 

colorectal mucosa. The functional mechanism relating it to tumour mutational load and 

microsatellite instability were not clear. In this chapter I explored two mechanistic 

hypotheses by comparing the somatic mutations of tumours from different SMAD9 

germline genotype backgrounds. 

Firstly, I explored mutations of key genes and oncogenic pathways. In Chapter 3 I 

suggested that SMAD9 risk variance may reduce the need for further CRC driver 

mutations to develop CRC. I demonstrated lower mutational loads among risk allele 

carriers but did not distinguish whether those mutations occurred in CRC driver genes.   

The tumour growth factor beta (TGFb) signalling pathway was of particular interest. 

This pathway is an important inhibitor of cellular growth and proliferation and is often 

escaped during early tumorigenesis by inactivating mutations. SMAD9 is one of several 

SMAD signalling proteins which make up this signalling pathway. Risk alleles at the 

SMAD9 locus correlated with lower expression of SMAD9 in normal colorectal mucosa 

and nonrisk alleles correlated with its higher expression. I hypothesized that inactivating 

mutations of the TGFb signalling pathway would be more likely to co-occur with SMAD9 
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nonrisk alleles and less likely with risk alleles. The reason for this being that the benefit 

of TGFb mutations in terms of cancer cell fitness would be greater for a cell with higher 

SMAD9 expression. MSI tumours strongly down regulate TGFb signalling (Muzny et al., 

2012), particularly through mutations of the TGFBR2 and ACVR2A receptors. Therefore, 

MSI tumours may have a greater advantage on the nonrisk allele background and this 

could explain the association of SMAD9 with microsatellite instability (Figure 5.1). To 

investigate this hypothesis, I looked for evidence that mutations of TGFb signalling genes 

as well as mutations of the pathway as a whole correlated with SMAD9 variance. 

Mutations of the TGFBR2 and ACVR2A polyadenine repeats were investigated 

separately. These mutations are largely responsible for the down regulation of TGFb 

signalling but also correlate highly with microsatellite instability. This occurs because 

polyadenine repeat sequences found in TGFBR2 and ACVR2A preferentially accumulate 

functionally deleterious insertion and deletion mutations (indels) when DNA mismatch 

repair (MMR) is deficient. In MSI CRC, the prevalence of the TGFBR2 repeat mutation is 

>90% and >80% for ACVR2A (Jung et al., 2004; Parsons et al., 1995) and more than half 

of MSI CRC have both mutations (Jung et al., 2017). These indels are also reasonably 

specific to MSI CRC; in MSS tumours they occur at around 15% in TGFBR2 and rarely in 

ACVR2A (Jung et al., 2009). They are also highly clonal suggesting that they occur early 

in MSI tumour development. Allele fractions of 88% in TGFBR2 and 81% in ACVR2A have 

been reported respectively using targeted sequencing (Kondelin et al., 2017).  

A causal relationship between SMAD9 and TGFb signalling was however difficult to 

disentangle from a correlation with MSI status in the observational analyses of this 

chapter. Functional investigations in cell lines are introduced in Chapter 6. 
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Figure 5.1 Hypothesis for the functional relationship between SMAD9 and MSI CRC 
through mutation of the TGFb signalling pathway. The figure shows a schematic of the 
core components of the TGFb signalling pathway in a cell with nonrisk alleles at the 
SMAD9 CRC risk eQTL. In this scenario SMAD9 expression is high and therefore the 
available messenger to enable suppression of growth and tumour formation is high 
(denoted by thicker arrows). Such a cancer cell may benefit greatly from inactivating 
mutations in this pathway (denoted by red crosses) to release the inhibition on growth 
by TGFb signalling (thinner arrows). Conversely, on the risk allele background the 
opposite would be the case; SMAD9 expression is low and further mutations are 
comparatively less advantageous. Receptors ACVR2A and TGFBR2 (striped patterns) are 
commonly mutated in MSI CRC and this may explain why MSI CRC is more commonly 
observed on the nonrisk allele background. 
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Secondly, I explored whether SMAD9 could influence DNA MMR activity directly. If 

risk variance protected against defective DNA MMR this could explain the lower 

mutational load among the risk allele group as well as the lower proportion of 

microsatellite instable tumours. To explore this second hypothesis, I compared the 

burden of DNA MMR associated single base substitution signatures by SMAD9 genotype. 

This was done separately for MSS and MSI CRCs using samples from the TCGA European 

set only. This analysis represented a small preliminary investigation for a novel 

relationship between SMAD9 and DNA MMR. 
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Indels at the TGFBR2 and ACVR2A polyadenine repeats were compared separately 

from the rest of the TGFb signalling pathway. These mutations are highly correlated with 

MSI status through a directly causal mechanism. They are discussed here first because 

they represent an extension of the observations in the previous chapter. The 

polyadenine repeats are located at (GRCh38): 

• TGFBR2, chr3:30650379-30650389, A10 

• ACVR2A, chr2:147926116-147926124, A8 

Mutation status was compared in an allelic comparison for each individual dataset, 

results were then combined in fixed effect meta-analyses. These methods were similar 

to the methods described for tumour microsatellite instability (mutated/not mutated, 

by risk/nonrisk alleles; see Section 4.2.2). To increase the ability to detect significant 

effects, 1744 whole genome sequenced samples from Genomics England (GEL) were 

additionally included for these comparisons.  

Despite the expected frequency of indels in these regions, especially for MSI 

tumours, the Mutect2 caller identified no mutations in the TGFBR2 repeat in TCGA 

European samples. A much lower frequency than expected (7 of 403), were called in the 

ACVR2A repeat with this caller.  

Repetitive regions such as these polyadenine repeat sequences are difficult to call 

accurately (Narzisi & Schatz, 2015). During sequencing, the propensity for polymerase 

slippage during amplification can create erroneous indels in both germline and somatic 
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samples, making it difficult to discern the two. Additionally, low complexity makes these 

regions difficult to uniquely map and align, resulting in lower read depths. Somatic 

samples have the added challenge of possible sub-clonal mutations and contamination 

from normal tissue or blood, leading to higher false negative rates. Furthermore, 

whereas germline calling methods may leverage statistical knowledge of the population 

to determine genotypes at a locus, this is not possible somatically.  

Accurate calling of indels for these repeats was central to this work, and more 

generally is also relevant to the wider study of somatic variants in repetitive regions. 

Therefore, I decided to compare several methods to call indels in these repeats. For this 

I used the TCGA European samples, and I compared the results from each method to the 

expected mutation frequencies. The expected frequencies could be estimated since the 

mutations are common in, but also reasonably specific to, MSI CRC. Using known 

frequencies of the mutations in MSI and MSS CRC, and the proportion of MSI tumours in 

TCGA European samples, I estimated that I should find around 98 calls in TGFBR2 and at 

least 44 in ACVR2A. In the sections below I compare 6 methods for calling these indels 

and then report my conclusion (Table 5.1). The 36 European TCGA samples sequenced 

with the unknown exome sequencing kit were included for this investigation because 

this work formed part of the decision to later exclude them (Section 2.3.2.2). The result 

sections of this chapter however do not include these samples. 

 

Mutect2 (v1.0) (McKenna et al., 2010) was used to call somatic variants by TCGA, but 

by this method no samples carried indels in the TGFBR2 repeat and only 7 samples 

carried indels of the ACVR2A repeat. On further inspection, 95 calls in TGFBR2 were 

filtered out during quality control (QC): all deletions were aligned to the first position of 

the polyadenine repeat. Similarly, most of the 58 calls in ACVR2A were discarded during 

QC, also at the first position of the repeat and mostly deletions, the remaining calls were 
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insertions. The annotated reasons for failing QC were predominantly associated with 

evidence of the variant being called in the germline sample. Comparison of germline and 

somatic reads at these loci showed that more variant alleles were recorded in the 

somatic samples (allele fraction [AF]=0.126 in TGFBR2 & AF=0.431 in ACVR2A). However, 

a significant number of variant reads were still present in germline (AF=0.0447 in TGFBR2 

& AF=0.012 in ACVR2A) (Figure 5.2). The Mutect2 algorithm discarded calls for which 

there was more than one alternative supporting read in the matched germline, or if the 

AF in germline was > 0.03, this likely caused real calls to be falsely discarded. 

 

Figure 5.2 Alternate allele read depths and variant allele fractions at the TGFBR2 and 
ACVR2A polyadenine repeats. Comparison in germline and somatic sequencing. TCGA 
European dataset. 
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Next Bioinformatics reviewed the Mutect2 algorithm and suggested a solution for 

rescuing some failed calls (NEXT Bioinformatics, 2016). Conditions for including failed 

calls: 

• AF < 0.1 in germline AND AF > 0.02 in somatic 

• QSStumour/ADtumour > 20, (average quality of the alternative allele calls in 

somatic > 20) 

• 1 - (AF germline/ AF somatic) > 0.75, (i.e. enrichment of the alternative allele in 

somatic) 

Implementing this solution rescued 25 of 95 failed TGFBR2 calls, and 54 of 58 failed 

calls in ACVR2A. MSI was highly enriched among tumours with variant calls in these genes 

(100% and 94% respectively).  

 

To better understand the effect of read depths at these loci, I downloaded the 

aligned germline and somatic reads of the repeat regions including 1000 bases up and 

downstream as BAM files from TCGA. Read depths across the exons in which the repeats 

occur were generally good but locally lower over the first base of the repeat (Figure 5.3). 

This marked the left aligned indel and was also present in the matched germline samples, 

confirming the reason for QC failure with Mutect2. Additionally, the unknown exome kit 

was associated with much lower read depths over these loci and this observation 

contributed to the decision to remove this kit from the analysis (Figure 5.4).  
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Figure 5.3 Read depth by position over the TGFBR2 and ACVR2A polyadenine repeats. 
Mean read depth for all TCGA European samples with germline and somatic sequencing 
(aggregate analysis). The position of the poly adenine repeat is denoted by the marker 
along the x-axis.  
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Figure 5.4 Read depth across TGFBR2 and ACVR2A repeats in somatic tissue by exome 
kit used. 

 

A base by base comparison of read counts was carried out similar to work by Koboldt 

et al., (2012). Firstly, only reads with a quality score => 60 were considered. Then for 

every base +/- 1 bp of the repeat, the proportion of indel and reference reads in the 

somatic and matched germline sample were counted, and I tested for enrichment of 

alternative reads in the somatic sample using a one tailed Fisher’s exact test. Samples 

with a p value < 0.01 at base 1 were selected as likely true somatic variants; no multiple 

testing correction was carried out. Only 373 and 371 of 403 samples had sufficient high-
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quality reads at TGFBR2 and ACVR2A respectively, to make a valid comparison. The non-

results were nearly all from samples with the undefined exome kit shown to have low 

read depths over these regions. By this method, 41 samples were mutant for the TGFBR2 

repeat, and 56 for the ACVR2A repeat.  

 

Finally, somatic variants were also re-called with two other variant callers for 

comparison; Strelka (v2.8.3) (Kim et al., 2018) and Vardict (v1.5.5) (Lai et al., 2016). 

Strelka called 7 samples with variants in TGFBR2 and 54 in ACVR2A. Vardict called 31 

samples with in TGFBR2 (only 6 of which were termed ‘Strongly Somatic’), and 167 in 

ACVR2A. Neither gave the proportions expected.  

 

MANTIS was designed to identify tumour microsatellite instability by analysing a list 

of microsatellite locations described in an input bed file (Kautto et al., 2017) (see section 

4.2.1). I ran MANTIS confined to just the TGFBR2 or the ACVR2A repeat, and then used 

the instability outcome to represent indel status. I used the author-recommended 

configuration for whole exome sequencing and default SWD threshold (Figure 5.5). 368 

results were generated for TGFBR2 and 363 for ACVR2A. Missing outputs were mainly 

from samples sequenced with the unknown exome kit. 53 samples had TGFBR2 

mutations and 57 samples ACVR2A mutations. 
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Figure 5.5 Step-Wise Difference values for TGFBR2 and ACVR2A polyadenine repeats 
in TCGA European samples. The default threshold of 0.4 is indicated. 

 

The number of calls in TGFBR2 and ACVR2A by each method are summarized along 

with the MSI status (Table 5.1). Since the expected proportion of MSI tumours with indels 

was known (TGFBR2 > 90% and ACVR2A ~ 80%), an approximation of sensitivity could be 

made. All methods performed well at detecting the ACVR2A indel. MANTIS performed 

best at detecting the TGFBR2 indel, 80% of MSI samples, although it may still have missed 

some. Since indels in these repeats are also relatively specific for MSI CRC (~15% of 

TGFBR2 in MSS CRC and rarely in ACVR2A), an approximation of specificity could also be 

made. MANTIS was reasonably specific; most TGFBR2 calls and nearly all ACVR2A calls 

were in MSI tumours. I decided to use MANTIS with a SWD threshold of > 0.4 to call these 

repeats in all datasets. The default SWD threshold was used this time since it appeared 

to classify the expected proportions relative to tumour MSI status. SWD density plots 

also appeared to segregate two populations well. Other than the undetermined exome 

sequencing kit, other exome kits did not influence the ability to call these mutations. 



171 

 

 Method TGFBR2 ACVR2A 

Calls % of MSI 
CRC with a 
call 

% MSI in 
called 
samples 
 

Calls % of MSI 
CRC with a 
call 

% MSI in 
called 
samples 
 

Mutect2  0 0 0 7 11 100 

NextBioinformatics 25 44 100 54 87 94 

Base-wise Fisher 41 65 95 56 91 94 

Strelka 7 9 83 54 87 94 

Vardict 31 25 52 167 91 32 

MANTIS 53 80 86 57 93 94 

Table 5.1 Comparison of indel calling methods for the TGFBR2 and ACVR2A repeats. 
TCGA European dataset. Calls = the number of samples called with an indel by each 
method. 

 

Indel status at the TGFBR2 and ACVR2A polyadenine repeats was determined using 

MANTIS for TCGA European (excluding the 36 samples sequenced with the unknown kit 

this time), TCGA African, in-house and GEL samples. Not all samples produced a result, 

this was due to filtering out of samples with low read counts during the QC step of the 

algorithm, but for the majority of samples mutation status was defined (Table 5.2 & 

Figure 5.6). 

Dataset (samples) 

TGFBR2 ACVR2A 

Results Indel (%) Results Indel (%) 

TCGA European (n=367) 367 53 (14.4) 362 57 (15.7) 

TCGA African (n=53) 52 6 (11.5) 51 6 (11.8) 

In-house (n=120) 117 10 (8.5) 118 14 (11.9) 

GEL (n=1744) 1739 280 (16.1) 1742 297 (17.1) 

Table 5.2 Indel calls at the TGFBR2 and ACVR2A repeats by MANTIS. Results = number 
of samples tested by MANTIS, i.e. with sufficient read depth. Indel = number of those 
with an indel in the microsatellite. 
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Figure 5.6 Step-Wise difference values for MANTIS at TGFBR2 and ACVR2A repeats. (a) 
TCGA African samples. (b) whole genome sequenced in-house samples. (c) GEL samples. 
The threshold of 0.4 is indicated. 
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For the comparison of mutations in genes and pathways I used 367 TCGA European 

samples, and I replicated my findings in 53 TCGA African and 120 in-house whole genome 

sequenced samples. The 36 TCGA European samples sequenced with the unknown 

exome kit (described in Section 2.3.2.2) were excluded from these comparisons. Sample 

data was converted to MAF file format using vcf2maf (v1.6.19) (Kandoth., 2020) for these 

comparisons. 

Somatic mutation status was compared for each of the genes from three curated 

gene sets. Mutation status was compared with germline genotype at the rs483248 

tagging variant for the SMAD9 risk locus and eQTL by means of an allelic comparison (see 

Section 4.2.2.1). The three gene sets compared were: 

• 94 genes representing the TGFb signalling pathway (KEGG hsa04350) (Kanehisa 

& Goto, 2000)  

• 11 genes representing the MAPK signalling pathway (C. N. Clarke & Kopetz, 2015) 

• 94 CRC associated genes (KEGG hsa05210) (Kanehisa & Goto, 2000) 

I compared only the incidence of non-synonymous mutations. These were defined as 

mutations predicted to result in faulty protein with modified or no functional properties 

(Table 5.3). Other mutations were not included. No multiple testing correction was 

carried out, but results were replicated in 3 separate datasets. Oncoplots were created 

with Maftools (2.6.0) (Mayakonda et al., 2018) in R4.0.3 (R Core Team, 2017) to 

demonstrate the relationship between mutations of the most frequently mutated genes 

in each set as well as those genes which differed significantly by genotype. 
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Missense_Mutation 

Frame_Shift_Ins 
Frame_Shift_Del 

Nonsense_Mutation 

In_Frame_Del 

In_Frame_Ins 

Splice_Site 

Nonstop_Mutation 

Translation_Start_Site 

Table 5.3 Definition of non-synonymous variants 

Non-synonymous mutations of most individual genes were relatively rare, and 

consequently I was unable to make meaningful comparisons between genotype groups 

for many genes. Therefore, I also compared the frequency at which a whole pathway or 

gene set was affected. I defined a sample with a mutated pathway as having one or more 

non-synonymous mutations among the pathway’s member genes. I did not compare the 

number of mutations/Megabase pair (Mbp) of pathway because I felt that an absolute 

comparison of mutated/not mutated would be more representative of function. Silent 

mutations were not counted. A comparison of mutations/Mbp would be biased for MSI 

CRC, which have much greater mutational loads. For the comparison of the TGFb 

signalling pathway, mutations of the TGFBR2 and ACVR2A repeats were excluded as 

these were investigated separately.  

 

To establish whether differences in pathway mutation incidence were beyond that 

expected due to differences in background mutational load, I carried out 1000 

permutations with matched numbers of randomly selected KEGG genes which acted as 

mock pathways. For each genotype group this generated a distribution describing the 

incidence of one or more mutations in the mock pathway. This distribution was then 

subtracted from the observed pathway mutation incidence to describe enrichment 
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above background for that genotype group. This also allowed comparison of the 

corrected distributions between genotype groups through a two-sample t-test. 

 

Of the 367 matched tumour normal samples in the TCGA European set 349 had 

annotation for microsatellite instability and these were used in this analysis. For each of 

these samples the frequency of somatic single nucleotide variants was calculated for all 

possible trinucleotide contexts using the package deconstructSigs (v1.8.0) (Rosenthal., 

2016) in R. From this the proportion of mutations contributing to each mutational 

signature was calculated for every sample and compared between genotype groups. 

I only compared mutational signatures previously associated with DNA MMR 

deficiency. I defined these as Signatures 6, 14, 15, 20, 21 and 26 (Alexandrov et al., 2013, 

2020; Drost et al., 2016; Tate et al., 2019). Although it should be noted that Signatures 

14 and 20 have been reported to occur in tumours with deficient DNA MMR with 

concurrent POLE and POLD1 mutations, respectively. As well as comparing the 

prevalence of individual DNA MMR associated signatures, I combined these into a total 

DNA MMR associated signature load per sample. This was because individual signatures 

were often too rare among MSS samples to make meaningful comparisons (the median 

prevalence of an individual signature was often 0 per genotype group). Comparisons 

between genotype groups were made separately for MSS and MSI samples. A Wilcox 

Rank Sum test was used for this, the difference in location is reported (since the 

difference in medians was often 0). The difference in location refers to the median of the 

difference between a sample from the risk and sample from the nonrisk genotype 

groups. No multiple testing correction was applied. 
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In these results, I first present the comparison of mutations in TGFBR2 and ACVR2A 

polyadenine repeats. These were carried out separately as described in the chapter 

introduction. Next, I show the comparisons of mutations in other genes and pathways 

starting with TGFb signalling. I highlight only the most notable differences in mutations 

at the SMAD9 locus for each of the 3 gene sets investigated. Results from all compared 

genes are included in the appendix. Finally, I conclude this chapter with the comparison 

DNA MMR related mutational signatures. 

 

Mutation of the repeats in these genes were significantly associated with germline 

genotype at the SMAD9 (rs493248) locus. For both genes I observed a relative depletion 

of mutations among risk allele carriers and enrichment among nonrisk allele carriers in 

all datasets (Table 5.4 & Table 5.5). The correlations were highly significant in meta-

analyses (Figure 5.7 & Figure 5.8). There was a strong overlap between tumours with 

microsatellite instability, and those with TGFBR2 and ACVR2A indels (Figure 5.9). This 

demonstrated that TGFBR2 and ACVR2A repeat mutations were significantly associated 

with germline genotype at the SMAD9 (rs493248) locus, as well as tumour MSI status. 
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Figure 5.7 Meta-analysis: Comparison of germline variance at the SMAD9 locus 
(rs493248) with mutation of the ACVR2A repeat. (a) Forest plot including risk and 
nonrisk allele counts for all individuals (total) and individuals with a mutation (Mut) in 
ACVR2A. Summary results of individual datasets (OR and 95%-CI) and their weights in the 
meta are shown. (b) L’Abbé plot comparing ACVR2A repeat mutation by risk and nonrisk 
alleles, the size of the circle reflects the weighting in the meta-analysis. 
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ACVR2A mutations 

Homozygous 
Risk 

Heterozygous 
Homozygous 
nonrisk 

TCGA Eur (n=362) 8.0% (2/25) 10.6% (15/142) 20.5% (40/195) 

TCGA Afr (n=51) 0.0% (0/3) 4.3% (1/23) 20.0% (5/25) 

In-house (n=118) 0.0% (0/8) 14.3% (6/42) 11.8% (8/68) 

GEL (n=1742) 12.4% (15/121) 15.7% (100/635) 18.5% (182/986) 
Table 5.4 Incidence (%) of ACVR2A repeat mutations by genotype frequency counts at 
the SMAD9 (rs493248) locus. 
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Figure 5.8 Meta-analysis: Comparison of germline variance at the SMAD9 locus 
(rs493248) with mutation of the TGFBR2 repeat. (a) Forest plot including risk and 
nonrisk allele counts for all individuals (total) and individuals with a mutation in TGFBR2 
(Mut). Summary results of individual datasets (OR and 95%-CI) and their weights in the 
meta are shown. (b) L’Abbé plot comparing TGFBR2 repeat mutation by risk and nonrisk 
alleles, the size of the circle reflects the weighting in the meta-analysis. 
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TGFBR2 mutations 

Homozygous 
Risk 

Heterozygous 
Homozygous 
nonrisk 

TCGA Eur (n=367) 3.8% (1/26) 14.0% (20/143) 16.2% (32/198) 

TCGA Afr (n=52) 0.0% (0/3) 4.2% (1/24) 20.0% (5/25) 

In-house (n=117) 0.0% (0/8) 7.3% (3/41) 10.3% (7/68) 

GEL (n=1739) 11.6% (14/121) 14.6% (92/632) 17.6% (174/986) 
Table 5.5 Incidence (%) of TGFBR2 repeat mutation by germline genotype frequency 
counts at the SMAD9 (rs493248) locus. 
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Figure 5.9 Heatmap of all samples. Showing SMAD9 (rs493248) genotype in relation to 
GWAS risk, and then samples hierarchically clustered by microsatellite stability, TGFBR2 
and ACVR2A indel status, diagnosis of Lynch syndrome, and for TCGA datasets MLH1 
promoter methylation and germline MUTYH variants. MSI-Low samples are combined 
with MSS. 
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Firstly, to gain an overview of somatic variation correlating with the SMAD9 

(rs493248) locus, I compared tumour consensus molecular subtypes (CMS) for 313 TCGA 

European samples. The CMS describe four classifications of CRC which are based on 

tumour transcriptional signatures, and correlate well with molecular characteristics such 

as mutation of genes and signalling pathways (Guinney et al., 2015). Comparison by 

genotype showed that CMS1 was most frequent among homozygous nonrisk allele 

carriers and CMS4 was most frequent among homozygous risk allele carriers (Figure 5.10 

& Table 5.6).  

 

Figure 5.10 Distribution of Consensus Molecular Subtypes by SMAD9 (rs493248) 
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SMAD9 (rs493248) genotype 

Homozygous risk (%) Heterozygous (%) Homozygous nonrisk (%) 

CMS1 2 (10.0) 11 (9.1) 35 (20.3) 

CMS2 7 (35.0) 57 (47.1) 68 (39.5) 

CMS3 3 (15.0) 19 (15.7) 23 (13.4) 

CMS4 8 (40.0) 34 (28.1) 46 (26.7) 

Table 5.6 Contingency table of counts for tumour Consensus Molecular Subtype and 
germline genotype at the SMAD9 (rs493248) CRC risk locus. X2 (df = 6, N = 313) chi-sq = 
8.89, p = 0.18. 

A correlation between CMS and germline genotype at the SMAD9 locus was not 

statistically significant. However, the enrichment of CMS1 among nonrisk allele carriers 

was encouraging, since CMS1 represents high mutational load and MSI tumours. CMS1 

is also associated with a lower incidence of KRAS, APC and TP53 mutations and an 

increased frequency of BRAF mutations (Guinney et al., 2015). I further investigated 

these in the next sections. 

CMS4 was more commonly observed on the risk allele background. This subtype is 

associated with fewer BRAF mutations, as well as epithelial mesenchymal transition, 

stromal infiltration, and activation of the TGFb signalling pathway. Importantly, this 

subtype is associated with a poorer prognosis (relapse-free survival time). I did not 

observe a significant decrease in overall survival in individuals with risk alleles at the 

SMAD9 (rs493248) locus (Figure 5.11). Risk alleles are associated with lower SMAD9 

expression in normal colorectal mucosa. However, interestingly, lower somatic 

expression of SMAD9 in CRC tissue has been shown to associate with a lower 5 year 

survival for CRC (50% vs 72% alive at 5 years for SMAD9 < 1.29FPKM; p=0.01), The Human 

Protein Atlas (Uhlen et al., 2015) (see also Figure 1.4 in the introduction).  
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Figure 5.11 Overall survival (days) by germline genotype at the SMAD9 (rs493248) risk 
locus. Dominant comparison (heterozygous combined with homozygous risk allele 
carriers), TCGA European dataset. A dominant comparison combined the smaller risk 
allele group with heterozygotes and was chosen to maximise the group sizes compared. 

 

To establish if the correlation between somatic mutation of the TGFb signalling 

pathway and SMAD9 extended beyond the TGFBR2 and ACVR2A repeats I also compared 

mutations in the rest of this pathway. Mutations falling in the polyadenine repeats of 

TGFBR2 and ACVR2A (compared in the previous section) were not included in the 

analyses presented below.  
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Somatic mutations of GREM2,  E2F5 and THBS1 had nominally significant 

relationships with SMAD9 (rs493248) in TCGA European samples (Figure 5.12 & Table 

5.7). GREM2 is a BMP antagonist, E2F5 a transcription factor and THBS1 an adhesive 

glycoprotein involved in cell-cell and cell-matrix adhesion. Mutations of GREM2 and 

THBS1 were more common among the nonrisk allele genotype group as hypothesised, 

although mutations were generally infrequent. In E2F5 most mutations occurred among 

heterozygotes and were too rare to be meaningful. The observations were not replicated 

in the in-house and TCGA African sample sets (Figure 5.13, Figure 5.14, Table 5.8 & Table 

5.9). In these sets the mutations did not occur at high enough frequencies, likely due to 

their smaller sample sizes. The remaining genes of the TGFb signalling pathway showed 

no significant associations with variance at the SMAD9 (rs493248) locus.  

Mutations of most individual genes were generally infrequent and therefore the 

results were difficult to interpret with any significance. Interestingly BMPR2 mutations, 

though not significantly different, did appear to follow a similar trend in all datasets. They 

were depleted among risk allele carriers and enriched among nonrisk allele carriers. This 

was particularly interesting since BMPR2 acts directly upstream of SMAD9 in the TGFb 

signalling pathway (similar to ACVR2A). SMAD9 mutation itself was uncommon, 

appearing in only 10 of 367 TCGA European samples, and was not observed in the in-

house and TCGA African datasets. Mutation status of SMAD9 did not vary significantly by 

genotype group. 
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Figure 5.12 Oncoplot of selected TGFb signalling pathway genes. TCGA European 
samples.  Genotype at the SMAD9 locus and MSI status are annotated. Only genes for 
which mutations occurred in 10 or more individuals from the core TGFb signalling 
pathway are presented. Genes which were significantly different by SMAD9 genotype 
are also presented (*). Indels of the TGFBR2 and ACVR2A repeats are not included. 
Samples without mutations are not shown in the plot (133 samples of 367 samples had 
mutations in these genes). 
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HUGO 
Symbol 

Percentage of samples with a mutation (count) Allelic 
comparison 

Nonrisk 
(n=198) 

Heterozygous 
(n=143) 

Risk 
(n=26) OR p value 

SMAD4 13.6 (27) 11.9 (17) 15.4 (4) 0.97 1.000 

BMPR2 10.1 (20) 8.4 (12) 0.0 (0) 0.61 0.182 

ACVR2A 4.6 (9) 4.9 (7) 3.9 (1) 0.99 1.000 

ACVR1B 5.1 (10) 4.2 (6) 0.0 (0) 0.63 0.413 

THBS1* 6.1 (12) 2.1 (3) 0.0 (0) 0.30 0.035 

SMAD2 5.6 (11) 2.8 (4) 0.0 (0) 0.41 0.137 
SMAD3 3.5 (7) 4.2 (6) 0.0 (0) 0.82 0.823 

TGFBR1 3.0 (6) 2.8 (4) 7.7 (2) 1.40 0.482 

ACVR2B 4.0 (8) 2.1 (3) 3.9 (1) 0.72 0.642 

TGFBR2 3.5 (7) 2.8 (4) 0.0 (0) 0.61 0.467 

SMAD9 3.0 (6) 1.4 (2) 7.7 (2) 1.19 0.798 

GREM2* 4.0 (8) 0.0 (0) 0.0 (0) 0.00 0.009 

E2F5* 0.0 (0) 2.8 (4) 3.9 (1) 4.24 0.026 

Table 5.7 Mutations in selected genes of the TGFb signalling pathway in TCGA 
European samples. The columns show the percentage of samples in each SMAD9 
genotype group with non-synonymous mutations (actual counts in parenthesis). The OR 
and p value correspond to an allelic comparison of mutations at that gene with respect 
to the risk allele, significant comparisons are indicated (*). Indels of the TGFBR2 and 
ACVR2A repeats are not included. 
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Figure 5.13 Oncoplot of selected TGFb signalling pathway genes. TCGA African samples. 
Genotype at the SMAD9 locus and MSI status are annotated. Indels of the TGFBR2 and 
ACVR2A repeats are not included. Samples without mutations are not shown in the plot 
(19 samples of 53 samples are shown). 
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HUGO 
Symbol 

Percentage of samples with a mutation (count) 
Allelic 

comparison 

Nonrisk 
(n=25) 

Heterozygous 
(n=25) 

Risk  
(n=3) OR p value 

TGFBR1 0.0 (0) 0.0 (0) 0.0 (0) 0.00 1.000 

SMAD9 0.0 (0) 0.0 (0) 0.0 (0) 0.00 1.000 

E2F5 0.0 (0) 0.0 (0) 0.0 (0) 0.00 1.000 

ACVR1B 0.0 (0) 0.0 (0) 0.0 (0) 0.00 1.000 

ACVR2B 0.0 (0) 4.0 (1) 0.0 (0) 2.44 0.501 

THBS1 4.0 (1) 0.0 (0) 0.0 (0) 0.00 1.000 
ACVR2A 4.0 (1) 4.0 (1) 0.0 (0) 0.80 1.000 

SMAD3 0.0 (0) 4.0 (1) 33.3 (1) 7.75 0.074 

TGFBR2 8.0 (2) 0.0 (0) 0.0 (0) 0.00 0.319 

SMAD4 8.0 (2) 4.0 (1) 0.0 (0) 0.47 0.669 

SMAD2 8.0 (2) 8.0 (2) 0.0 (0) 0.79 1.000 

BMPR2 8.0 (2) 12.0 (3) 0.0 (0) 1.04 1.000 

GREM2 20.0 (5) 8.0 (2) 0.0 (0) 0.36 0.226 

Table 5.8 Mutations in selected genes of the TGFb signalling pathway in TCGA African 
samples. The columns show the percentage of samples in each SMAD9 genotype group 
with non-synonymous mutations (actual counts in parenthesis). The OR and p value 
correspond to an allelic comparison of mutations at that gene with respect to the risk 
allele. Indels of the TGFBR2 and ACVR2A repeats are not included. 
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Figure 5.14 Oncoplot of selected TGFb signalling pathway genes. In-house samples. 
Genotype at the SMAD9 locus and MSI status are annotated. Indels of the TGFBR2 and 
ACVR2A repeats are not included. Samples without mutations are not shown in the plot 
(28 samples of 120 samples are shown). 
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HUGO 
Symbol 

Percentage of samples with a mutation (count) 
Allelic 

comparison 

Nonrisk 
(n=69) 

Heterozygous 
(n=43) 

Risk 
(n=8) OR p value 

BMPR2 14.5 (10) 7.0 (3) 0.0 (0) 0.37 0.146 

SMAD4 2.9 (2) 11.6 (5) 0.0 (0) 1.76 0.341 

ACVR1B 5.8 (4) 7.0 (3) 0.0 (0) 0.83 1.000 

ACVR2A 5.8 (4) 2.3 (1) 0.0 (0) 0.33 0.458 

TGFBR2 1.45 (1) 7.0 (3) 0.0 (0) 1.88 0.410 

SMAD2 1.5 (1) 4.7 (2) 0.0 (0) 1.55 0.638 
SMAD3 2.9 (2) 2.3 (1) 0.0 (0) 0.61 1.000 

TGFBR1 2.9 (2) 0.0 (0) 0.0 (0) 0.00 0.575 

THBS1 1.5 (1) 0.0 (0) 0.0 (0) 0.00 1.000 

ACVR2B 1.5 (1) 0.0 (0) 0.0 (0) 0.00 1.000 

GREM2 0.0 (0) 0.0 (0) 0.0 (0) 0.00 1.000 

SMAD9 0.0 (0) 0.0 (0) 0.0 (0) 0.00 1.000 

E2F5 0.0 (0) 0.0 (0) 0.0 (0) 0.00 1.000 

Table 5.9 Mutations in selected TGFb signalling pathway genes in In-house samples. 
The columns show the percentage of samples in each SMAD9 genotype group with non-
synonymous mutations (actual counts in parenthesis). The OR and p value correspond to 
an allelic comparison of mutations at that gene with respect to the risk allele. Indels of 
the TGFBR2 and ACVR2A repeats are not included. 

Comparison of mutations in the TGFb signalling pathway as a whole showed that the 

incidence of having one or more non-synonymous mutations in the pathway was higher 

in individuals with homozygous nonrisk alleles (63.13%) than in individuals with 

homozygous risk alleles (57.69%), TCGA European samples (Table 5.10). Although the 

incidence was lowest in the heterozygous group (50.45%). A difference was also 

observed in the in-house and TCGA African datasets, but in the former the highest 

incidence was observed among heterozygotes. Allelic comparisons were not significant 

in any individual dataset, but meta-analysis did show a significant association between 

germline genotype at the SMAD9 (rs493248) risk locus and mutation of the TGFb 
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signalling pathway (OR=0.73, 95%CI=0.56-0.96, p=0.03). A depletion of mutations 

existed among risk allele carriers (Figure 5.15).  

Previously I observed that CMS4 was more frequent among risk allele carriers, and 

CMS4 is also associated with activation of the TGFb signalling pathway. A depletion of 

mutations among the risk group does not contradict activation of TGFb signalling but 

does not necessarily support it either. I only compared non-synonymous mutations and 

did not discriminate between activating or deactivating effects. Copy number variations 

and expression were also not investigated. 

 
TGFb signalling pathway mutated 

Homozygous 
Nonrisk 

Heterozygous 
Homozygous 
Risk 

TCGA Eur (n=367) 63.13% (125/198) 50.35% (72/143) 57.69% (15/26) 

TCGA Afr (n=53) 64.00% (16/25) 56.00% (14/25) 33.33% (1/3) 

In-house (n=120) 42.00% (29/69) 44.2% (19/43) 12.5% (1/8) 

Table 5.10 Prevalence of TGFb pathway mutation by SMAD9 genotype.  European, In-
house and TCGA African datasets. Mutations in the TGFBR2 and ACVR2A polyadenine 
repeats were excluded from this comparison. 
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Figure 5.15 Meta-analysis: Comparison of germline variance at the SMAD9 locus 
(rs493248) with mutation of the TGFb signalling pathway. (a) Forest plot including risk 
and nonrisk allele counts for all individuals (total) and individuals with a mutation in the 
TGFb pathway (Mut). Summary results of individual datasets (OR and 95%-CI) and their 
weights in the meta are shown. (b) L’Abbé plot comparing TGFb signalling pathway 
mutation by risk and nonrisk alleles, the size of the circle reflects the weighting in the 
meta-analysis. 
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In the TCGA European samples, correction for background mutational load in each 

genotype group showed that mutation of the TGFb signalling pathway was enriched 

relative to permutations of KEGG gene sets (Figure 5.16). After subtracting background 

mutational load from each group, a significant difference in TGFb mutation remained 

between the nonrisk and heterozygous groups (8.08%, p<0.001). This suggested that the 

difference between these groups was greater than simply a result of the variation in 

background mutational loads. No significant difference was found between the nonrisk 

and risk groups (1.43%, p=1). Results are difficult to interpret in a relatively small dataset, 

but this may be the result of variation due to the small sample size of the risk group. 

 
Figure 5.16 Mutation of the TGFb signalling pathway by germline genotype at the 
SMAD9 (rs493248) CRC risk locus. The observed incidence of mutation is represented by 
the vertical lines, and the distributions represent the prevalence of mutation in randomly 
selected KEGG gene sets from 1000 permutations. 
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Next, I investigated if SMAD9 influenced the requirement for other CRC driver 

mutations. PIK3R3 and RALB mutations were significantly more frequently associated 

with the risk allele background, with a nominal significance in TCGA European samples 

(Figure 5.17 & Table 5.11). PIK3R3 is involved in activation of growth signalling pathways 

and RALB is a GTP-binding protein which mediates transmembrane signalling. My 

observations in TCGA European samples were not replicated in other datasets and 

mutations in these genes were generally infrequent. No statistically significant 

differences by germline genotype were found in any of the other CRC driver genes. 

Interestingly, deleterious mutations of the common CRC driver gene TP53 were observed 

more frequently in tumours from risk allele carriers. Risk allele carriers had lower 

mutational loads so this observation was less likely to occur by chance, and may have 

been observed because TP53 mutations are more common among MSS CRC (Muzny et 

al., 2012). Mutations in APC did not vary by genotype group. 
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Figure 5.17 Oncoplot of selected CRC driver genes. TCGA European samples. Genotype 
at the SMAD9 locus and MSI status are annotated. Only the three most frequently 
mutated CRC driver genes are presented as well as those which were significantly 
different by SMAD9 genotype (*). Samples without mutations in these genes are not 
shown in the plot (331 samples of 367 samples had mutations in these genes). 
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HUGO 
Symbol 

Percentage of samples with a mutation (count) 
Allelic 

comparison 

Nonrisk 
(n=198) 

Heterozygous 
(n=143) 

Risk  
(n=26) OR p value 

APC 76.8 (152) 75.5 (108) 76.9 (20) 0.97 0.922 

TP53 51.5 (102) 53.2 (76) 65.4 (17) 1.20 0.315 

PIK3CA 27.8 (55) 21.0 (30) 15.4 (4) 0.69 0.079 

RALB 0.5 (1) 0.7 (1) 7.7 (2) 4.69 0.034 

PIK3R3 0.0 (0) 2.1 (3) 3.9 (1) 4.69 0.034 

Table 5.11 Mutations in selected CRC driver genes. TCGA European samples. The 
columns show the percentage of samples with non-synonymous mutations by sample 
SMAD9 genotype (actual counts in parenthesis). The OR and p value correspond to an 
allelic comparison of mutations at that gene with respect to the risk allele.  
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Figure 5.18 Oncoplot of selected CRC driver genes. TCGA African samples. Genotype at 
the SMAD9 locus and MSI status are annotated. Samples without mutations in these 
genes are not shown in the plot (51 samples of 53 are shown). 

 

HUGO 
Symbol 

Percentage of samples with a mutation (count) 
Allelic 

comparison 

Nonrisk 
(n=25) 

Heterozygous 
(n=25) 

Risk  
(n=3) OR p value 

RALB 0.0 (0) 0.0 (0) 0.0 (0) 0.00 1.000 
PIK3R3 4.0 (1) 0.0 (0) 0.0 (0) 0.00 1.000 

PIK3CA 16.0 (4) 52.0 (13) 0.0 (0) 1.85 0.177 

TP53 72.0 (18) 60.0 (15) 100.0 (3) 0.99 1.000 

APC 72.0 (18) 88.0 (22) 100.0 (3) 2.71 0.173 
 Table 5.12 Mutations in selected CRC driver genes. TCGA African samples. The columns 
show the percentage of samples in each SMAD9 genotype group with non-synonymous 
mutations (actual counts in parenthesis). The OR and p value correspond to an allelic 
comparison of mutations at that gene with respect to the risk allele. 
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Figure 5.19 Oncoplot of selected CRC driver genes. In-house samples. Genotype at the 
SMAD9 locus and MSI status are annotated. Samples without mutations in these genes 
are not shown in the plot (78 samples of 120 are shown). 

 

HUGO 
Symbol 

Percentage of samples with a mutation (count) 
Allelic 

comparison 

Nonrisk 
(n=69) 

Heterozygous 
(n=43) 

Risk 
(n=8) OR p value 

TP53 56.5 (39) 34.9 (15) 87.5 (7) 0.92 0.881 

APC 18.8 (13) 16.8 (7) 12.5 (1) 0.81 0.696 

PIK3CA 13.0 (9) 11.6 (5) 0.0 (0) 0.64 0.487 

PIK3R3 1.5 (1) 2.3 (1) 0.0 (0) 1.02 1.000 

RALB 0.0 (0) 2.3 (1) 0.0 (0) 3.09 0.432 
Table 5.13 Mutations in selected CRC driver genes. In-house samples. The columns 
show the percentage of samples in each SMAD9 genotype group with non-synonymous 
mutations (actual counts in parenthesis). The OR and p value correspond to an allelic 
comparison of mutations at that gene with respect to the risk allele. 
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Comparison of somatic mutations in the combined list of CRC driver genes 

I compared the incidence of one or more mutations among the combined list by a 

similar method as the TGFb signalling pathway. Most tumours had one or more 

mutations in the CRC driver gene set, and this was similar in all genotype groups so no 

meta-analysis was performed (Table 5.14).  

 
CRC driver genes mutated 

Allelic 
comparison 

Homozygous 
Nonrisk Heterozygous 

Homozygous 
Risk OR P 

TCGA Eur (n=367) 99.5%(197/198) 97.9% (140/143) 96.2% (15/16) 0.36 0.141 

In House (n=120) 91.3% (63/69) 83.7% (36/43) 87.5% (1/8) 0.64 0.352 

TCGA Afr (n=51) 100.0% (25/25) 100.0% (25/25) 100.0% (3/3) 0.00 1.000 

Table 5.14 Prevalence of one or more deleterious mutations in CRC driver genes by 
germline genotype at the SMAD9 (rs493248) locus. The OR and p value of an allelic 
comparison are shown relative to the risk allele. 

 

I investigated MAPK signalling as another key oncogenic pathway disabled during 

CRC. Several common driver genes in this pathway are differentially mutated between 

MSI and MSS tumours, as well as between consensus molecular subtypes, which 

appeared to vary with SMAD9 genotype. For example, activating BRAF mutations are 

common among MSI tumours, whereas KRAS mutations occur more commonly among 

MSS tumours and CMS3. I explored whether these mutations also associated with 

genotype at the SMAD9 (rs493248) locus. 

I found no statistically significant difference in mutations by germline genotype for 

each of the MAPK signalling genes (Figure 5.20 & Table 5.15). Mutations of KRAS and 

BRAF were observed more commonly (non-significantly) among the nonrisk group in 

TCGA European samples but were difficult to interpret in the smaller datasets (Figure 
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5.21, Figure 5.22, Table 5.16 & Table 5.17). BRAF mutations were expected to be more 

common among the nonrisk genotype group due to its association with MSI CRC, and 

KRAS mutations were expected to be more common among the risk genotype group in 

association with MSS CRC. The latter did not appear to be the case among TCGA 

European samples. 

 
Figure 5.20 Oncoplot of genes in the MAPK signalling pathway. TCGA European 
samples. Genotype at the SMAD9 locus and MSI status are annotated. Samples without 
mutations in these genes are not shown in the plot (214 samples of 367 samples had 
mutations in these genes). 
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HUGO 
Symbol 

Percentage of samples with a mutation (count) 
Allelic 

comparison 

Nonrisk 
(n=198) 

Heterozygous 
(n=143) 

Risk 
(n=26) OR p value 

KRAS 41.9 (83) 39.9 (57) 26.9 (7) 0.81 0.234 

BRAF 13.6 (27) 11.9 (17) 7.7 (2) 0.80 0.449 

NRAS 5.1 (10) 7.7 (11) 3.9 (1) 1.17 0.725 

AKT3 3.0 (6) 1.4 (2) 3.9 (1) 0.79 0.793 

MAP2K1 2.0 (4) 1.4 (2) 0.0 (0) 0.55 0.742 

AKT1 1.5 (3) 0.7 (1) 0.0 (0) 0.39 0.689 
AKT2 1.0 (2) 1.4 (2) 0.0 (0) 0.92 1.000 

MAP2K2 1.0 (2) 0.0 (0) 3.9 (1) 1.39 0.659 

MAPK1 1.0 (2) 0.0 (0) 3.9 (1) 1.39 0.659 

MAPK3 1.5 (3) 0.0 (0) 0.0 (0) 0.00 0.350 

Table 5.15 Mutations in genes of the MAPK signalling pathway. TCGA European 
samples. The columns show the percentage of samples in each SMAD9 genotype group 
with non-synonymous mutations (actual counts in parenthesis). The OR and p value 
correspond to an allelic comparison of mutations at that gene with respect to the risk 
allele. 
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Figure 5.21 Oncoplot of genes in the MAPK signalling pathway. TCGA African samples. 
Genotype at the SMAD9 locus and MSI status are annotated. Samples without mutations 
in these genes are not shown in the plot (32 samples of 53 are shown). 
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HUGO 
Symbol 

Percentage of samples with a mutation (count) 
Allelic 

comparison 

Nonrisk 
(n=25) 

Heterozygous 
(n=25) 

Risk  
(n=3) OR p value 

KRAS 32.0 (8) 44.0 (11) 100.0 (3) 2.14 0.086 

BRAF 12.0 (3) 8.0 (2) 0.0 (0) 0.58 0.720 
MAP2K2 8.0 (2) 8.0 (2) 0.0 (0) 0.79 1.000 

NRAS 8.0 (2) 4.0 (1) 0.0 (0) 0.47 0.669 

AKT1 12.0 (3) 0.0 (0) 0.0 (0) 0.00 0.177 

MAP2K1 4.0 (1) 4.0 (1) 0.0 (0) 0.80 1.000 
MAPK1 0.0 (0) 0.0 (0) 0.0 (0) 0.00 1.000 

MAPK3 0.0 (0) 0.0 (0) 0.0 (0) 0.00 1.000 

AKT3 0.0 (0) 0.0 (0) 0.0 (0) 0.00 1.000 

AKT2 0.0 (0) 0.0 (0) 0.0 (0) 0.00 1.000 

Table 5.16 Mutations in genes of the MAPK signalling pathway. TCGA African samples. 
The columns show the percentage of samples with non-synonymous mutations by 
sample SMAD9 genotype (actual counts in parenthesis). The OR and p value correspond 
to an allelic comparison of mutations at that gene with respect to the risk allele. 
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Figure 5.22 Oncoplot of genes in the MAPK signalling pathway. In-house samples. 
Ordered by genotype at the SMAD9 locus, MSI status is annotated where available. 
Samples without mutations in these genes are not shown in the plot (64 samples of 120 
are shown). 
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HUGO 
Symbol 

Percentage of samples with a mutation (count) 
Allelic 

comparison 

Nonrisk  
(n=69) 

Heterozygous 
(n=43) 

Risk 
(n=8) OR p value 

KRAS 37.7 (26) 39.5 (17) 12.5 (1) 0.77 0.441 

BRAF 13.0 (9) 18.6 (8) 12.5 (1) 1.22 0.675 

AKT2 1.5 (1) 4.7 (2) 0.0 (0) 1.55 0.638 

MAP2K2 1.5 (1) 2.3 (1) 0.0 (0) 1.02 1.000 

AKT1 1.5 (1) 2.3 (1) 0.0 (0) 1.02 1.000 

NRAS 0.0 (0) 2.3 (1) 0.0 (0) 3.09 0.432 
MAP2K1 0.0 (0) 0.0 (0) 12.5 (1) 0.00 0.060 

MAPK3 0.0 (0) 2.3 (1) 0.0 (0) 3.09 0.432 

MAPK1 0.0 (0) 0.0 (0) 0.0 (0) 0.00 1.000 

AKT3 0.0 (0) 0.0 (0) 0.0 (0) 0.00 1.000 

Table 5.17 Mutations in genes of the MAPK signalling pathway. In-house samples. The 
columns show the percentage of samples in each SMAD9 genotype group with non-
synonymous mutations (actual counts in parenthesis). The OR and p value correspond to 
an allelic comparison of mutations at that gene with respect to the risk allele. 

 

Because deleterious mutations of individual genes did not occur very frequently, they 

were difficult to compare by genotype in these relatively small datasets. Hence, I 

compared mutation of the whole pathway by germline genotype but found no 

statistically significant difference by this method either (Table 5.18). 

MAPK pathway 
MAPK pathway mutated 

Allelic 
comparison 

Homozygous 
Nonrisk Heterozygous 

Homozygous 
Risk OR p 

TCGA Eur (n=367) 60.6% (120/198) 58.7% (84/143) 38.5% (10/26) 0.76 0.108 

In House (n=120) 50.7% (35/69) 60.5% (26/43) 37.5% (3/8) 1.05 0.882 

TCGA Afr (n=51) 56.0% (14/25) 60.0% (15/25) 100% (3/3) 1.56 0.386 

Table 5.18 prevalence of one or more deleterious mutations in the MAPK pathway by 
germline genotype at the SMAD9 (rs493248) locus. The OR and p value of an allelic 
comparison are shown relative to the risk allele. 
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Firstly, an overview of the distribution of DNA MMR associated signatures among 

MSI and MSS tumours from the TCGA European set are shown in Figure 5.23. As 

expected, DNA MMR associated signatures were more prevalent among MSI tumours. 

Signature 26 was least prevalent among all samples and not present among MSS tumours 

at all. Signature 20 was particularly enriched among MSI tumours, whilst signature 6 was 

most prevalent overall and well represented among both MSI and MSS tumours. 
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Figure 5.23 DNA MMR associated single base substitution signatures among TCGA 
European samples. The proportion of mutations attributable to each signature are 
shown for every sample. Samples are ordered by the total somatic mutations 
attributable DNA MMR associated signatures combined, shown in the bottom panel. 
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A nominally significant difference existed in the total (aggregate) proportion of 

mutations attributable to defective DNA MMR signatures between genotype groups at 

the SMAD9 locus (Table 5.19 & Figure 5.24). The difference was significant between 

homozygous risk and homozygous nonrisk groups (difference in location = 2.6x10-2, 

95%CI= 6.2x10-5-8.5x10-2, p=0.039) and between homozygous risk and heterozygous 

groups (5.2x10-2, 95%CI=3.6x10-5-8.5x10-2, p=0.028). A lower proportion of DNA MMR 

signatures was associated with the risk allele. However, individual mutational signatures 

were uncommon among MSS samples and the median mutational load was frequently 

zero. Small non-significant differences in the estimated location of the distributions by 

genotype were illustrated by a Wilcox Rank Sum test for some signatures. A similar trend 

as for the aggregate signature count was visible in the comparison of Signature 6 on its 

own but no statistically significant difference existed for any individual signature.  

My investigations supported the notion that SMAD9 risk variance may protect 

against DNA MMR deficiency. However, this comparison was small and not corrected for 

multiple testing. The result is suggestive, but replication is required. 
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Figure 5.24 Comparison of DNA MMR mutational signatures by SMAD9 genotype in 
MSS CRC. The proportion of mutations attributable to each signature is shown for 
samples in the risk, heterozygous and nonrisk genotype groups at the locus. The Total 
panel represents aggregate counts of all signatures from the other panels. None of the 
MSS samples had mutations contributing to signature 26 which is not shown for this 
reason. 
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Signature Median signature load Risk vs Nonrisk (Wilcox rank sum) 

Risk Het Nonrisk 
Difference in location* 

(95%CI) P value 

Signature 6 0.000 0.000 0.000 3.1x10-5 (-1.6x10-5-3.2x10-5) 0.368 

Signature 14 0.000 0.000 0.000 0.0 (0.0-0.0) 0.076 

Signature 15 0.000 0.000 0.000 5.9x10-6 (-3.8x10-5-7.9x10-5) 0.442 

Signature 20 0.000 0.000 0.000 0.0 (0.0-0.0) 0.711 

Signature 21 0.000 0.000 0.000 0.0 (0.0-0.0) 0.711 

Total 0.000 0.086 0.089 2.6x10-2 (6.2x10-5-8.5x10-2) 0.039 

Table 5.19 Comparison of DNA MMR signature loads by genotype at the SMAD9 locus 
in MSS samples. The median proportion of mutations contributing to each signature is 
demonstrated for samples in each genotype group. A median of zero resulted from the 
rarity of observing DNA MMR related signatures among MSS samples. This obscures the 
fact that differences did exist between distributions from different genotype groups, and 
is illustrated by the Wilcox Rank Sum statistics. *The difference in location refers to the 
median of the difference between a sample from the risk and sample from the nonrisk 
genotype groups and relates to the Wilcox Rank Sum test (it does not represent the 
difference in medians between these groups). 

Comparison of DNA MMR signatures between MSI tumours showed no statistically 

significant differences, apart from in Signature 14 between heterozygous and nonrisk 

individuals (Figure 5.25 &  Table 5.20). The number of mutations contributing to this 

signature were lowest in the heterozygous group. No multiple testing correction was 

carried out and this was attributed to random variation of small group sizes. No 

statistically significant difference was observed in the total DNA MMR signature load 

either. However, the sample sizes of MSI tumours were much smaller and too few to 

draw a definite conclusion. It may be that this group was simply too small to observe a 

similar effect, or that the effect was truly not present among MSI tumours. Replication 

with a larger sample set would be needed to answer these questions. 
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Figure 5.25 Comparison of DNA MMR mutational signatures by SMAD9 genotype in 
MSI CRC. The proportion of mutations attributable to each signature is shown for 
samples in the risk, heterozygous and nonrisk genotype groups at the locus. The Total 
panel represents aggregate counts of all signatures in the other panels. 
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Signature Median signature load Risk vs Nonrisk (Wilcox rank sum) 

Risk Het Nonrisk 

Difference in location* 
(95%CI) p value 

Signature 6 0.228 0.096 0.092 -1.7x10-1(-2.9x10-1- 3.4 x10-1) 0.287 

Signature 14 0.129 0.000 0.074 -3.2x10-5 (-2.6x10-1- 1.3 x10-1) 0.649 

Signature 15 0.158 0.262 0.201 4.2x10-2(-1.7x10-1- 2.2x10-1) 0.512 

Signature 20 0.394 0.412 0.403 9.3x10-3(-3.7x10-1- 2.4x10-1) 1.000 

Signature 21 0.000 0.000 0.000 0.0 (0.0 - 7.6x10-5) 0.542 

Signature 26 0.000 0.000 0.000 0.0 (0.0 - 5.9x10-5) 0.734 

Total 0.908 0.823 0.871 -3.7x10-2 (-2.2x10-1 - 5.6x10-2) 0.656 

 Table 5.20 Comparison of DNA MMR signature loads by genotype at the SMAD9 locus 
in MSI CRC. The median proportion of mutations contributing to each signature is 
demonstrated for samples in each genotype group. A median of zero resulted from the 
rarity of observing a particular DNA MMR related signature. Difference between groups 
are illustrated by the Wilcox Rank Sum statistics. *The difference in location refers to the 
median of the difference between a sample from the risk and sample from the nonrisk 
genotype groups and relates to the Wilcox Rank Sum test (it does not represent the 
difference in medians between these groups). 
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In this chapter I proposed two mechanistic hypotheses for the correlation between 

mutational load, colorectal cancer microsatellite instability and variance at the SMAD9 

(rs493248) CRC risk eQTL. I explored these through comparison of somatic mutations 

and mutational landscapes. 

Firstly, a relationship was demonstrated between germline genotype at the SMAD9 

(rs493248) CRC risk locus and somatic mutation of the TGFb signalling pathway. This was 

largely, but not exclusively, driven through indels in the TGFBR2 and ACVR2A 

polyadenine repeats. Meta-analysis also confirmed that mutation of the rest of the TGFb 

signalling pathway was less frequent among risk allele carriers. Comparisons of 

mutations in individual TGFb signalling genes were more difficult to interpret, 

particularly in the smaller datasets. A trend was observed in BMPR2 which was similar to 

ACVR2A and TGFBR2, this seemed noteworthy since this receptor also interacted with 

SMAD9 in a similar way. These observations showed that the SMAD9 eQTL correlated 

with other mutations of the TGFb signalling pathway, however it was difficult to 

disentangle a causal relationship since both also correlated with MSI status. I explore the 

functional effects of knocking down SMAD9 on MSI and MSS CRC cell lines further in 

Chapter 6. An evolutionary dependency analysis between SMAD9 risk alleles and 

mutations of the rest of the TGFb signalling pathway may be an interesting further 

computational analysis. 

I observed no consistent significant differences in the mutations of any other 

individual genes by SMAD9 genotype. Some trends were highlighted but represented 

mostly weak correlations associated with the distribution of MSI and MSS CRC. The 

relatively small size of the datasets combined with the low frequency of individual 

mutations meant it was difficult to draw conclusions from comparisons of individual 

genes. No multiple testing corrections were carried out either. I replicated my analysis 
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in several distinct datasets, however it was difficult to conclusively replicate differences 

in smaller datasets. 

APC mutations were unexpectedly infrequent among the In-house dataset. In fact, 

the frequency of any somatic variants in APC, even before filtering for functional impact, 

was lower than expected at 52% in this set. While a sample selection bias could not be 

ruled out it seemed likely that technical differences relating to whole genome 

sequencing will have affected the ability to detect some mutations, particularly those 

with lower variant allele fractions. Copy number variations were not included in any of 

my analyses and therefore loss of heterozygosity events were not accounted for. Such 

events commonly affect important CRC driver genes such as SMAD4 and TP53 for 

example (Muzny et al., 2012).  

Investigation of my  second hypothesis demonstrated some support for a direct 

influence of SMAD9 on DNA MMR. A lower load of DNA MMR signatures was observed 

among individuals with risk variance and could mean that this group was more resilient 

to defects of DNA MMR. This could also explain the difference in mutational load which 

remained between genotype groups of MSS tumours, described in Chapter 3. The largest 

difference among MSS samples appeared to be coming from Signature 6, a signature 

which was not as prevalent among MSI samples. It may be that this indicated an 

important relationship between SMAD9 and this signature in particular. A difference in 

DNA MMR signature loads was not observed among MSI samples, of which there were 

also far fewer to compare.  

The difference in DNA MMR associated signatures between genotype groups was 

relatively small, and results were not corrected for multiple testing nor were they 

validated in a separate dataset due to time constraints of this thesis. Analysis of DNA 

MMR signatures were also limited by several other factors which could be expanded 

upon in future replications; for example, more recent methods for signature 
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deconstruction than I had used have become available, such as the newer version of 

deconstructSigs called SigProfiler (Alexandrov et al., 2020) implemented in Python or 

MATLAB, and assigns mutations more accurately to mutational signatures. Additionally, 

the known mutational signatures have been added to since this analysis was conducted, 

meaning that more recently described signatures associated with DNA MMR deficiency, 

such as SBS44 for example, were not included in this work. Insertion and deletion (ID) 

signatures, which are also characteristic of DNA MMR deficiency represent further 

opportunities to explore. ID1, ID2 and ID7 are currently listed by COSMIC as being 

associated with DNA MMR deficiency (Tate et al., 2019). In conclusion, an interaction 

between SMAD9 and DNA MMR seems a reasonable hypothesis but requires replication 

as well as functional investigations. 
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 Knockdown of SMAD9 in microsatellite 

stable and instable cell lines 

 

In Chapter 4 I established that germline genotype at the SMAD9 colorectal cancer 

(CRC) risk locus was differentially associated with CRC dependent on microsatellite 

instability status. The (GWAS) risk allele (T) imparted risk exclusively for microsatellite 

stable (MSS) tumours; however, there was a suggestion of a protective effect against 

microsatellite instable (MSI) CRC. Several mechanistic hypotheses were suggested two 

of which were further investigated in the previous chapter through the comparisons of 

tumour mutations by germline genotype at this locus. Amongst other differences, I 

showed that the transforming growth factor beta (TGFb) signalling pathway was less 

commonly mutated among individuals with risk alleles. This difference was largely driven 

through mutations of two polyadenine repeat sequences in the receptors TGFBR2 and 

ACVR2A. These deleterious mutations are common among MSI CRC and occur as a direct 

consequence of DNA mismatch repair (MMR) deficiency. 

The effect of TGFb signalling in normal cells and early CRC is to inhibit proliferation 

(Jung et al., 2017). Tumour cells can escape this inhibition through mutation, which is 

more common among MSI CRC. SMAD9 forms part of the TGFb signalling cascade, 

wherein it interacts directly with the receptor ACVR2A, which becomes phosphorylated, 

activating SMAD4 which in turn causes the transcription of target genes. I previously 

selected the SMAD9 CRC risk locus as one of several risk loci, which also function as 

expression quantitative trait loci (eQTL) in normal colorectal mucosa. I hypothesized that 

the enrichment of MSI CRC in individuals with nonrisk alleles may have arisen because 

they express higher levels of SMAD9 in their colorectal mucosa compared with 
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individuals with risk alleles. On this background, deactivating TGFb mutations would be 

advantageous (See Figure 5.1 in Chapter 5). However, cells with the risk genotype 

(associated with lower SMAD9 expression) would not derive as much of a growth 

advantage from the additional TGFb deactivating mutations arising as a result of MSI.  

To investigate a possible causal relationship between SMAD9 expression and MSI 

status, I surmised that knockdown (KD) of SMAD9 might have differential effects in MSI 

and MSS cell lines. My expectation was that lower expression of SMAD9 would promote 

proliferation in MSS cell lines by downregulating TGFb signalling. In contrast, SMAD9 KD 

would have limited or no effect on proliferation of MSI cell lines because upstream 

signalling was expected to be already disrupted by mutation. Additionally, if a protective 

effect did exist between the lower expressing risk alleles and MSI CRC, I may observe 

reduced proliferation in MSI cell lines, which might even suggest the possibility of 

synthetic lethality. I focused on the mutations of TGFBR2 and ACVR2A, which are both 

causally linked to MSI CRC, and which were highly correlated with the SMAD9 locus in 

my previous investigations.  
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Four CRC cell lines were chosen based on previously published evidence showing: 

• MSI status (two MSI and two MSS) (Table 6.1)  

• The reported mutations of TGFBR2 and ACVR2A polyadenine repeat sequences 

expected according to MSI and MSS status (Table 6.1)  

• The absence of mutations in other key TGFb signalling genes (Table 6.2) 

• Positive expression of SMAD9 in culture where available (Table 6.3) 

All cell lines were originally obtained from ATCC® and stored in liquid nitrogen. 

LS174T and SW48 were chosen to represent MSI tumours and were kindly gifted by Li-

Yin Ooi7. Two MSS cell lines, COLO320 and COLO205 were donated by Professor Mark 

Arends8 and Dr Anna Maria Ochocka-Fox9. Previously published evidence showed that 

the MLH1 promoter was methylated in both MSI cell lines (Woerner et al., 2009), and 

that MLH1, MSH2 and MSH6 were wild-type, indicating somatic-type MSI (Mouradov et 

al., 2014). 

While the differences between the selected cell lines were almost certainly more 

complex than their reported microsatellite instability and TGFBR2 and ACVR2A mutation 

status, these experiments represented an initial exploratory analysis establishing a 

causal rather than correlative relationship between SMAD9 and MSI CRC.  

 
7 Li-Yin Ooi, Farrington and Dunlop Groups, MRC Human Genetics Unit, MRC Institute of Genetics and 

Molecular Medicine, The University of Edinburgh 
8 Professor Mark Arends, Professor of Pathology and Head of Edinburgh Pathology, Cancer Research UK 

Edinburgh Centre, The University of Edinburgh 
9 Dr Anna Maria Ochocka-Fox, Research Fellow, Dunlop group, MRC Institute of Genetics and Molecular 

Medicine, The University of Edinburgh 
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MSI 

/MSS 
MLH1 
meth TGFBR2 A10 ACVR2A A8 Notes 

COLO205 MSS10 -ve10 +/+10,11 +/+10 
Colonic metastasis 
from ascites. 

COLO320 MSS12 -ve13 +/+11 Not known  

LS174T MSI12 +ve14 
-/- 

(c.374delA)15 
-/- 

(c.1303delA)15  

SW48 MSI12 +ve14 
-/- 

(c.374delA )15 
-/- 

(c.1303delA)15,16  
Table 6.1 Published characteristics for chosen cell lines. 

  MLH1 MSH2 MSH6 SMAD2 SMAD3 SMAD4 SMAD9 TGFBR1 

COLO205 +/+10 +/+10 +/+10 +/+10 +/+10 +/+10 +/+10 +/+10 

COLO320    +/+17  +/+17   
LS174T +/+10 +/+10 +/+10 +/+10 +/+10 +/+10 +/+10 +/+10 

SW48 +/+10 +/+10 +/+10, ins17 +/+10 +/+10 +/+10 +/+10 +/+10 

Table 6.2 Published mutations in MMR and other key TGFb signalling genes. 

  SMAD2 SMAD3 SMAD4 SMAD9 TGFBR1 TGFBR2 ACVR2A 

COLO205               

COLO320 318 518 918 318 918 0.118 0.918 

LS174T       5       

SW48 318 918 618 318 618 1418 118 

Table 6.3 Published expression values of TGFb signalling genes. Fragments per kilobase 
of transcript per million mapped reads. LS174T was previously verified in-house. 

 
10 (Mouradov et al., 2014) 
11 (Ilyas et al., 1999) 
12 (Ahmed et al., 2013)  
13 (Lind et al., 2004)  
14 SelTarbase (Woerner et al., 2009)  
15 COSMIC (Tate et al., 2019) (Cell Lines Project)  
16 Cancer Cell Line Encyclopedia, distributed by the Broad Institute (Ghandi et al., 2019)  
17 Colorectal Cancer Atlas (Chisanga et al., 2016)  
18 Expression Atlas (Papatheodorou et al., 2020)  
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Cells were maintained in Dulbecco’s Modified Eagle Medium (ThermoFisher 

Scientific) with 10% w/v foetal calf serum19 (FCS) and 1% w/v penicillin and 

streptomycin19 in T25 or T75 culture flasks at 37°C with 95% humidified oxygen and 5% 

carbon dioxide. Medium was replaced as necessary and cells were passaged every 3 to 7 

days at a ratio of 1/2 to 1/10, dependent on the cell line to maintain a sub-confluent 

population. Cultures were tested once monthly for presence of Mycoplasma species19, 

and only Mycoplasma free cultures were utilized in experiments. Experiments were 

carried out between passages 4 and 20. 

 

DNA was extracted to verify rs493248 genotype tagging the SMAD9 CRC risk locus 

and indel status at the TGFBR2 and ACVR2A repeats. Cells were seeded onto 10cm dishes 

one day before extraction to obtain 50-100% confluency. After 24 hours they were 

washed with 1ml chilled PBS19 and scraped into an Eppendorf tube and centrifuged at 

500g for 5 minutes. After discarding the supernatant, cells were resuspended in 200ul 

PBS after which the protocol from the quick-DNA Universal kit (Zymo Research; #D4068 

& #D4069) recommended for cultured cells was followed. DNA was eluted in 75ul of 

elution buffer, and purity and concentration was ascertained using a NanoDrop 

spectrophotometer (ThermoFisher Scientific). Extracted DNA was stored at -20°C before 

use. 

 
19 Technical services at the MRC Human Genetics Unit, Institute of Genetics & Molecular Medicine, The 

University of Edinburgh. 
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Extracted DNA was Sanger sequenced to establish rs493248 genotype as well as 

actual indel status at the TGFBR2 and ACVR2A polyadenine repeats for all cell lines. 

Preparation of samples for sequencing was kindly carried out by Stuart Reid20 and 

sequencing was conducted by the Technical Services at the Human Genetics Unit19. 

Primer sequences are shown in Table 6.4 

Target Position (GRCh 38) Forward Primer (5’-3’) Reverse Primer (5’-3’) 

TGFBR2(A10) chr3:30650379-
30650389 

TATAGGACAGCCTGCGA
ATGC 

TGATGAGAACCAGAACAAA
CCC 

ACVR2A(A8) chr2:147926116-
147926124 

CAGTTGGGAATAGGTG
ACAGAG 

TTCTGCACAGGACCATTGA
G  

rs493248 13:36899249 TATGGATGTCCTAGCCA
GTGC 

GGTGCCCAAGAAATCTGGA
CT 

Table 6.4 Primers used to sequence rs493248 and polyadenine repeats in TGFBR2 and 
ACVR2A. 

SMAD9 was knocked down in cell lines using siGENOME Human SMAD9 SMARTpool 

siRNA (Dharmacon; #M-016192-02-0005). This targeted all protein coding transcripts as 

well as one of two long non-coding RNAs (lncRNA-204) (Figure 6.1). Specificity for SMAD9 

was previously shown with this siRNA pool (Drake et al., 2011), and a transcriptome-wide 

BLAST search in Ensembl confirmed only significant matches with SMAD9 (Altschul et al., 

1990; Hunt et al., 2018). SiRNA sequences are summarized in Table 6.5. SiGENOME Non-

Targeting siRNA control pool #2 (Dharmacon; D-001206-14-05) was used as control. 

20 Stuart Reid, research assistant, Dunlop Group, MRC Human Genetics Unit, MRC Institute of Genetics & 
Molecular Medicine, The University of Edinburgh. 
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Figure 6.1 The SMAD9 locus showing its transcripts and locations targeted by siRNA and the TaqMan probe. 

Image adapted with permission from Ensembl, (v98) (Hunt et al., 2018). 
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siRNA Genomic location (GRCh 38) Sequence 

siRNA_01 13:36865565-36865583 AAACAGAAACUCAACGAUA 
siRNA_02 13:36853459-36853477 GCUUUGAAGUCGUGUAUGA 

siRNA_03 13:36853575-36853592 GCAACUAUCAACACGGCUU 

siRNA_04 13:36879476-36879495 CAGCAAAUGCGUCACGAUU 

Table 6.5 siRNAs in the SMAD9 siRNA pool used to knock down SMAD9 in cell lines.  

Additional control wells contained cultured cells only and cultured cells with 

Lipofectamine RNAiMAX (Invitogen; #13778030) transfection agent only. Control pool #2 

was chosen rather than pool #1 since the latter is reported by the manufacturer to 

reduce expression of epidermal growth factor receptor (EGFR) and could therefore have 

affected proliferation. All KD experiments were carried out in triplicate unless otherwise 

stated.  

First, I validated and quantified SMAD9 KD for the chosen cell lines. This was carried 

out on standard 6 well plates. All further SMAD9 KD for cell counting experiments was 

conducted on 24 well plates. The cell counting experiments also included two additional 

wells (NTsiRNA and SMAD9 siRNA) to validate successful KD of SMAD9 during these 

experiments.  

For the siRNA transfections, the reverse transfection protocol for Lipofectamine 

RNAiMAX was followed, with a final concentration of 100pmol siRNA for 6 well plates 

and 20pmol for 24 well plates, as recommended. SiRNA and 5ul/1ul Lipofectamine 

RNAiMAX (6 well/24 well) were diluted in 500ul/100ul Opti-MEM reduced serum 

medium (ThermoFisher Scientific; #31985062). Cells were seeded at 1.5x105/ml, and 

3.0x105/ml in the case of COLO320 which was slower growing, in antibiotic-free medium 

(including 10% w/v FCS19), achieving final well volumes of 2.5ml/600ul. Transfected cells 

were incubated under standard culture conditions.  
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To determine the effects TGFb signalling had on proliferation in these cell lines I 

added TGFb ligands to each culture. This was done on 24 well plates under similar 

conditions as SMAD9 KD experiments. I investigated both BMP4 and TGF-B1, which 

stimulate the SMAD1/SMAD5/SMAD9-BMP and SMAD2/SMAD3 arms of the TGFb 

signalling pathway respectively. Both were expected to suppress proliferation. Either 

5ng/ml TGF-B1 (Peprotech; #100-21) or 100ng/ml BMP4 (R&D systems; #314-BP-010) 

was added to the media during plating before the addition of 500ul cell suspension at 

1.5x105 cells/ml, and 3.0x105 cells/ml in the case of COLO320. This was carried out in 

duplicate for each cell line and cells were counted after 24, 48 and 72 hours to determine 

both the effect on proliferation and time point of the maximal effect. Additionally, I 

stimulated TGFb signalling during SMAD9 KD experiments by adding either TGF-B1 or 

BMP4 directly to the opti-MEM Reduced Serum Medium during transfection. 

To validate SMAD9 KD, RNA was extracted from six well plates 48 hours after 

transfection and these were between 20% and 30% confluent. Additionally, RNA was 

collected at 8, 24 and 72 hours after transfection for COLO 205 cells as a single replicate 

experiment to briefly investigate KD dynamics. After discarding the media, wells were 

washed in 2ml chilled PBS and kept on ice. 1ml TRIzol reagent (ThermoFisher Scientific; 

#15596026) was added and cells scraped and collected into separate Eppendorf tubes 

which were either stored at -80°C before defrosting on ice or directly extracted. After 

incubating for 5 minutes at room temperature (RT), 0.2ml chloroform was added and the 

tube vigorously shaken (all shaking was performed by vortexing for 15 seconds). Samples 

were incubated for 10 minutes at RT and then centrifuged at 12000g for 15 minutes in a 
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centrifuge operated at 4°C. RNA in the colourless aqueous phase was transferred to a 

new Eppendorf with 0.5ml isopropanol and shaken. After a 10-minute incubation at RT, 

samples were centrifuged at 12000g for 10 minutes. The supernatant was discarded, 1ml 

75% ethanol added and the sample shaken to resuspend the pellet, then centrifuged at 

7500g for 5 minutes. The supernatant was discarded and the pellet air dried. It was then 

resuspended by vigorously pipetting in 10-20ul distilled H20 and incubating for 15 

minutes at 57.5°C. 

 

Cell counting experiments were performed on 24 well plates, with two additional 

wells (NTsiRNA and SMAD9 siRNA) reserved to validate SMAD9 KD. These were between 

20% and 90% confluent at collection. Because of the larger number of samples and lower 

cell content, RNA was extracted from these using a QIAcube robot to improve 

consistency. First, cells were collected in a similar fashion as for the 6 well plates but 

using 500ul TRIzol reagent and 140ul chloroform. After the first centrifugation step, the 

clear supernatant was collected and further purified in the centrifuge columns using the 

RNAeasy mini kit (Qiagen; #74104) by following the aqueous phase part A protocol for 

the robot. RNA was eluted into 50ul H20.  

A NanoDrop was used to assess the quality and concentration of RNA before storage 

at -80°C. 

 

RNA was converted to cDNA following the protocol from the AffinityScript 

MultiTemperature cDNA synthesis kit (Agilent; #200436) using the random primers 

included and a temperature of 42°C was chosen for step 2. In the case of the 6 well plates, 

1ug of RNA was converted with a 20ul final reaction volume, yielding a 50ng/ul cDNA 
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equivalent concentration. The 24 well plates yielded lower amounts of RNA and 300ng 

was converted, producing an equivalent of 15ng/ul cDNA. cDNA was stored at -20°C. 

SMAD9 KD was verified by TaqMan qPCR. The SMAD9 probe targeted exons 2 and 3 

of all protein coding transcripts and lncRNA-204 (Figure 6.1). Standard curves for all cell 

lines were included on each plate (cDNA concentrations of 0.625, 1.25, 2.5, 5, 10 and 20 

ng/ul), and each biological replicate was repeated with 3 technical replicates on 384 well 

plates using TaqMan probes for SMAD921 and GAPDH22 as reference. Each well contained 

5ul LightCycler 480 Probes Master (Roche; #04887301001), 0.5ul SMAD9 or GAPDH 

TaqMan probe, 2ul (5ng/ul) cDNA or H2O control, and 2.5ul H2O. The reaction was 

performed using a LightCycler 480 (Roche) with the Monocolor Hydrolysis Probe reaction 

protocol.  

Standard curves for SMAD9 and GAPDH were generated for all cell lines in Microsoft 

Excel from the linear regression of Ct values and the log10 of standard concentrations 

(ng/ul). A log-linear relationship existed generally between 0.1 and 10ng/ul. 

SMAD9 expression was calculated for each condition normalized to GAPDH and KD 

efficiency was expressed relative to the NTsiRNA control. This represented the mean of 

three biological replicates and error bars denote standard deviation between those 

replicates. 

21 TaqMan Gene Expression Assay (FAM), human SMAD9, Hs00195441_m1 (ThermoFisher Scientific; 
#4331182) 

22 Human GAPDH Endogenous Control probe, TaqMan Hs99999905_m1 (Applied Biosystems; #4333764F) 
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At the chosen time points culture media was aspirated from the 24 well plates and 

cells were washed with 500ul PBS warmed to 37°C. 0.25ml trypsin and versine at a ratio 

of 1:1 was added to each well and the plate was incubated for 5 minutes at 37°C. 0.25ml 

antibiotic-free medium (including 10% w/v FCS) was added to each well and cells were 

dislodged by scraping with a p1000 pipette tip and pipetted up and down vigorously 10 

times to ensure good suspension without clumping. 10ul suspended cells were mixed 

with 10ul trypan blue and pipetted into a Countess Cell Counting Chamber Slide 

(Invitrogen; #C10228). After incubating for at least 30 seconds (but not a prolonged 

period) cells were counted with the Countess Cell Counter and both the absolute and 

live cell count recorded. Cells were prepared for counting in small batches, wells which 

had time to settle were resuspended prior to preparation with trypan blue. 

Mean live cell counts/well and percentage of live cells were compared between 

NTsiRNA control and SMAD9 siRNA treatments using a two tailed t-test using with 

statistical computing software R 3.4.1(R Core Team, 2017). Error bars represent the 

standard error. 
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Sanger sequencing of TGFBR2 and ACVR2A repeats showed frame shift deletions in 

each of these genes in the MSI cell lines (Table 6.6). Similar deletions in the COLO205 

(MSS) cell line were an unexpected finding and I considered this cell line MSS-atypical. 

No frame shift mutations were detected in TGFBR2 and ACVR2A repeats of the other 

MSS cell line (COLO320) as expected. COLO205 was homozygous risk for the rs493248 

variant, the genotype corresponding to lower expression of SMAD9 in normal tissue. 

However, qPCR was able to detect similar levels of SMAD9 expression in this cell line and 

adequate KD was achieved (Figure 6.2 and Figure A.1 in Appendix). The remaining cell 

lines were homozygous nonrisk for the eQTL. Expression in these cell lines did not 

represent the eQTL, however only 4 cell lines were investigated. Additionally, these 

transformed cell lines were likely to carry many acquired changes which made them less 

representative of the normal tissue from which the SMAD9 eQTL was derived. 

Cell Line MSI status rs493248 TGFBR2 (10A) ACVR2A (8A) 

COLO205 MSS10 TT (risk) -/- (9A) -/- (7A) 

COLO320 MSS12 CC (nonrisk) +/+ (10A) +/+ (8A) 

LS174T MSI12 CC (nonrisk) -/- (9A) -/- (9A/6A) 
SW48 MSI12 CC (nonrisk) -/- (8A) -/- (7A) 

Table 6.6 Sanger sequencing results of rs493248 and the TGFBR2 and ACVR2A 
polyadenine repeats. MSI status was obtained from the literature. 
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Figure 6.2 Comparison of baseline SMAD9 expression between cell lines. SMAD9 
expression relative to GAPDH 48 hours after plating in each cell line (untreated). Error 
bars denote standard deviation, n=3. 

SMAD9 KD efficiencies between 30% and 81% were achieved for all cell lines at 48 hours 

post transfection. The time-course investigation with COLO205 suggested an 80% KD was 

achieved at 24 hours post transfection and maintained at least until 72 hours in this cell 

line (Figure 6.3). The variation of SMAD9 KD efficiency in LS174T appeared to be due to 

an erroneous measurement in GAPDH to which SMAD9 expression was normalized, 

during one of the replicates. Adequate and consistent KD was observed in the other two 

replicates (Figure 6.3 & Appendix).  
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Figure 6.3 SMAD9 siRNA KD efficiencies in cell lines. (a-d) At 48 hours post transfection, 
error bars denote standard deviation, n=3. (e) Time-course for COLO205, n=1. (f) Mean 
KD in each cell line. KD was compared to non-targeting siRNA control and normalized to 
GAPDH. 
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The effect of SMAD9 KD was compared between MSS and MSI cell lines in terms of 

proliferation by counting the number of live cells per well at selected time points after 

transfection. KD of SMAD9 caused a significant decrease in proliferation relative to the 

NTsiRNA control at the 72-hour time point for COLO205, the MSS-atypical cell line (Figure 

6.4 & Table 6.7). The decrease in the other MSS CRC cell line (COLO320) after 72 hours 

was not significantly different from the NTsiRNA control but followed a similar trend. It 

was significantly decreased relative to the cell-only control; -5.17x105 cells/well p=0.032, 

and the transfection agent only (RNAiMAX) control -5.60x105 cells/well p=0.048. No 

significant differences were observed at earlier time points for these cell lines. SMAD9 

KD had no effect on proliferation in the two MSI cell lines, LS174T & SW48. In summary, 

SMAD9 KD appeared to have no effect on MSI cell lines, however SMAD9 KD appeared 

to decrease proliferation in MSS cell lines, rather than increase it as hypothesized. 
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Figure 6.4 Cell proliferation curves in response to SMAD9 KD. MSS cell lines top and MSI 
cell lines bottom. Cell-only (control), non-targeting siRNA (NTsiRNA) and transfection 
agent-only (RNAiMAX) controls compared to SMAD9 siRNA KD (SMAD9siRNA). N=3 
(except time=72; n=6). 

Cell Line Difference in live cell counts 
(x105/well at 72hrs) 

95% CI p value 

COLO205 -5.67 -8.85 - -2.48 0.003 
COLO320 -1.17 -7.56 - +5.22 0.687 

LS174T -0.54 -3.82 - +2.74 0.717 

SW48 -0.49 -1.90 - +0.93 0.456 

Table 6.7 Difference in live cell counts between SMAD9 siRNA and non-targeting siRNA 
treatments. 72 hours post transfection. 
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In the previous experiments, cell lines were in their basal states with respect to TGFb 

signalling. I stimulated the TGFb signalling pathway by adding TGF-B1 or BMP4 to the 

media during cell seeding. This inhibited proliferation as expected and the greatest 

inhibition was observed at 72 hours (Appendix Figure A. 2, Table A. 11, Figure A. 3 and 

Table A. 12). This time point was chosen to repeat the SMAD9 KD experiment whilst 

activating the TGFb signalling pathway. 

SMAD9 KD in the presence of TGF-B1 caused a further significant suppression of 

proliferation than TGF-B1 treatment alone in COLO205 and LS174T cells (Figure 6.5 & 

Table 6.8). A similar trend was seen in the other two cell lines. This was unexpected and 

appeared to show that rather than releasing the suppressive effect of TGF-B1 

stimulation, SMAD9 KD promoted it, including in MSI cell lines. 

KD of SMAD9 in the presence of BMP4 also showed a significant further suppression 

of proliferation in COLO205 (MSS-atypical) relative to BMP4 treatment alone (Figure 6.6 

& Table 6.9). For the remaining cell lines however, KD of SMAD9 in the presence of BMP4 

did not cause a further decrease in proliferation after 72 hours. The complete absence 

of any effect in the MSI cell lines was notable.  
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Figure 6.5 Effects of SMAD9 KD and TGF-B1 on live cell counts. Non-targeting siRNA 
(NTsiRNA), non-targeting siRNA with TGF-B1 (NTsiRNA+TGFb), SMAD9 siRNA 
(SMAD9siRNA) and SMAD9 siRNA with TGF-B1 (SMAD9siRNA+TGFb), n=3. 

Cell Line Difference in live cell 
counts (x105/well at 
72hrs) 

95% CI p value 

COLO205 -4.01 -7.38 - -0.64 0.034 

COLO320 -1.95 -5.46 - +1.56 0.174 

LS174T -3.57 -6.31 - -0.82 0.026 

SW48 -0.32 -2.16 - +1.51 0.650 

Table 6.8 Difference in live cell numbers between non-targeting siRNA + TGF-B1 and 
SMAD9 siRNA + TGF-B1 treatments. 72 hours post transfection and treatments. 
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Figure 6.6 Effect of SMAD9 KD and BMP4 on live cell counts. Non-targeting siRNA 
(NTsiRNA), non-targeting siRNA with BMP4 (NTsiRNA+BMP4), SMAD9 siRNA 
(SMAD9siRNA) and SMAD9 siRNA with BMP4 (SMAD9siRNA+BMP4), n=3. 

Cell Line Difference in live cell counts 
(x105/well at 72hrs) 

95% CI p value 

COLO205 -3.26 -4.66 - -1.85 0.003 
COLO320 +1.83 -4.67 - +8.33 0.377 

LS174T +0.07 -5.77 - +5.90 0.966 

SW48 +0.19 -1.78 - +2.18 0.802 

Table 6.9 Difference in live cell numbers between non-targeting siRNA + BMP4 and 
SMAD9 siRNA + BMP4 treatments. 72 hours post transfection and treatment. 
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Four CRC cell lines were selected; COLO205 and COLO320 representing MSS cancer, 

and LS174T and SW48 representing MSI cancer. Sanger sequencing established 

frameshift mutations in the TGFBR2 and ACVR2A polyadenine repeats of the MSI cell 

lines as expected, but also in one of the MSS CRC cell lines, which I termed MSS-atypical. 

COLO320 had no such mutations and therefore represented the expected profile of an 

MSS cancer. Successful knockdown of SMAD9 RNA was achieved for each of these cell 

lines using siRNA with efficiencies between 30% and 81%.  

Interpretation of the results from the KD of SMAD9 in two MSS and two MSI cell lines 

was limited due to several important factors which I discuss below. However, the overall 

effect on proliferation was interesting since it appeared inhibitory. I had expected the 

opposite since I had hypothesised that SMAD9 KD would promote proliferation in MSS 

cell lines but have no effect or an inhibitory effect on MSI cell lines specifically. SMAD9 

KD in the presence of TGF-B1 or BMP4 appeared to further supress proliferation to a 

variable degree. In conclusion, my observations did not support this hypothesis. The role 

of SMAD9 expression in the development of MSS and MSI CRC remained unexplained. 

There were a number of important limitations to this study. Not least that only a 

small number of CRC cell lines were investigated. Cancer cell lines are notoriously 

inconsistent, carrying a large number of mutations which are acquired and selected for 

over many generation and passages in culture. It was likely that these cell lines 

harboured other mutations of the TGFb signalling pathway which introduced unknown 

biases and contributed to the difficulty in interpreting my results. Cell lines had been 

carefully selected based on their published mutational profiles, but apart from the 

ACVR2A and TGFBR2 indels, no further mutations were verified. Direct comparisons of 

SMAD9 KD between these cell lines was therefore confounded by many other unknown 

differences than MSI status. This also meant that the cell lines may not actually have 
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faithfully represented MSI and MSS CRC, and this was also demonstrated by COLO205, 

the MSS-atypical cell line. 

Analysis of publicly available high-throughput RNAi or CRISPR-Cas9 screen data which 

represent much larger numbers of cell lines may be  useful to confirm the effects 

proposed in this chapter. Such screens identify targets on which a cancer cell is 

dependent, which when knocked down or knocked out result in a loss of fitness in 

culture. My results suggested a slight loss in fitness when SMAD9 was knocked down in 

some of my cell lines. The DepMap portal for example, presents data from several much 

larger screens including two large CRISPR-Cas9 screens by the Sanger and Broad 

Institutes (Behan et al., 2019; Meyers et al., 2017; Broad Institute., 2021). The effect of 

SMAD9 knock out by CRISPR-Cas9 on colorectal adenocarcinoma cell lines in culture was 

however unclear from these. SMAD9 was weakly associated with a loss of fitness in most 

cell lines in the first dataset (Broad Institute, median gene effect = -0.13, n=37) but was 

not in the other analysis (Sanger Institute, median gene effect = 0.11,  n=30). 

Nevertheless, no differences were apparent between MSI and MSS/MSI-L cell lines upon 

exploring this portal. These observations also did not support my hypothesis. 

Other limitations to my experiments included the differences in SMAD9 genotype 

between cell lines and variation in SMAD9 KD efficiency. I attempted to validate KD of 

SMAD9 protein by Western blot. However, challenges pertaining to non-specificity of the 

antibody initially selected meant that I was unable to optimize this experiment within 

the required time frame of this thesis. The caveat to this was that functionally, the KD of 

SMAD9 in these experiments was not proven. The half-life of SMAD9 protein was not 

known. However all SMAD proteins are degraded by ubiquitination (Jung et al., 2017; 

Zhang et al., 2001) and SMAD1, SMAD2 and SMAD4 have been estimated from pulse-

chase experiments in human and primate cells to have a half-life of between 6 to 8 hours 

(Xu & Attisano, 2000; Zhang et al., 2001). It was therefore plausible that SMAD9 protein 

was indeed knocked down. 
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In these experiments I expected that knocking down a component of an inhibitory 

signalling pathway would result in increased proliferation. It is possible that the function 

of SMAD9 is not as simple as a linear transduction of TGFb signalling. For example, 

SMAD9 shares its signalling role with the homologous SMAD1 and SMAD5. It could be 

that these have slightly different roles. On the other hand, it could be that a reduction of 

SMAD9 expression enables the unopposed action of the other arm of the TGFb signalling 

pathway, through SMAD2 and SMAD3. In a mouse model, triple knockout of 

Smad1/Smad5/Smad9 caused tumours which contained high levels of nuclear Smad2 

and Smad3 (Pangas et al., 2008). The interactions between the two arms of the TGFb 

signalling pathway are complex, as well as being inhibitory to growth, they regulate 

differing functions with respect to cell differentiation and maintenance of a pluripotent 

cell state (Ning et al., 2019). In this chapter I only investigated proliferation, but it would 

be interesting to explore the role of SMAD9 in other contexts, for example, through 

migration assays and the expression of stem cell markers such as LGR5. I recorded the 

effect of SMAD9 KD on cell viability, but this was difficult to compare because I observed 

wide variations in these measurements. This prevented a statistically meaningful 

comparison and hence these results are not shown. 

While measuring the effect of SMAD9 KD on proliferation in cell lines was a 

straightforward experiment, it was also non-specific and did not implicate TGFb 

signalling necessarily. Quantification of the effect of SMAD9 KD on TGFb signalling itself 

may be achieved through a downstream reporter of the pathway, such as ID-1 expression 

for example, or by visualization of the nuclear localization of SMAD4 (Warmflash et al., 

2012). Concurrent knock out of ACVR2A may be a better way to assess the effects on 

TGFb signalling from perturbing SMAD9 in relation to the MSI related mutations. 

Furthermore, it may well be that the correlation between SMAD9 variance and CRC 

microsatellite instability is caused by a completely different mechanism than TGFb 

signalling. I suggested another hypothesis in Chapter 5 proposing that SMAD9 directly 
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influences DNA MMR. This appeared to be supported my observation that DNA MMR 

associated mutational signatures were depleted among MSS tumours from risk allele 

carriers but required further validation. 
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 Discussion 

 

In this thesis I set out to investigate whether common low-penetrance genetic risk 

variance could influence mutations arising in the host tumour. In particular, whether 

colorectal cancer (CRC) risk variants, which also influence the transcriptional landscape 

of the normal colorectal mucosa, relate to the mutational landscape of the tumour. I set 

out to investigate this in terms of the number and types of mutations in CRC as well as 

the propensity of tumours to acquire mutations in specific genes and pathways.  

In this work I identified 8 variants tagging loci which were both associated with CRC 

risk and expression quantitative trait loci (eQTL) in the tissue of origin. Two of these eQTL 

(for genes SMAD9 and COLCA2) correlated significantly with the number of mutations 

observed in the tumour. For the other tagging variants, no significant associations were 

observed. In the remainder of this thesis I focused my investigations on the SMAD9 locus 

which demonstrated the largest difference. 

The observed variation in mutational load associated with the SMAD9 locus appeared 

to be at least partially related to a disproportionate distribution of highly mutated 

microsatellite instable (MSI) tumours. I followed this up with allelic comparisons in 5 

independent datasets and confirmed that MSI CRC was relatively depleted among 

individuals with risk alleles at this locus. Separate case-control comparisons of individuals 

with MSI and microsatellite stable (MSS) CRC with population matched controls revealed 

that risk variance predisposed specifically to MSS CRC, a distinction not previously made 

in genome wide association studies (GWAS). The OR associated with MSS CRC (1.20, 

95%CI=1.13-1.28) appeared to be greater than for combined tumour subtypes (OR=1.15, 

95%CI=1.09-1.22) and greater than the lead variant in the MSI-agnostic GWAS that 

discovered the locus (rs12427600 ; OR=1.09). This suggested that the relative risk of 
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developing CRC was greater specifically for developing the MSS CRC subtype. I also 

observed a corresponding protective association of the (GWAS) risk alleles with MSI CRC, 

but this was not significant, possibly due to a lack of statistical power.  

I further dissected a possible protective association in subsets of individuals with MSI 

CRC. Firstly, I investigated individuals with Lynch syndrome, a rare germline 

predisposition for CRC which is invariably MSI. However, I found no protective 

association for MSI CRC in individuals with Lynch syndrome. Looking instead in 

individuals with MSI CRC acquired through somatic mechanisms, I did observe a possible 

protective association. Since the majority of MSI colorectal tumours are caused by 

methylation at the MLH1 promoter (meMLH1), I further compared methylation array 

data from TCGA samples. This suggested that the proposed protective association may 

be driven by meMLH1 MSI CRC, however this comparison also lacked statistical power 

and is something that remained to be confirmed.  

Two mechanistic hypotheses for my observations were explored through comparison 

of mutations in genes and pathways and mutational signatures. Firstly, I suggested that 

on the predisposing risk allele background fewer driver mutations were required for a 

cancer to develop. In particular I hypothesised a lower requirement for mutations of the 

transforming growth factor beta (TGFb) signalling pathway since the SMAD9 eQTL was 

already a part of this pathway. I suggested that the lower SMAD9 expressing risk variant 

may tend towards a mutually exclusive relationship with other mutations in this 

pathway. This would also explain the correlation with microsatellite instability since MSI 

tumours tend to deactivate TGFb signalling, particularly through mutations of two 

microsatellite repeats in TGFBR2 and ACVR2A. Thus, MSI tumours would have a lesser 

advantage on the risk allele background. The fact that differences in mutational load 

existed in both functional and non-functional mutations could still be explained if the 

number of mutations in general reflected the likelihood of stochastically acquiring hits in 

driver genes.  



243 

 

Comparison of non-synonymous mutations in the TGFb signalling pathway indeed 

showed that tumours from individuals with the risk genotype were less likely to harbour 

mutations in this pathway than tumours from individuals with the nonrisk genotype. A 

compelling correlation existed in particular with the mutation of two of the receptors of 

this pathway: TGFBR2 and ACVR2A. However, the investigations of gene mutations were 

generally correlative associations and confounded by MSI status.  

To investigate a causal relationship, I knocked down (KD) SMAD9 in MSS and MSI cell 

lines for which I had established mutation status at the TGFBR2 and ACVR2A 

microsatellites. TGFb signalling is generally accepted to inhibit proliferation in early CRC, 

and I hypothesized that knocking down SMAD9 (representing the risk allele) conferred a 

proliferation advantage to MSS tumours but not MSI tumours, which already commonly 

acquire mutations of the TGFb signalling pathway. The results were difficult to interpret 

due to the small number of cell lines and likely many other confounding differences 

between them which were not controlled for (see Section 6.4), however the results did 

not support my hypothesis. Interestingly, the KD of SMAD9 did not give an advantage to 

MSS cell lines, on the contrary, proliferation appeared to be suppressed. This was an 

unexpected result from knocking down part of an inhibitory signalling pathway. It also 

contrasted with another study which showed that pulmonary artery endothelial cells 

derived from patients with nonsense variants in SMAD9 demonstrated higher 

proliferation than those with the wild type gene, and this could be rescued by over 

expressing SMAD9 (Drake et al., 2011). This difference may be explained by the fact that 

TGFb signalling is complex and highly context specific. SMAD9 expression also differs 

widely between tissues; for example, it varies more greatly within transverse colonic 

tissue than it does in lung tissue (Figure 7.1) and rs493248 is not a significant eQTL in 

lung but it is in transverse colon (GTEx) (Aguet et al., 2017). 
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Figure 7.1 Expression of SMAD9 in colonic and lung tissues. Image adapted from the 
GTEx project (Aguet et al., 2017) available through the GTEx portal at https://www. 
gtexportal.org/home/gene/SMAD9. [accessed September 2020]. 

Observations from publicly available gene dependency data from CRISPR-Cas9 

screens in cell lines also suggested that perturbation of SMAD9 had no particularly 

differential effect on MSI or MSS colorectal adenocarcinoma cell lines tested (Behan et 

al., 2019; Meyers et al., 2017; Broad Institute., 2021). Hence, the hypothesis that lower 

SMAD9 expression afforded a proliferative advantage to MSS cell lines, possibly due to 

differences in TGFb signalling,  was rejected.  

The second mechanistic hypothesis I explored was that SMAD9 directly impacted 

DNA mismatch repair (MMR) activity. Specifically, that the risk genotype increased the 

ability to carry out DNA MMR and therefore lower the likelihood of developing 

detectable microsatellite instability. A comparison of mutational signatures associating 

with DNA MMR showed a depletion of these signatures among MSS tumours from 

individuals in the risk allele group compared to individuals from the nonrisk allele group. 

The fact that this difference was observed independently from MSI status supported the 

proposed mechanism that SMAD9 influenced DNA MMR directly. It may also explain the 
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remaining difference in mutational load which was observed by SMAD9 genotype when 

MSS tumours were compared separately. What was not clear was how promoting DNA 

MMR also predisposes for MSS CRC. Perhaps the perturbation of DNA MMR represents 

a novel mechanism of tumourigenesis in MSS CRC yet to be explored. However, further 

replication of my findings were required to draw any certain conclusions. 

A possible selection of TGFb mutations dependent on SMAD9 risk variance was not 

satisfactorily answered since only a correlation was demonstrated and confounded 

through MSI status. The concept could be further explored for example through an 

evolutionary dependency analysis between the SMAD9 risk variant and mutations of the 

rest of the TGFb signalling pathway. Furthermore, while cancer cell dependency data 

described previously did not appear to show an advantage of SMAD9 KD alone, the 

relationship to TGFb signalling could be further explored through an analysis of parallel 

gene knock outs or knock downs, for example between SMAD9 and other genes of the 

TGFb signalling pathway. Nevertheless, there are several limitations to such screens, 

including incomplete knock down and off target effects, particularly in the case of RNAi 

screens, and in the case of CRISPR-Cas9 the propensity to cause DNA damage. Cell lines 

are also rather imperfect models of real tumours since they have undergone generations 

of selection in a cultured environment and they do not simulate the complex interactions 

between different cell types which occur in real tissues. 

The decreased proliferation observed in cell lines did not explain the ability of the 

lower expressing allele to impart risk, however in this thesis I only assessed the effects 

of SMAD9 KD on proliferation. TGFb signalling is associated with many other functions 

such as differentiation, cell migration and epithelial mesenchymal transition, which are 

all important in the development of cancer. Furthermore, the two arms of the TGFb 

signalling pathway are thought to have somewhat distinct functions which I did not 
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differentiate in my analysis. It may be that SMAD9 influences CRC risk through perturbing 

the balance of TGFb signalling rather than promoting proliferation. The established view 

is that BMP ligands act through SMAD1, SMAD5 and SMAD9 and promote differentiation, 

while TGFb ligands act through SMAD2 and SMAD3 which are associated with epithelial 

mesenchymal transition and a stem-like phenotype (Ning et al., 2019). This is likely to be 

an overly simplistic generalization, as for example TGF-B1 can also phosphorylate SMAD1 

and SMAD5 in various epithelial cell types (Daly et al., 2008). However, generally the two 

arms have some opposing functions, and it may be that they also inhibit each other. It is 

possible that the KD of SMAD9 promoted the effects of SMAD2 and SMAD3 signalling 

instead. This is supported by a study investigating tumours in a conditional triple mouse 

KO model which deleted Smad1, Smad5 and Smad9. In this the authors showed high 

levels of nuclear Smad2 and Smad3 in the KO tumours (Pangas et al., 2008). It would also 

be interesting to explore the role of SMAD9 on the tumour microenvironment and 

immune response, which are important factors governing neoplastic growth, and 

immune responses are strongly regulated by TGFb signalling (L. Yang et al., 2010). The 

host research lab is developing a Smad9 knockout mouse model which will provide a 

better defined and comprehensive system for further investigations.  

It should be mentioned that merely knocking down SMAD9 would be insufficient to 

identify TGFb signalling as the causal mechanism. TGFb signalling could be quantified by 

a downstream reporter such as ID-1 expression for example, or by visualization of the 

nuclear localization of SMAD4 (Warmflash et al., 2012). Also, a concurrent knockout or 

knockdown of other aspects of TGFb signalling in a cell line or model system, such as the 

upstream ACVR2A, would better interrogate any interaction between SMAD9 and other 

mutations within the TGFb signalling pathway, without confounding for other 

differences of MSS and MSI CRC. 

My other hypothesis proposed that SMAD9 expression affected DNA MMR activity 

directly and thus the development of microsatellite instability. This could occur by 
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SMAD9 affecting DNA methylation for example; the comparisons of MLH1 promoter 

methylation did show a correlative association. Or it may be that SMAD9 directly 

interacts with elements of the DNA MMR machinery, something which has not been 

shown before.  

One possibility is that SMAD9 affects DNA MMR through miR-21. SMAD proteins 

regulate the DROSHA-mediated maturation of microRNAs, which includes miR-21 (Davis 

et al., 2008). Expression of miR-21 has been associated with many cancers and correlates 

positively with both lymph node and distant metastasis in CRC as well as progression of 

TNM staging and poor tumour differentiation (You et al., 2019). In pulmonary artery 

cells, the knockdown of SMAD9 strongly represses miR-21 expression (Drake et al., 

2011). Additionally, the effect of knocking down SMAD9 on miR-21 was proportionally 

greater than the effect this had on the inhibition of BMP signalling. The authors of this 

study attributed this to the functional redundancy with SMAD1 and SMAD5. MiR-21 has 

also been shown to reduce the expression of MSH2 and MSH6 proteins, although not 

their mRNA (Valeri et al., 2010). This poses a potential mechanism where through its 

regulation of miR-21, lower expression of SMAD9 may promote production of DNA MMR 

proteins in cells with the risk genotype. Therefore, this group may be more robust against 

microsatellite instability. In this thesis I did not assess the effect of SMAD9 KD on miR-21 

expression, but this is something which may be quantified in future studies. Of course, 

there may be yet other mechanisms through which SMAD9 could influence DNA MMR. 

Clinically, DNA MMR is often assessed by immunohistochemistry of repair genes such 

as MLH1, MSH2, MSH6 and PMS2 in histological specimens. Quantification of mRNA or 

protein from these genes may  similarly be used to interrogate DNA MMR in a model 

system. Functional assessment of DNA MMR ability can also be achieved in live cells by 

several methods. For example, by inserting a reporter gene, such as green fluorescent 

protein (GFP) which contains a mismatch. This mismatch encodes a stop codon unless  it 
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is repaired (Ito et al., 2018; Lei et al., 2004). Such a model could be used to investigate 

the effects of perturbing SMAD9 on DNA MMR in future studies. 

Nevertheless, the first step would be to replicate the comparison of DNA MMR 

signatures by SMAD9 variance in a separate, larger dataset. This could be achieved by 

using the 1744 whole genome sequenced colorectal cancers from the GEL dataset. It 

could additionally include analysis of small insertion and deletion signatures (particularly 

ID1, ID2 and ID7), which have also been associated with DNA MMR deficiency (Tate et 

al., 2019). 

Finally, a protective relationship between SMAD9 expression and MSI CRC was not 

significantly proven but could have important clinical relevance. If a synthetic lethal 

relationship were to exists between lower SMAD9 expression and MSI CRC, this would 

be of considerable interest for the development of targeted treatments, analogous to 

PARP inhibitors used to treat BRCA1 & BRCA2 deficient breast cancers. A larger 

comparison of the relationship between SMAD9 risk alleles and meMLH1 MSI CRC is 

therefore an important replication.  

 

I selected the SMAD9 locus because it demonstrated the largest correlation with 

tumour mutational load. However, a similar significant difference was also observed at 

the COLCA2 risk locus which was not followed up. At this locus MSI was also depleted 

among risk allele carriers (OR=0.58, 95% CI=0.34-0.95, p=0.025). The tagging variant 

selected for the COLCA2 risk locus, rs3087967 (eQTL: beta=-0.589, FDR=1.14x10-39), 

associated with the expression of numerous other genes in normal mucosa. It seemed 

possible the comparable findings at the SMAD9 and COLCA2 loci could be related 

through a trans-eQTL effect between these two genes. Examination of trans-eQTL which 

had been calculated from the HT-12 expression array data of normal mucosa found no 
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evidence to suggest this, nor did I find any trans-eQTL with the other 6 cis-regulatory risk 

variants that I identified. Furthermore, a comparison of large intestinal tissues from a 

murine COLCA2 knockout (KO) model, in which all transcripts of the COLCA genes at the 

locus were non-functional, showed no effect on SMAD9 expression (fold change=0.86, 

p=0.54, n=3)23.  

For the remaining loci, apart from OSBPL2, risk alleles were also associated with a 

lower tumour mutational load but non-significantly. This posed the question of a 

common mechanism associating GWAS risk variance with tumour MSI status. It seems 

likely that the rarity of MSI tumours relative to MSS meant that previous GWAS were 

biased towards the detection of variants which predispose for MSS CRC (or variants 

which convey risk for both subtypes). Hence in my analysis, risk alleles at the chosen loci 

were more likely to associate with MSS CRC. If the risk association at a locus did not exist 

for MSI CRC, this would appear as a relative enrichment towards the nonrisk alleles. This 

does not invalidate the mechanistic hypotheses put forward for SMAD9, rather it 

indicates that the risk mechanisms driving MSS and MSI CRC risk are different.  

MSI status is not always available for large CRC population samples; previous 

guidelines from the Royal College of Pathologists did not include MSI testing or 

Immunohistochemistry (IHC) for DNA mismatch repair genes as core diagnostic 

requirements. This has been mainly directed towards patients under the age of 50 and 

mostly for the screening of Lynch syndrome. With the increased availability of resources 

these guidelines were updated in 2017 by the National Institute for Health and Care 

Excellence (NICE) which recommends IHC or MSI testing for all CRC diagnoses. I 

anticipate that future GWAS may thus be able to incorporate this additional information 

and have greater power to detect variants in relation to MSI status. 

 
23 Work by Ruby Osborn, Farrington Group, MRC Human Genetics Unit, MRC Institute of Genetics & 

Molecular Medicine, The University of Edinburgh 
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In most of the comparisons I made, the relationship associating the rs493248 tagging 

variant at the SMAD9 locus with microsatellite instability appeared to be partially 

dominant. The exact relationship varied between datasets and was not formally tested. 

I chose an allelic model for my comparisons at this SNP since this appeared to best fit the 

data. Variations in the relationship may have reflected differences in population 

structure and chance variations in the smaller comparisons. A similar relationship was 

observed for the eQTL itself, both in the in-house dataset and in GTEx (Aguet et al., 2017) 

and also in a recent smaller study (Moreno et al., 2018).  

One potential criticism of this work is that the relationship between germline 

genotype at the SMAD9 risk locus and expression of the gene in normal tissue was not 

proven to persist into the tumour expressional landscape. It has been reported that 

reasonable correlation exists between germline eQTL and somatic eQTL; Ongen et al., 

(2014) showed by comparing the allelic specific expression of paired tumour-normal 

samples, that the tumour sample is most similar to its matched normal. They concluded 

that allelic expression of most genes is conserved and that germline genotypes are the 

key determinants of allelic gene expression in tumours. They also report that around a 

third of the germline and somatic eQTL that they discovered were shared between the 

tissues, and that this fraction is higher for more confident eQTL and those falling closer 

to transcription start sites. Similarly, Calabrese et al., (2017) show that cis-germline 

effects, although individually small, were overall the largest component of variance in 

somatic gene expression for more than three quarters of genes they assessed (15,473 

total). My comparison of TCGA germline and somatic genotypes showed high 
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concordance between matched pairs, however the individual shortlisted eQTL were not 

compared. Regardless, the persistence of somatic expression is not necessarily essential. 

A key event in the early tumorigenesis which influences the evolving mutational 

landscape could for example determine processes shaping the future destiny of a tumour 

once set in motion, without remaining present itself. Additionally, expression in the 

tumour microenvironment and surrounding normal tissues is equally important; 

transcriptional profiles from normal samples have been shown to better predict patient 

survival and somatic driver gene mutations than tumour expression data (X. Huang et 

al., 2016). 

Genotype at the SMAD9 eQTL was used because it represented a readily available 

proxy for SMAD9 expression in normal mucosa but is not a complete representation of 

it. Gene expression is determined by multiple genetic factors as well as environmental 

influences. A regression model of gene by SNP (corrected for age, BMI, gender, left and 

righted sided location in the colon, batch and 15 PEER factor covariates), indicated that 

the proportion of variance in SMAD9 expression explained by rs493248 in the model was 

18.5% (unpublished data from the host group). A more accurate model would directly 

correlate actual SMAD9 expression; however, such information is less readily available 

for large numbers of samples. Alternatively, genetically regulated expression may be 

imputed from genotypes. This approach is used in TWAS for example (Gusev et al., 2016). 

In the ongoing TWAS analysis currently underway in the host lab, SMAD9 expression level 

predicted by TWAS models is strongly associated with CRC risk (p = 9.56x10-21). Future 

work could correlate a multi-allelic prediction of SMAD9 expression with the tumour 

mutational landscapes and determine whether this gives a stronger association. 

The effect size of the SMAD9 eQTL was relatively small and SMAD9 is generally lowly 

expressed in colorectal mucosa. This may be because SMAD9 is only highly expressed in 

specific cells, regulated for example in a spatial or temporal manner, and lowly expressed 

elsewhere. The colonic mucosa is made up of many cell types; besides enterocytes, it 
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contains stem and Paneth cells restricted to crypt regions, mucin secreting goblet cells 

and enteroendocrine cells for example. Various supporting structures like blood vessels 

and connective tissues are also likely to have contributed to biopsies for the calculation 

of eQTL. A bulk biopsy, even if taken surgically from a live patient and limited to mucosal 

epithelium, is a blunt tool to measure cellular expression. Furthermore, temporal 

changes and interaction with environmental variables may all have relevant effects on 

expression. Single cell RNA sequencing may be another approach to representing SMAD9 

expression. This may help identify a particular cell type or region within the epithelial 

crypts which differentially express SMAD9 and may be of interest.  

 

I confined my search to eQTL in the colorectal mucosa. However, potentially 

expression in other systems, for example the immune system or perhaps any other 

tissue, could influence the CRC phenotype indirectly. The caveats of using post-mortem 

tissues have been discussed, and although new challenges concerning multiple testing 

would need to be addressed, such a study is conceivable through resources such as GTEx 

(Aguet et al., 2017). Furthermore, microsatellite instability and DNA MMR deficiency is 

also commonly observed in other cancers, particularly endometrial carcinoma but also 

adenocarcinomas of the stomach, and carcinoma of the bladder and adrenal cortex 

(Bonneville et al., 2017). This presents the opportunity to extend this investigation into 

cancers of other tissues. It should be noted that the rs493248 (SMAD9) eQTL is not 

significant in uterine tissue in GTEx and is not currently associated with endometrial 

carcinoma risk in the GWAS Catalog (Buniello et al., 2019).  

The relationship between common germline variance and tumour mutational 

phenotypes is increasingly being explored with the advent of widely available whole 

genome sequencing technologies and the concept described in this thesis could be 

applied to any cancer or pan-cancer investigation. Mutational signatures, which were 
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briefly explored in this thesis in the context of DNA MMR, can also be highly informative 

of underlying causal processes. For example, defective double strand break repair caused 

by BRCA1 and BRCA2 variants are associated with characteristic signatures which can be 

used predictively to identify underlying defective double-strand break repair (Davies et 

al., 2017; Nik-Zainal et al., 2016). An association of mutational signatures with risk eQTL 

could uncover new mechanisms through which the expressional landscape influences 

tumour mutational landscapes. The PCAWG study recently showed that many protein 

truncating variants in germline CRC driver genes correlate with mutational signatures in 

tumours (Campbell et al., 2020). It is conceivable therefore that further correlations also 

exist between somatic mutational landscapes and germline cis-regulated expression. 

In conclusion, I have demonstrated that common germline risk variants affecting 

gene expression in normal mucosa do impact on the mutational landscape of cancers 

arising from it. I have uncovered a relationship between variance at the SMAD9 CRC risk 

locus and tumour MSI status and shown that this locus conveys risk specifically for MSS 

CRC. The possibility of a protective association between genetically regulated SMAD9 

expression and the formation of somatic-cause MSI tumours has been raised by this 

work. If proven, this may have important clinical implications and it warrants replication 

and further investigation. Whether the correlation of SMAD9 with mutational load and 

MSI status occurred due to a direct influence of SMAD9 on the mutational landscape, for 

example by impacting DNA MMR, or due to selection of tumours with particular driver 

mutations, such as those of the TGFb signalling pathway, or yet other mechanisms, 

remains the subject for further investigations. 
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A.1 Variant calling of the in-house sample set 

Germline variants had been called by Edinburgh Genomics24 with GATK (v3.4-0-

g7e26428). Somatic variant calling was completed by Dr Alison Meynert25. For somatic 

samples the sample mean read count was 1861 million reads. On average, 99.4% of reads 

mapped, and mean sample target read coverage was 89 reads. Somatic small variants 

were called with VarDict (v1.5.1) (Lai et al., 2016), GATK4 (v4.0.0.0) (McKenna et al., 

2010) and Strelka2 (v2.8.4) (Kim et al., 2018). The majority vote (i.e., calls passing two of 

the three caller filters) was taken. Qsignature from bcbio was used to detect germline-

 
24 Edinburgh Genomics, Charlotte Auerbach Rd, Edinburgh, Scotland 
25 Dr Alison Meynert, IGMM Bioinformatics Core Manager, MRC Human Genetics Unit, MRC Institute of 

Genetics & Molecular Medicine, The University of Edinburgh. 
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somatic sample mix-ups (Chapman et al., 2020). Three samples failed germline-somatic 

matching leaving 120 samples with matched whole genome sequencing.  

Table A. 1 Mutations in genes of the TGFb signalling pathway; TCGA European samples. 
Frequency of  samples with deleterious mutations (Mutations) by germline genotype at 
the SMAD9 (rs493248) locus. The OR and nominal p value of an allelic comparison are 
shown with respect to the risk allele (ordered by p value). Indels of TGFBR2 and ACVR2A 
repeats are not included. 

HUGO Symbol 

Risk (n=26) Het (n=143) Nonrisk (n=198) 

OR p Mutations % Mutations % Mutations % 

GREM2 0 0.00 0 0.00 8 4.04 0.00 0.009 

E2F5 1 3.85 4 2.80 0 0.00 4.24 0.026 

THBS1 0 0.00 3 2.10 12 6.06 0.30 0.035 

INHBA 0 0.00 1 0.70 8 4.04 0.16 0.054 

BMP8A 0 0.00 0 0.00 5 2.53 0.00 0.070 

ACVR1 2 7.69 2 1.40 2 1.01 2.82 0.093 

TGIF1 3 11.54 6 4.20 6 3.03 1.90 0.094 

SMAD5 0 0.00 0 0.00 4 2.02 0.00 0.118 

SMAD2 0 0.00 4 2.80 11 5.56 0.41 0.137 

GDF6 2 7.69 5 3.50 4 2.02 1.96 0.141 

CREBBP 2 7.69 9 6.29 23 11.62 0.63 0.153 

LTBP1 1 3.85 8 5.59 4 2.02 1.77 0.177 

BMPR2 0 0.00 12 8.39 20 10.10 0.61 0.182 

NOG 1 3.85 1 0.70 1 0.51 2.79 0.194 

SMURF1 0 0.00 1 0.70 5 2.53 0.25 0.199 

AMHR2 1 3.85 4 2.80 2 1.01 2.10 0.218 

TGFB2 0 0.00 2 1.40 6 3.03 0.39 0.260 

RPS6KB1 0 0.00 1 0.70 4 2.02 0.30 0.305 

NBL1 0 0.00 0 0.00 3 1.52 0.00 0.350 

SP1 0 0.00 0 0.00 3 1.52 0.00 0.350 

PITX2 0 0.00 0 0.00 3 1.52 0.00 0.350 

MAPK3 0 0.00 0 0.00 3 1.52 0.00 0.350 

PPP2CB 0 0.00 0 0.00 3 1.52 0.00 0.350 

RPS6KB2 0 0.00 0 0.00 3 1.52 0.00 0.350 

GDF5 1 3.85 2 1.40 9 4.55 0.54 0.350 

BMPR1A 0 0.00 2 1.40 5 2.53 0.46 0.375 

TFDP1 0 0.00 2 1.40 5 2.53 0.46 0.375 

CHRD 1 3.85 4 2.80 11 5.56 0.63 0.413 

ACVR1B 0 0.00 6 4.20 10 5.05 0.63 0.413 
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BMPR1B 0 0.00 3 2.10 6 3.03 0.55 0.427 

BAMBI 1 3.85 1 0.70 2 1.01 1.67 0.444 

ID1 0 0.00 1 0.70 0 0.00 2.77 0.461 

ID4 0 0.00 1 0.70 0 0.00 2.77 0.461 

SKP1 0 0.00 1 0.70 0 0.00 2.77 0.461 

TNF 0 0.00 1 0.70 0 0.00 2.77 0.461 

THSD4 0 0.00 4 2.80 7 3.54 0.61 0.467 

TGFBR2 0 0.00 4 2.80 7 3.54 0.61 0.467 

TGFBR1 2 7.69 4 2.80 6 3.03 1.40 0.482 

PPP2R1A 1 3.85 3 2.10 9 4.55 0.65 0.500 

PPP2R1B 1 3.85 2 1.40 3 1.52 1.39 0.529 

FMOD 2 7.69 1 0.70 4 2.02 1.55 0.540 

BMP7 1 3.85 3 2.10 3 1.52 1.55 0.540 

LEFTY1 0 0.00 0 0.00 2 1.01 0.00 0.578 

LEFTY2 0 0.00 0 0.00 2 1.01 0.00 0.578 

SMURF2 0 0.00 0 0.00 2 1.01 0.00 0.578 

BMP2 1 3.85 2 1.40 7 3.54 0.68 0.615 

ACVR2B 1 3.85 3 2.10 8 4.04 0.72 0.642 

MAPK1 1 3.85 0 0.00 2 1.01 1.39 0.659 

CUL1 1 3.85 7 4.90 7 3.54 1.19 0.675 

INHBB 0 0.00 1 0.70 3 1.52 0.39 0.689 

RGMA 0 0.00 1 0.70 3 1.52 0.39 0.689 

DCN 1 3.85 1 0.70 3 1.52 1.19 0.730 

FBN1 3 11.54 10 6.99 15 7.58 1.11 0.753 

SMAD1 1 3.85 2 1.40 4 2.02 1.11 0.770 

BMP5 1 3.85 3 2.10 4 2.02 1.26 0.775 

RBL1 1 3.85 3 2.10 4 2.02 1.26 0.775 

SMAD9 2 7.69 2 1.40 6 3.03 1.19 0.798 

NEO1 1 3.85 3 2.10 7 3.54 0.81 0.810 

ZFYVE9 1 3.85 3 2.10 7 3.54 0.81 0.810 

SMAD3 0 0.00 6 4.20 7 3.54 0.82 0.823 

ZFYVE16 0 0.00 8 5.59 9 4.55 0.84 0.843 

MICOS10-NBL1 0 0.00 0 0.00 0 0.00 0.00 1.000 

GREM1 0 0.00 1 0.70 1 0.51 0.92 1.000 

FST 0 0.00 2 1.40 2 1.01 0.92 1.000 

BMP4 1 3.85 1 0.70 4 2.02 0.92 1.000 

BMP6 0 0.00 1 0.70 1 0.51 0.92 1.000 

BMP8B 0 0.00 0 0.00 0 0.00 0.00 1.000 

GDF7 0 0.00 1 0.70 1 0.51 0.92 1.000 

AMH 0 0.00 0 0.00 1 0.51 0.00 1.000 
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TGFB1 1 3.85 0 0.00 3 1.52 0.92 1.000 

TGFB3 0 0.00 2 1.40 2 1.01 0.92 1.000 

INHBC 1 3.85 0 0.00 3 1.52 0.92 1.000 

INHBE 0 0.00 1 0.70 1 0.51 0.92 1.000 

NODAL 0 0.00 0 0.00 1 0.51 0.00 1.000 

HJV 0 0.00 0 0.00 0 0.00 0.00 1.000 

ACVR2A 1 3.85 7 4.90 9 4.55 0.99 1.000 

RGMB 0 0.00 3 2.10 3 1.52 0.92 1.000 

ACVR1C 1 3.85 2 1.40 5 2.53 0.92 1.000 

SMAD4 4 15.38 17 11.89 27 13.64 0.97 1.000 

SMAD6 0 0.00 0 0.00 1 0.51 0.00 1.000 

SMAD7 0 0.00 1 0.70 2 1.01 0.55 1.000 

HAMP 0 0.00 0 0.00 0 0.00 0.00 1.000 

ID2 0 0.00 0 0.00 0 0.00 0.00 1.000 

ID3 0 0.00 0 0.00 0 0.00 0.00 1.000 

E2F4 0 0.00 1 0.70 2 1.01 0.55 1.000 

EP300 2 7.69 4 2.80 10 5.05 0.92 1.000 

TGIF2 0 0.00 1 0.70 2 1.01 0.55 1.000 

MYC 0 0.00 1 0.70 1 0.51 0.92 1.000 

CDKN2B 0 0.00 0 0.00 1 0.51 0.00 1.000 

RBX1 0 0.00 0 0.00 1 0.51 0.00 1.000 

IFNG 0 0.00 1 0.70 1 0.51 0.92 1.000 

RHOA 0 0.00 3 2.10 3 1.52 0.92 1.000 

ROCK1 2 7.69 6 4.20 11 5.56 0.99 1.000 

PPP2CA 0 0.00 0 0.00 0 0.00 0.00 1.000 

 

Table A. 2 Mutations in genes of the TGFb signalling pathway; in-house samples. 
Frequency of  samples with deleterious mutations (Mutations) by germline genotype at 
the SMAD9 (rs493248) locus. The OR and nominal p value of an allelic comparison are 
shown with respect to the risk allele (ordered by p value). Indels of TGFBR2 and ACVR2A 
repeats are not included. 

HUGO Symbol 

Risk (n=8) Het (n=43) Nonrisk (n=69) 

OR p Mutations % Mutations % Mutations % 

BMPR2 0 0.00 3 6.98 10 14.49 0.37 0.146 

BMPR1B 0 0.00 3 6.98 0 0.00 3.16 0.160 

FBN1 1 12.50 4 9.30 3 4.35 1.93 0.233 

AMH 0 0.00 2 4.65 0 0.00 3.12 0.254 

TGFB3 0 0.00 2 4.65 0 0.00 3.12 0.254 

BAMBI 0 0.00 2 4.65 0 0.00 3.12 0.254 
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SMAD4 0 0.00 5 11.63 2 2.90 1.76 0.341 

TGFBR2 0 0.00 3 6.98 1 1.45 1.88 0.410 

DCN 0 0.00 1 2.33 0 0.00 3.09 0.432 

FMOD 0 0.00 1 2.33 0 0.00 3.09 0.432 

BMP5 0 0.00 1 2.33 0 0.00 3.09 0.432 

BMP8B 0 0.00 1 2.33 0 0.00 3.09 0.432 

TGFB1 0 0.00 1 2.33 0 0.00 3.09 0.432 

ACVR1C 0 0.00 1 2.33 0 0.00 3.09 0.432 

SMAD7 0 0.00 1 2.33 0 0.00 3.09 0.432 

E2F4 0 0.00 1 2.33 0 0.00 3.09 0.432 

MYC 0 0.00 1 2.33 0 0.00 3.09 0.432 

PITX2 0 0.00 1 2.33 0 0.00 3.09 0.432 

MAPK3 0 0.00 1 2.33 0 0.00 3.09 0.432 

TNF 0 0.00 1 2.33 0 0.00 3.09 0.432 

PPP2R1B 0 0.00 1 2.33 0 0.00 3.09 0.432 

RPS6KB2 0 0.00 1 2.33 0 0.00 3.09 0.432 

LTBP1 0 0.00 1 2.33 4 5.80 0.33 0.458 

ACVR2A 0 0.00 1 2.33 4 5.80 0.33 0.458 

AMHR2 0 0.00 4 9.30 2 2.90 1.57 0.496 

CREBBP 0 0.00 3 6.98 6 8.70 0.59 0.573 

LEFTY2 0 0.00 0 0.00 2 2.90 0.00 0.575 

INHBC 0 0.00 0 0.00 2 2.90 0.00 0.575 

TGFBR1 0 0.00 0 0.00 2 2.90 0.00 0.575 

TGIF1 0 0.00 0 0.00 2 2.90 0.00 0.575 

ROCK1 0 0.00 6 13.95 4 5.80 1.35 0.590 

THSD4 0 0.00 2 4.65 1 1.45 1.55 0.638 

RGMA 0 0.00 2 4.65 1 1.45 1.55 0.638 

SMAD1 0 0.00 2 4.65 1 1.45 1.55 0.638 

SMAD2 0 0.00 2 4.65 1 1.45 1.55 0.638 

BMP2 0 0.00 3 6.98 2 2.90 1.33 0.711 

CHRD 0 0.00 2 4.65 4 5.80 0.60 0.735 

GDF6 0 0.00 4 9.30 3 4.35 1.24 0.751 

GDF7 0 0.00 3 6.98 5 7.25 0.69 0.767 

NOG 0 0.00 0 0.00 1 1.45 0.00 1.000 

NBL1 0 0.00 0 0.00 0 0.00 0.00 1.000 

MICOS10-NBL1 0 0.00 0 0.00 0 0.00 0.00 1.000 

GREM1 0 0.00 0 0.00 0 0.00 0.00 1.000 

GREM2 0 0.00 0 0.00 0 0.00 0.00 1.000 

THBS1 0 0.00 0 0.00 1 1.45 0.00 1.000 

LEFTY1 0 0.00 0 0.00 1 1.45 0.00 1.000 
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FST 0 0.00 2 4.65 2 2.90 1.02 1.000 

BMP4 0 0.00 0 0.00 0 0.00 0.00 1.000 

BMP6 0 0.00 0 0.00 1 1.45 0.00 1.000 

INHBB 0 0.00 0 0.00 0 0.00 0.00 1.000 

BMP7 0 0.00 0 0.00 0 0.00 0.00 1.000 

BMP8A 0 0.00 0 0.00 1 1.45 0.00 1.000 

GDF5 0 0.00 1 2.33 2 2.90 0.61 1.000 

TGFB2 0 0.00 2 4.65 2 2.90 1.02 1.000 

INHBA 0 0.00 0 0.00 1 1.45 0.00 1.000 

INHBE 0 0.00 0 0.00 0 0.00 0.00 1.000 

NODAL 0 0.00 0 0.00 1 1.45 0.00 1.000 

NEO1 0 0.00 3 6.98 4 5.80 0.83 1.000 

HJV 0 0.00 0 0.00 0 0.00 0.00 1.000 

BMPR1A 0 0.00 0 0.00 1 1.45 0.00 1.000 

ACVR1 0 0.00 0 0.00 0 0.00 0.00 1.000 

RGMB 0 0.00 1 2.33 1 1.45 1.02 1.000 

ACVR1B 0 0.00 3 6.98 4 5.80 0.83 1.000 

ACVR2B 0 0.00 0 0.00 1 1.45 0.00 1.000 

SMAD5 0 0.00 0 0.00 1 1.45 0.00 1.000 

SMAD9 0 0.00 0 0.00 0 0.00 0.00 1.000 

SMAD3 0 0.00 1 2.33 2 2.90 0.61 1.000 

SMAD6 0 0.00 0 0.00 1 1.45 0.00 1.000 

SMURF1 0 0.00 0 0.00 0 0.00 0.00 1.000 

SMURF2 0 0.00 1 2.33 1 1.45 1.02 1.000 

ZFYVE9 0 0.00 2 4.65 2 2.90 1.02 1.000 

ZFYVE16 0 0.00 2 4.65 2 2.90 1.02 1.000 

HAMP 0 0.00 0 0.00 0 0.00 0.00 1.000 

ID1 0 0.00 0 0.00 1 1.45 0.00 1.000 

ID2 0 0.00 0 0.00 0 0.00 0.00 1.000 

ID3 0 0.00 0 0.00 0 0.00 0.00 1.000 

ID4 0 0.00 0 0.00 0 0.00 0.00 1.000 

RBL1 0 0.00 1 2.33 2 2.90 0.61 1.000 

E2F5 0 0.00 0 0.00 0 0.00 0.00 1.000 

TFDP1 0 0.00 1 2.33 1 1.45 1.02 1.000 

EP300 0 0.00 2 4.65 2 2.90 1.02 1.000 

SP1 0 0.00 0 0.00 0 0.00 0.00 1.000 

TGIF2 0 0.00 0 0.00 1 1.45 0.00 1.000 

CDKN2B 0 0.00 0 0.00 1 1.45 0.00 1.000 

RBX1 0 0.00 0 0.00 0 0.00 0.00 1.000 

CUL1 0 0.00 1 2.33 2 2.90 0.61 1.000 
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SKP1 0 0.00 0 0.00 0 0.00 0.00 1.000 

MAPK1 0 0.00 0 0.00 0 0.00 0.00 1.000 

IFNG 0 0.00 0 0.00 0 0.00 0.00 1.000 

RHOA 0 0.00 0 0.00 0 0.00 0.00 1.000 

PPP2R1A 0 0.00 1 2.33 2 2.90 0.61 1.000 

PPP2CA 0 0.00 0 0.00 0 0.00 0.00 1.000 

PPP2CB 0 0.00 0 0.00 0 0.00 0.00 1.000 

RPS6KB1 0 0.00 0 0.00 0 0.00 0.00 1.000 

 

Table A. 3 Mutations in genes of the TGFb signalling pathway; TCGA African samples. 
Frequency of  samples with deleterious mutations (Mutations) by germline genotype at 
the SMAD9 (rs493248) locus. The OR and nominal p value of an allelic comparison are 
shown with respect to the risk allele (ordered by p value). Indels of TGFBR2 and ACVR2A 
repeats are not included. 

HUGO Symbol 

Risk (n=3) Het (n=25) Nonrisk (n=25) 

OR p Mutations % Mutations % Mutations % 

ACVR2A 1 33.33 1 4.00 0 0.00 7.75 0.074 

TFDP1 1 33.33 0 0.00 0 0.00 Inf 0.084 

BMPR2 0 0.00 2 8.00 5 20.00 0.36 0.226 

EP300 0 0.00 1 4.00 4 16.00 0.25 0.275 

THSD4 0 0.00 0 0.00 2 8.00 0.00 0.319 

TGFB2 0 0.00 0 0.00 2 8.00 0.00 0.319 

RGMA 0 0.00 0 0.00 2 8.00 0.00 0.319 

SMAD3 0 0.00 0 0.00 2 8.00 0.00 0.319 

TGIF1 0 0.00 0 0.00 2 8.00 0.00 0.319 

ZFYVE9 0 0.00 1 4.00 3 12.00 0.33 0.432 

CREBBP 0 0.00 1 4.00 3 12.00 0.33 0.432 

CHRD 0 0.00 1 4.00 0 0.00 2.44 0.501 

BMP8B 0 0.00 1 4.00 0 0.00 2.44 0.501 

INHBA 0 0.00 1 4.00 0 0.00 2.44 0.501 

RGMB 0 0.00 1 4.00 0 0.00 2.44 0.501 

ACVR1B 0 0.00 1 4.00 0 0.00 2.44 0.501 

SMURF2 0 0.00 1 4.00 0 0.00 2.44 0.501 

CUL1 0 0.00 1 4.00 0 0.00 2.44 0.501 

TNF 0 0.00 1 4.00 0 0.00 2.44 0.501 

PPP2R1A 0 0.00 1 4.00 0 0.00 2.44 0.501 

BMP7 1 33.33 0 0.00 1 4.00 2.49 0.579 

TGFB1 1 33.33 0 0.00 1 4.00 2.49 0.579 

AMHR2 0 0.00 2 8.00 0 0.00 2.49 0.579 
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TGFBR2 0 0.00 1 4.00 2 8.00 0.47 0.669 

NOG 0 0.00 0 0.00 1 4.00 0.00 1.000 

NBL1 0 0.00 0 0.00 0 0.00 0.00 1.000 

MICOS10-NBL1 0 0.00 0 0.00 0 0.00 0.00 1.000 

GREM1 0 0.00 0 0.00 1 4.00 0.00 1.000 

GREM2 0 0.00 0 0.00 0 0.00 0.00 1.000 

THBS1 0 0.00 1 4.00 1 4.00 0.80 1.000 

DCN 0 0.00 0 0.00 1 4.00 0.00 1.000 

FMOD 0 0.00 0 0.00 1 4.00 0.00 1.000 

LEFTY1 0 0.00 0 0.00 1 4.00 0.00 1.000 

LEFTY2 0 0.00 0 0.00 0 0.00 0.00 1.000 

FST 0 0.00 0 0.00 0 0.00 0.00 1.000 

BMP2 0 0.00 0 0.00 0 0.00 0.00 1.000 

BMP4 0 0.00 0 0.00 0 0.00 0.00 1.000 

BMP6 0 0.00 0 0.00 0 0.00 0.00 1.000 

INHBB 0 0.00 0 0.00 0 0.00 0.00 1.000 

BMP5 0 0.00 0 0.00 1 4.00 0.00 1.000 

BMP8A 0 0.00 0 0.00 0 0.00 0.00 1.000 

GDF5 0 0.00 0 0.00 0 0.00 0.00 1.000 

GDF6 0 0.00 0 0.00 0 0.00 0.00 1.000 

GDF7 0 0.00 0 0.00 0 0.00 0.00 1.000 

AMH 0 0.00 0 0.00 0 0.00 0.00 1.000 

FBN1 0 0.00 3 12.00 3 12.00 0.79 1.000 

LTBP1 0 0.00 1 4.00 1 4.00 0.80 1.000 

TGFB3 0 0.00 0 0.00 0 0.00 0.00 1.000 

INHBC 0 0.00 0 0.00 0 0.00 0.00 1.000 

INHBE 0 0.00 0 0.00 0 0.00 0.00 1.000 

NODAL 0 0.00 0 0.00 1 4.00 0.00 1.000 

NEO1 0 0.00 0 0.00 0 0.00 0.00 1.000 

HJV 0 0.00 0 0.00 0 0.00 0.00 1.000 

BMPR1A 0 0.00 0 0.00 0 0.00 0.00 1.000 

BMPR1B 0 0.00 1 4.00 1 4.00 0.80 1.000 

ACVR1 0 0.00 0 0.00 0 0.00 0.00 1.000 

TGFBR1 0 0.00 0 0.00 0 0.00 0.00 1.000 

ACVR2B 0 0.00 0 0.00 1 4.00 0.00 1.000 

ACVR1C 0 0.00 0 0.00 0 0.00 0.00 1.000 

BAMBI 0 0.00 0 0.00 0 0.00 0.00 1.000 

SMAD1 0 0.00 0 0.00 0 0.00 0.00 1.000 

SMAD5 0 0.00 0 0.00 0 0.00 0.00 1.000 

SMAD9 0 0.00 0 0.00 0 0.00 0.00 1.000 
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SMAD2 0 0.00 3 12.00 2 8.00 1.04 1.000 

SMAD4 0 0.00 2 8.00 2 8.00 0.79 1.000 

SMAD6 0 0.00 0 0.00 1 4.00 0.00 1.000 

SMAD7 0 0.00 0 0.00 0 0.00 0.00 1.000 

SMURF1 0 0.00 0 0.00 1 4.00 0.00 1.000 

ZFYVE16 0 0.00 0 0.00 0 0.00 0.00 1.000 

HAMP 0 0.00 0 0.00 0 0.00 0.00 1.000 

ID1 0 0.00 0 0.00 0 0.00 0.00 1.000 

ID2 0 0.00 0 0.00 0 0.00 0.00 1.000 

ID3 0 0.00 0 0.00 0 0.00 0.00 1.000 

ID4 0 0.00 0 0.00 0 0.00 0.00 1.000 

RBL1 0 0.00 0 0.00 1 4.00 0.00 1.000 

E2F4 0 0.00 0 0.00 0 0.00 0.00 1.000 

E2F5 0 0.00 0 0.00 0 0.00 0.00 1.000 

SP1 0 0.00 0 0.00 0 0.00 0.00 1.000 

TGIF2 0 0.00 0 0.00 0 0.00 0.00 1.000 

MYC 1 33.33 1 4.00 3 12.00 1.04 1.000 

CDKN2B 0 0.00 0 0.00 0 0.00 0.00 1.000 

PITX2 0 0.00 0 0.00 1 4.00 0.00 1.000 

RBX1 0 0.00 0 0.00 0 0.00 0.00 1.000 

SKP1 0 0.00 0 0.00 0 0.00 0.00 1.000 

MAPK1 0 0.00 0 0.00 0 0.00 0.00 1.000 

MAPK3 0 0.00 0 0.00 0 0.00 0.00 1.000 

IFNG 0 0.00 0 0.00 0 0.00 0.00 1.000 

RHOA 0 0.00 0 0.00 0 0.00 0.00 1.000 

ROCK1 0 0.00 2 8.00 1 4.00 1.22 1.000 

PPP2R1B 0 0.00 0 0.00 0 0.00 0.00 1.000 

PPP2CA 0 0.00 0 0.00 0 0.00 0.00 1.000 

PPP2CB 0 0.00 0 0.00 0 0.00 0.00 1.000 

RPS6KB1 0 0.00 0 0.00 0 0.00 0.00 1.000 

RPS6KB2 0 0.00 0 0.00 0 0.00 0.00 1.000 

 

Table A. 4 Mutations in CRC driver genes; TCGA European samples. Frequency of  
samples with deleterious mutations (Mutations) by germline genotype at the SMAD9 
(rs493248) locus. The OR and nominal p value of an allelic comparison are shown with 
respect to the risk allele (ordered by p value). 

HUGO Symbol 

Risk (n=26) Het (n=143) Nonrisk (n=198) 

OR p Mutations % Mutations % Mutations % 
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RALB 2 7.69 1 0.70 1 0.51 4.69 0.034 

PIK3R3 1 3.85 3 2.10 0 0.00 4.69 0.034 

EREG 1 3.85 1 0.70 0 0.00 8.38 0.060 

PIK3CA 4 15.38 30 20.98 55 27.78 0.69 0.079 

EGFR 0 0.00 1 0.70 7 3.54 0.18 0.084 

TCF7 0 0.00 0 0.00 4 2.02 0.00 0.118 

SMAD2 0 0.00 4 2.80 11 5.56 0.41 0.137 

MLH1 3 11.54 3 2.10 5 2.53 1.96 0.141 

APPL1 0 0.00 3 2.10 9 4.55 0.39 0.157 

CTNNB1 3 11.54 11 7.69 10 5.05 1.56 0.176 

RAC3 1 3.85 1 0.70 1 0.51 2.79 0.194 

AXIN1 1 3.85 4 2.80 2 1.01 2.10 0.218 

KRAS 7 26.92 57 39.86 83 41.92 0.81 0.234 

MSH6 1 3.85 4 2.80 13 6.57 0.54 0.244 

TGFB2 0 0.00 2 1.40 6 3.03 0.39 0.260 

HRAS 0 0.00 2 1.40 0 0.00 2.78 0.288 

CDKN1A 0 0.00 2 1.40 0 0.00 2.78 0.288 

DDB2 1 3.85 0 0.00 1 0.51 2.78 0.288 

TP53 17 65.38 76 53.15 100 51.52 1.20 0.315 

PIK3R2 1 3.85 3 2.10 2 1.01 2.00 0.319 

DCC 1 3.85 9 6.29 17 8.59 0.69 0.338 

BCL2L11 0 0.00 0 0.00 3 1.52 0.00 0.350 

MAPK3 0 0.00 0 0.00 3 1.52 0.00 0.350 

ARAF 0 0.00 4 2.80 8 4.04 0.54 0.350 

RAC1 0 0.00 3 2.10 1 0.51 1.67 0.444 

RALA 1 3.85 1 0.70 2 1.01 1.67 0.444 

BRAF 2 7.69 17 11.89 27 13.64 0.80 0.449 

CCND1 0 0.00 1 0.70 0 0.00 2.77 0.461 

TGFA 0 0.00 1 0.70 0 0.00 2.77 0.461 

BBC3 0 0.00 1 0.70 0 0.00 2.77 0.461 

BAK1 0 0.00 1 0.70 0 0.00 2.77 0.461 

AXIN2 1 3.85 6 4.20 13 6.57 0.68 0.461 

TGFBR2 0 0.00 4 2.80 7 3.54 0.61 0.467 

TGFBR1 2 7.69 4 2.80 6 3.03 1.40 0.482 

MAP2K2 1 3.85 0 0.00 2 1.01 1.39 0.659 

RAC2 0 0.00 2 1.40 1 0.51 1.39 0.659 

MAPK1 1 3.85 0 0.00 2 1.01 1.39 0.659 

CASP9 0 0.00 1 0.70 3 1.52 0.39 0.689 

LEF1 0 0.00 1 0.70 3 1.52 0.39 0.689 

NRAS 1 3.85 11 7.69 10 5.05 1.17 0.725 
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RAF1 0 0.00 2 1.40 4 2.02 0.55 0.742 

MAP2K1 0 0.00 2 1.40 4 2.02 0.55 0.742 

GSK3B 0 0.00 4 2.80 5 2.53 0.79 0.793 

MSH3 0 0.00 7 4.90 5 2.53 1.14 0.815 

SMAD3 0 0.00 6 4.20 7 3.54 0.82 0.823 

PIK3R1 2 7.69 4 2.80 11 5.56 0.84 0.843 

MTOR 0 0.00 13 9.09 13 6.57 0.92 0.872 

TCF7L2 2 7.69 12 8.39 15 7.58 1.06 0.877 

APC 20 76.92 108 75.52 152 76.77 0.97 0.922 

BAD 0 0.00 0 0.00 1 0.51 0.00 1.000 

BAX 0 0.00 1 0.70 1 0.51 0.92 1.000 

BCL2 0 0.00 1 0.70 1 0.51 0.92 1.000 

CASP3 0 0.00 0 0.00 1 0.51 0.00 1.000 

SOS 0 0.00 0 0.00 0 0.00 0.00 1.000 

POLK 1 3.85 1 0.70 5 2.53 0.75 1.000 

EGF 1 3.85 2 1.40 5 2.53 0.92 1.000 

ERBB1 0 0.00 0 0.00 0 0.00 0.00 1.000 

GRB2 0 0.00 0 0.00 1 0.51 0.00 1.000 

MEK1 0 0.00 0 0.00 0 0.00 0.00 1.000 

MEK2 0 0.00 0 0.00 0 0.00 0.00 1.000 

ERK 0 0.00 0 0.00 0 0.00 0.00 1.000 

MYC 0 0.00 1 0.70 1 0.51 0.92 1.000 

FOS 0 0.00 0 0.00 1 0.51 0.00 1.000 

GADD45 0 0.00 0 0.00 0 0.00 0.00 1.000 

JNK 0 0.00 0 0.00 0 0.00 0.00 1.000 

JUN 0 0.00 1 0.70 2 1.01 0.55 1.000 

P53 0 0.00 0 0.00 0 0.00 0.00 1.000 

AKT 0 0.00 0 0.00 0 0.00 0.00 1.000 

TCF7L1 0 0.00 2 1.40 3 1.52 0.69 1.000 

SMAD4 4 15.38 17 11.89 27 13.64 0.97 1.000 

RHOA 0 0.00 3 2.10 3 1.52 0.92 1.000 

ALK5 0 0.00 0 0.00 0 0.00 0.00 1.000 

RPS6KB 0 0.00 0 0.00 0 0.00 0.00 1.000 

P21 0 0.00 0 0.00 0 0.00 0.00 1.000 

CIP1 0 0.00 0 0.00 0 0.00 0.00 1.000 

FRAP 0 0.00 0 0.00 0 0.00 0.00 1.000 

TOR 0 0.00 0 0.00 0 0.00 0.00 1.000 

KRAS2 0 0.00 0 0.00 0 0.00 0.00 1.000 

BIRC5 0 0.00 0 0.00 1 0.51 0.00 1.000 

RALGDS 1 3.85 2 1.40 5 2.53 0.92 1.000 
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DIP13A 0 0.00 0 0.00 0 0.00 0.00 1.000 

MSH2 1 3.85 4 2.80 6 3.03 1.04 1.000 

CYC 0 0.00 0 0.00 0 0.00 0.00 1.000 

ARAF1 0 0.00 0 0.00 0 0.00 0.00 1.000 

AREG 0 0.00 0 0.00 0 0.00 0.00 1.000 

PMAIP1 0 0.00 0 0.00 0 0.00 0.00 1.000 

NOXA 0 0.00 0 0.00 0 0.00 0.00 1.000 

PUMA 0 0.00 0 0.00 0 0.00 0.00 1.000 

TGFB1 1 3.85 0 0.00 3 1.52 0.92 1.000 

TGFB3 0 0.00 2 1.40 2 1.01 0.92 1.000 

BAK 0 0.00 0 0.00 0 0.00 0.00 1.000 

BIM 0 0.00 0 0.00 0 0.00 0.00 1.000 

PIK3CB 1 3.85 2 1.40 5 2.53 0.92 1.000 

PIK3CD 0 0.00 3 2.10 4 2.02 0.75 1.000 

 

Table A. 5 Mutations in CRC driver genes; in-house samples. Frequency of  samples with 
deleterious mutations (Mutations) by germline genotype at the SMAD9 (rs493248) locus. 
The OR and nominal p value of an allelic comparison are shown with respect to the risk 
allele (ordered by p value). 

HUGO Symbol 

Risk (n=8) Het (n=43) Nonrisk (n=69) 

OR p Mutations % Mutations % Mutations % 

MAP2K1 1 12.50 0 0.00 0 0.00 Inf 0.060 

TCF7 0 0.00 2 4.65 0 4.65 3.12 0.254 

TCF7L1 0 0.00 2 4.65 0 4.65 3.12 0.254 

TGFB3 0 0.00 2 4.65 0 4.65 3.12 0.254 

MSH6 0 0.00 1 2.33 5 2.33 0.27 0.303 

EGFR 0 0.00 0 0.00 3 0.00 0.00 0.341 

LEF1 0 0.00 0 0.00 3 0.00 0.00 0.341 

SMAD4 0 0.00 5 11.63 2 11.63 1.76 0.341 

TGFBR2 0 0.00 3 6.98 1 6.98 1.88 0.410 

RALGDS 0 0.00 3 6.98 1 6.98 1.88 0.410 

MYC 0 0.00 1 2.33 0 2.33 3.09 0.432 

FOS 0 0.00 1 2.33 0 2.33 3.09 0.432 

CCND1 0 0.00 1 2.33 0 2.33 3.09 0.432 

NRAS 0 0.00 1 2.33 0 2.33 3.09 0.432 

RALB 0 0.00 1 2.33 0 2.33 3.09 0.432 

TGFB1 0 0.00 1 2.33 0 2.33 3.09 0.432 

MAPK3 0 0.00 1 2.33 0 2.33 3.09 0.432 
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KRAS 1 12.50 17 39.53 26 39.53 0.77 0.441 

CTNNB1 0 0.00 1 2.33 4 2.33 0.33 0.458 

PIK3CA 0 0.00 5 11.63 9 11.63 0.64 0.487 

DCC 0 0.00 2 4.65 5 4.65 0.50 0.527 

APPL1 0 0.00 3 6.98 6 6.98 0.59 0.573 

JUN 0 0.00 0 0.00 2 0.00 0.00 0.575 

TGFBR1 0 0.00 0 0.00 2 0.00 0.00 0.575 

MSH3 1 12.50 5 11.63 6 11.63 1.30 0.619 

GSK3B 0 0.00 2 4.65 1 4.65 1.55 0.638 

PIK3R2 0 0.00 2 4.65 1 4.65 1.55 0.638 

SMAD2 0 0.00 2 4.65 1 4.65 1.55 0.638 

BRAF 1 12.50 8 18.60 9 18.60 1.22 0.675 

AXIN1 0 0.00 1 2.33 3 2.33 0.43 0.683 

APC 1 12.50 7 16.28 13 16.28 0.81 0.696 

MSH2 0 0.00 3 6.98 2 6.98 1.33 0.711 

BAX 0 0.00 3 6.98 5 6.98 0.69 0.767 

TP53 7 87.50 15 34.88 39 34.88 0.92 0.881 

BAD 0 0.00 0 0.00 0 0.00 0.00 1.000 

BCL2 0 0.00 0 0.00 0 0.00 0.00 1.000 

CASP3 0 0.00 0 0.00 1 0.00 0.00 1.000 

HRAS 0 0.00 0 0.00 0 0.00 0.00 1.000 

SOS 0 0.00 0 0.00 0 0.00 0.00 1.000 

POLK 0 0.00 0 0.00 0 0.00 0.00 1.000 

EGF 0 0.00 1 2.33 2 2.33 0.61 1.000 

ERBB1 0 0.00 0 0.00 0 0.00 0.00 1.000 

GRB2 0 0.00 0 0.00 0 0.00 0.00 1.000 

RAF1 0 0.00 1 2.33 1 2.33 1.02 1.000 

MEK1 0 0.00 0 0.00 0 0.00 0.00 1.000 

MAP2K2 0 0.00 1 2.33 1 2.33 1.02 1.000 

MEK2 0 0.00 0 0.00 0 0.00 0.00 1.000 

ERK 0 0.00 0 0.00 0 0.00 0.00 1.000 

AXIN2 0 0.00 0 0.00 0 0.00 0.00 1.000 

RAC1 0 0.00 0 0.00 0 0.00 0.00 1.000 

CASP9 0 0.00 0 0.00 0 0.00 0.00 1.000 

GADD45 0 0.00 0 0.00 0 0.00 0.00 1.000 

JNK 0 0.00 0 0.00 0 0.00 0.00 1.000 

P53 0 0.00 0 0.00 0 0.00 0.00 1.000 

AKT 0 0.00 0 0.00 0 0.00 0.00 1.000 

TCF7L2 1 12.50 5 11.63 9 11.63 0.93 1.000 

RHOA 0 0.00 0 0.00 0 0.00 0.00 1.000 
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ALK5 0 0.00 0 0.00 0 0.00 0.00 1.000 

RPS6KB 0 0.00 0 0.00 0 0.00 0.00 1.000 

CDKN1A 0 0.00 0 0.00 0 0.00 0.00 1.000 

P21 0 0.00 0 0.00 0 0.00 0.00 1.000 

CIP1 0 0.00 0 0.00 0 0.00 0.00 1.000 

MTOR 0 0.00 4 9.30 5 9.30 0.87 1.000 

FRAP 0 0.00 0 0.00 0 0.00 0.00 1.000 

TOR 0 0.00 0 0.00 0 0.00 0.00 1.000 

KRAS2 0 0.00 0 0.00 0 0.00 0.00 1.000 

RALA 0 0.00 0 0.00 1 0.00 0.00 1.000 

RAC2 0 0.00 0 0.00 0 0.00 0.00 1.000 

RAC3 0 0.00 0 0.00 0 0.00 0.00 1.000 

BIRC5 0 0.00 0 0.00 0 0.00 0.00 1.000 

DIP13A 0 0.00 0 0.00 0 0.00 0.00 1.000 

MLH1 0 0.00 1 2.33 2 2.33 0.61 1.000 

CYC 0 0.00 0 0.00 0 0.00 0.00 1.000 

TGFA 0 0.00 0 0.00 0 0.00 0.00 1.000 

ARAF 0 0.00 0 0.00 1 0.00 0.00 1.000 

ARAF1 0 0.00 0 0.00 0 0.00 0.00 1.000 

AREG 0 0.00 0 0.00 0 0.00 0.00 1.000 

EREG 0 0.00 0 0.00 0 0.00 0.00 1.000 

PMAIP1 0 0.00 0 0.00 0 0.00 0.00 1.000 

NOXA 0 0.00 0 0.00 0 0.00 0.00 1.000 

BBC3 0 0.00 0 0.00 1 0.00 0.00 1.000 

PUMA 0 0.00 0 0.00 0 0.00 0.00 1.000 

DDB2 0 0.00 0 0.00 0 0.00 0.00 1.000 

TGFB2 0 0.00 2 4.65 2 4.65 1.02 1.000 

BAK 0 0.00 0 0.00 0 0.00 0.00 1.000 

BAK1 0 0.00 0 0.00 0 0.00 0.00 1.000 

BCL2L11 0 0.00 0 0.00 0 0.00 0.00 1.000 

BIM 0 0.00 0 0.00 0 0.00 0.00 1.000 

PIK3CB 0 0.00 0 0.00 1 0.00 0.00 1.000 

PIK3CD 0 0.00 1 2.33 2 2.33 0.61 1.000 

PIK3R1 0 0.00 3 6.98 4 6.98 0.83 1.000 

PIK3R3 0 0.00 1 2.33 1 2.33 1.02 1.000 

MAPK1 0 0.00 0 0.00 0 0.00 0.00 1.000 

SMAD3 0 0.00 1 2.33 2 2.33 0.61 1.000 
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Table A. 6 Mutations in CRC driver genes; TCGA African samples. Frequency of  samples 
with deleterious mutations (Mutations) by germline genotype at the SMAD9 (rs493248) 
locus. The OR and nominal p value of an allelic comparison are shown with respect to 
the risk allele (ordered by p value). 

HUGO Symbol 

Risk (n=3) Het (n=25) Nonrisk (n=25) 

OR p Mutations % Mutations % Mutations % 

KRAS 3 100.00 11 44.00 8 32.00 2.14 0.086 

APC 3 100.00 22 88.00 18 72.00 2.71 0.173 

CTNNB1 0 0.00 1 4.00 5 20.00 0.20 0.174 

PIK3CA 0 0.00 13 52.00 4 16.00 1.85 0.177 

AXIN1 0 0.00 0 0.00 3 12.00 0.00 0.177 

AXIN2 0 0.00 0 0.00 3 12.00 0.00 0.177 

PIK3CD 0 0.00 0 0.00 3 12.00 0.00 0.177 

MTOR 0 0.00 2 8.00 5 20.00 0.36 0.226 

TCF7L2 0 0.00 1 4.00 4 16.00 0.25 0.275 

DCC 0 0.00 1 4.00 4 16.00 0.25 0.275 

TCF7 0 0.00 0 0.00 2 8.00 0.00 0.319 

POLK 0 0.00 0 0.00 2 8.00 0.00 0.319 

MSH2 0 0.00 0 0.00 2 8.00 0.00 0.319 

MSH3 0 0.00 0 0.00 2 8.00 0.00 0.319 

MSH6 0 0.00 0 0.00 2 8.00 0.00 0.319 

TGFB2 0 0.00 0 0.00 2 8.00 0.00 0.319 

SMAD3 0 0.00 0 0.00 2 8.00 0.00 0.319 

BAX 0 0.00 1 4.00 0 0.00 2.44 0.501 

MLH1 0 0.00 1 4.00 0 0.00 2.44 0.501 

FOS 0 0.00 2 8.00 0 0.00 2.49 0.579 

TGFB1 1 33.33 0 0.00 1 4.00 2.49 0.579 

TGFBR2 0 0.00 1 4.00 2 8.00 0.47 0.669 

NRAS 0 0.00 1 4.00 2 8.00 0.47 0.669 

BRAF 0 0.00 2 8.00 3 12.00 0.58 0.720 

PIK3R1 0 0.00 2 8.00 3 12.00 0.58 0.720 

BAD 0 0.00 0 0.00 1 4.00 0.00 1.000 

BCL2 0 0.00 0 0.00 0 0.00 0.00 1.000 

CASP3 0 0.00 0 0.00 0 0.00 0.00 1.000 

HRAS 0 0.00 0 0.00 0 0.00 0.00 1.000 

GSK3B 0 0.00 0 0.00 0 0.00 0.00 1.000 

SOS 0 0.00 0 0.00 0 0.00 0.00 1.000 

EGF 0 0.00 0 0.00 0 0.00 0.00 1.000 

EGFR 0 0.00 0 0.00 0 0.00 0.00 1.000 

ERBB1 0 0.00 0 0.00 0 0.00 0.00 1.000 
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GRB2 0 0.00 0 0.00 0 0.00 0.00 1.000 

RAF1 0 0.00 0 0.00 0 0.00 0.00 1.000 

MAP2K1 0 0.00 1 4.00 1 4.00 0.80 1.000 

MEK1 0 0.00 0 0.00 0 0.00 0.00 1.000 

MAP2K2 0 0.00 2 8.00 2 8.00 0.79 1.000 

MEK2 0 0.00 0 0.00 0 0.00 0.00 1.000 

ERK 0 0.00 0 0.00 0 0.00 0.00 1.000 

MYC 1 33.33 1 4.00 3 12.00 1.04 1.000 

RAC1 0 0.00 0 0.00 0 0.00 0.00 1.000 

CASP9 0 0.00 0 0.00 0 0.00 0.00 1.000 

GADD45 0 0.00 0 0.00 0 0.00 0.00 1.000 

JNK 0 0.00 0 0.00 0 0.00 0.00 1.000 

JUN 0 0.00 0 0.00 0 0.00 0.00 1.000 

TP53 3 100.00 15 60.00 18 72.00 0.99 1.000 

P53 0 0.00 0 0.00 0 0.00 0.00 1.000 

AKT 0 0.00 0 0.00 0 0.00 0.00 1.000 

TCF7L1 0 0.00 0 0.00 0 0.00 0.00 1.000 

LEF1 0 0.00 1 4.00 1 4.00 0.80 1.000 

SMAD4 0 0.00 2 8.00 2 8.00 0.79 1.000 

CCND1 0 0.00 0 0.00 0 0.00 0.00 1.000 

RHOA 0 0.00 0 0.00 0 0.00 0.00 1.000 

TGFBR1 0 0.00 0 0.00 0 0.00 0.00 1.000 

ALK5 0 0.00 0 0.00 0 0.00 0.00 1.000 

RPS6KB 0 0.00 0 0.00 0 0.00 0.00 1.000 

CDKN1A 0 0.00 0 0.00 0 0.00 0.00 1.000 

P21 0 0.00 0 0.00 0 0.00 0.00 1.000 

CIP1 0 0.00 0 0.00 0 0.00 0.00 1.000 

FRAP 0 0.00 0 0.00 0 0.00 0.00 1.000 

TOR 0 0.00 0 0.00 0 0.00 0.00 1.000 

KRAS2 0 0.00 0 0.00 0 0.00 0.00 1.000 

RALA 0 0.00 0 0.00 0 0.00 0.00 1.000 

RALB 0 0.00 0 0.00 0 0.00 0.00 1.000 

RAC2 0 0.00 0 0.00 0 0.00 0.00 1.000 

RAC3 0 0.00 0 0.00 0 0.00 0.00 1.000 

BIRC5 0 0.00 0 0.00 1 4.00 0.00 1.000 

RALGDS 0 0.00 0 0.00 1 4.00 0.00 1.000 

APPL1 0 0.00 0 0.00 1 4.00 0.00 1.000 

DIP13A 0 0.00 0 0.00 0 0.00 0.00 1.000 

CYC 0 0.00 0 0.00 0 0.00 0.00 1.000 

TGFA 0 0.00 0 0.00 0 0.00 0.00 1.000 
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ARAF 0 0.00 2 8.00 2 8.00 0.79 1.000 

ARAF1 0 0.00 0 0.00 0 0.00 0.00 1.000 

AREG 0 0.00 0 0.00 0 0.00 0.00 1.000 

EREG 0 0.00 0 0.00 0 0.00 0.00 1.000 

PMAIP1 0 0.00 0 0.00 0 0.00 0.00 1.000 

NOXA 0 0.00 0 0.00 0 0.00 0.00 1.000 

BBC3 0 0.00 0 0.00 0 0.00 0.00 1.000 

PUMA 0 0.00 0 0.00 0 0.00 0.00 1.000 

DDB2 0 0.00 0 0.00 0 0.00 0.00 1.000 

TGFB3 0 0.00 0 0.00 0 0.00 0.00 1.000 

BAK 0 0.00 0 0.00 0 0.00 0.00 1.000 

BAK1 0 0.00 0 0.00 1 4.00 0.00 1.000 

BCL2L11 0 0.00 0 0.00 1 4.00 0.00 1.000 

BIM 0 0.00 0 0.00 0 0.00 0.00 1.000 

PIK3CB 0 0.00 0 0.00 0 0.00 0.00 1.000 

PIK3R2 0 0.00 1 4.00 1 4.00 0.80 1.000 

PIK3R3 0 0.00 0 0.00 1 4.00 0.00 1.000 

MAPK1 0 0.00 0 0.00 0 0.00 0.00 1.000 

MAPK3 0 0.00 0 0.00 0 0.00 0.00 1.000 

SMAD2 0 0.00 3 12.00 2 8.00 1.04 1.000 

 

Table A. 7 Mutations in the MAPK signalling pathway; TCGA European samples. 
Frequency of  samples with deleterious mutations (Mutations) by germline genotype at 
the SMAD9 (rs493248) locus. The OR and nominal p value of an allelic comparison are 
shown with respect to the risk allele (ordered by p value). 

HUGO Symbol 

Risk (n=26) Het (n=143) Nonrisk (n=198) 

OR p Mutations % Mutations % Mutations % 

KRAS 7 26.92 57 39.86 83 41.92 0.81 0.234 

MAPK3 0 0.00 0 0.00 3 1.52 0.00 0.350 

BRAF 2 7.69 17 11.89 27 13.64 0.80 0.449 

MAP2K2 1 3.85 0 0.00 2 1.01 1.39 0.659 

MAPK1 1 3.85 0 0.00 2 1.01 1.39 0.659 

AKT1 0 0.00 1 0.70 3 1.52 0.39 0.689 

NRAS 1 3.85 11 7.69 10 5.05 1.17 0.725 

MAP2K1 0 0.00 2 1.40 4 2.02 0.55 0.742 

AKT3 1 3.85 2 1.40 6 3.03 0.79 0.793 

PI3KCA 0 0.00 0 0.00 0 0.00 0.00 1.000 

AKT2 0 0.00 2 1.40 2 1.01 0.92 1.000 
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Table A. 8 Mutations in the MAPK signalling pathway; in-house samples. Frequency of  
samples with deleterious mutations (Mutations) by germline genotype at the SMAD9 
(rs493248) locus. The OR and nominal p value of an allelic comparison are shown with 
respect to the risk allele (ordered by p value). 

HUGO Symbol 

Risk (n=8) Het (n=43) Nonrisk (n=69) 

OR p Mutations % Mutations % Mutations % 

MAP2K1 1 12.50 0 0.00 0 0.00 Inf 0.060 

NRAS 0 0.00 1 2.33 0 2.33 3.09 0.432 

MAPK3 0 0.00 1 2.33 0 2.33 3.09 0.432 

KRAS 1 12.50 17 39.53 26 39.53 0.77 0.441 

AKT2 0 0.00 2 4.65 1 4.65 1.55 0.638 

BRAF 1 12.50 8 18.60 9 18.60 1.22 0.675 

MAP2K2 0 0.00 1 2.33 1 2.33 1.02 1.000 

MAPK1 0 0.00 0 0.00 0 0.00 0.00 1.000 

PI3KCA 0 0.00 0 0.00 0 0.00 0.00 1.000 

AKT1 0 0.00 1 2.33 1 2.33 1.02 1.000 

AKT3 0 0.00 0 0.00 0 0.00 0.00 1.000 

 

Table A. 9 Mutations in the MAPK signalling pathway; TCGA African samples. 
Frequency of  samples with deleterious mutations (Mutations) by germline genotype at 
the SMAD9 (rs493248) locus. The OR and nominal p value of an allelic comparison are 
shown with respect to the risk allele (ordered by p value). 

HUGO Symbol 

Risk (n=3) Het (n=25) Nonrisk (n=25) 

OR p Mutations % Mutations % Mutations % 

KRAS 3 100.00 11 44.00 8 32.00 2.14 0.086 

AKT1 0 0.00 0 0.00 3 12.00 0.00 0.177 

NRAS 0 0.00 1 4.00 2 8.00 0.47 0.669 

BRAF 0 0.00 2 8.00 3 12.00 0.58 0.720 

MAP2K1 0 0.00 1 4.00 1 4.00 0.80 1.000 

MAP2K2 0 0.00 2 8.00 2 8.00 0.79 1.000 

MAPK1 0 0.00 0 0.00 0 0.00 0.00 1.000 

MAPK3 0 0.00 0 0.00 0 0.00 0.00 1.000 

PI3KCA 0 0.00 0 0.00 0 0.00 0.00 1.000 

AKT2 0 0.00 0 0.00 0 0.00 0.00 1.000 

AKT3 0 0.00 0 0.00 0 0.00 0.00 1.000 
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Table A. 10 SMAD9 KD efficiencies in 4 cell lines for 3 biological replicates. Mean and 
standard deviation (Stdev). KD is expressed relative to the non-targeting siRNA control 
and normalized to GAPDH. 

Cell Line SMAD9 KD (%) 

Rep 1  Rep 2 Rep 3 Mean Stdev 

COLO205 90.4 72.0 79.7 80.7 7.5 

COLO320 48.5 62.2 39.8 50.2 9.2 

LS174T 48.5 -28.9 70.3 30.0 42.5 

SW48 77.5 31.8 100.0 69.7 2.8 
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Figure A.1 SMAD9 knock down efficiencies in 4 cell lines for each of the 3 replicates. 
Conditions: cell line only, transfection reagent only (RNAiMAX), non-targeting siRNA 
(NTsiRNA) and SMAD9 siRNA. Error bars denote standard deviation of three technical 
replicates. 
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Figure A. 2 Effect of TGF-B1 treatment on live cell numbers. Comparison of untreated 
controls and controls +TGFb, n=2 

Cell Line Difference in live cell counts 
(x105/well at 72hrs) 

95% CI p value 

COLO205 -3.15 -17.17 - +10.87 0.257 
COLO320 -4.07 -6.03 - -2.12 0.011 

LS174T -3.52 -5.32 - -1.73 0.008 

SW48 -0.62 -2.58 - +1.34 0.236 

Table A. 11 Effect of TGF-B1 treatment on live cell numbers. Difference between treated 
and untreated controls at 72 hours after treatment. 
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Figure A. 3 Effect of BMP4 treatment on live cell numbers. Comparison of untreated 
controls and controls +BMP4, n=2. 

Cell Line Difference in live cell 
counts (x105/well at 72hrs) 

95% CI p value 

COLO205 -2.16 -4.05 - -0.28 0.036 

COLO320 -10.51 -15.55 - -5.47 0.018 

LS174T -1.81 -4.19 - +0.58 0.089 
SW48 -0.54 -8.72 - +7.64 0.599 

Table A. 12 Effect of BMP4 treatment on live cell numbers. Differences between treated 
and untreated controls at 72 hours after treatment. 
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