Development and Assessment of a
Genetic and Environmental Risk Model
for Colorectal Cancer

L]
— e
DOMI | MINA
NVS TIO
ILLV | MEA

-

N

Sarah Briggs
Wadham College
University of Oxford

A thesis submitted for the degree of
Doctor of Philosophy

Trinity 2022



Abstract

Colorectal cancer (CRC) is the third most common cancer globally, and is readily
prevented by screening. Colonoscopy is the gold standard screening tool but is
invasive, expensive, and time consuming. ‘Risk-stratified’” approaches to screening,
using genetic or non-genetic risk predictors to guide screening decisions, may improve

screening outcomes and utilise limited resources more effectively.

The aim of this thesis was to develop and evaluate risk prediction models for CRC,
to improve our ability to predict CRC risk. An initial search for novel genetic risk
loci began with a new genome-wide association study (GWAS), following which meta-
analysis of 5 new GWAS with 10 existing GWAS identified 31 new risk loci for CRC.
Genome-wide linkage analysis combined with whole genome sequencing in two early-
onset CRC families, and three families with multiple adenomas, identified several
new possible risk loci for CRC including a potentially pathogenic variant in GFI-1.

Six polygenic risk scores (PRS) for CRC were then developed and tested in UK
Biobank, with SNPs and weights derived from the GWAS meta-analysis. Evaluation
of PRS performance showed that a genome-wide approach using LDpred2 software
performed best, with a top age- and sex-adjusted C-statistic of 0.733 (95% confidence
interval 0.710-0.753) in logistic regression. The PRS performed less well in women
compared to men, and in minority ethnic UK Biobank participants.

Integrated genetic and non-genetic models were then developed, combining the
top-performing PRS with the non-genetic QCancer-10 (Colorectal Cancer) model,
which is based on primary care data. QCancer-10+PRS models modestly improved
performance compared to QCancer-10 alone, with C-statistics of 0.730 (0.720-0.741)
compared to 0.693 (0.682-0.704) respectively in men, and similar improvements in
women. Decision curve analysis indicated small incremental improvements in net
benefit, and the absolute difference in predicted 5-year risk was small (0.15-0.3%).

This thesis improves our understanding of the genetic basis of CRC risk, and
risk prediction for CRC. Given the modest improvements in risk prediction with the
addition of PRS to the QCancer-10 model, and the current logistical and ethical
implications of PRS testing, there is no clear justification for PRS implementation

in bowel cancer screening in their current form.
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Introduction

Colorectal cancer (CRC) is common and to a large degree, preventable. Many
high-income countries undertake screening for CRC, including a well-established
bowel cancer screening programme in the UK, with the aim of both preventing early
non-cancerous lesions from progressing, or identifying an established cancer early
when there are likely to be more treatment options. However, current screening
approaches are fairly crude, and outside of surveillance of high risk families, applied
to the population in a blanket fashion generally limited by simple parameters such
as age, failing to address differences in cancer risk across the population. The
idea of a more nuanced approach, variously called ‘personalised’ or ‘risk-stratified’
screening, is highly appealing. Under this scenario, assessment of an individual’s
risk (which might incorporate both their genetic predisposition and environmental

exposures) is used to inform screening decisions.

In this thesis, I seek to further our understanding of risk-stratified prevention
as applied to colorectal cancer and bowel cancer screening. There has been an
explosion in interest in risk-stratified approaches across the field of medicine in the
last ten years. Therefore, a key question for my thesis is whether polygenic risk
scores (PRS) can predict colorectal cancer risk to a level which would be clinically
useful, and whether adding PRS to a non-genetic risk model would improve risk

prediction above non-genetic risk prediction alone in a clinically meaningful way.

Since I began my DPhil studies five years ago there has been considerable
progress in this field, especially with large genome-wide association consortia efforts
creating a 5-fold increase in the number of risk polymorphisms identified. A
number of new CRC risk scores have been published, as well as several studies of

clinical and cost-effectiveness of risk-stratified screening. In addition, bowel cancer
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screening in England has changed, with the introduction of faecal immunochemical
stool testing and an end to one-off flexible sigmoidoscopy. Beyond this, the
healthcare system faces disruption caused by the COVID pandemic, with a need

to optimise resource use.

In this thesis I aim to improve prediction of cancer risk using genetic and non-
genetic risk, to facilitate longitudinal approaches to risk-stratified cancer screening.
Chapter 1 reviews the existing literature and sets my research in context. Chapter

2 outlines the main methodologies used.

In Chapter 3 I search for new risk loci for CRC by genotyping a new colorectal
cancer cohort, and evaluating this in a new genome-wide association study (GWAS).
This newly genotyped dataset forms part of a new GWAS-meta-analysis, which
is used ultimately used to derive polygenic risk scores. In this chapter I also use
linkage analysis to try to identify novel colorectal cancer risk loci in a several

early onset CRC and polyposis pedigrees.

My risk model development and validation work is conducted in UK Biobank,
and I explore this dataset in Chapter 4. In Chapter 5 I develop and evaluate several
new polygenic risk scores, comparing the performance of GWAS-significant scores
with genome-wide approaches. Next, I evaluate the improvement in performance
obtained by adding polygenic risk scores to the QCancer-10 non-genetic risk
model (Chapter 6).

My discussion section reflects on my research findings, specifically highlighting
the current limitations and future potential of risk-stratified screening. I conclude
with final thoughts from the thesis and suggests areas in which future research

efforts should be focused.



Background

In this chapter I summarise the existing literature in relation to my thesis. I begin
by giving some background to colorectal cancer (CRC) and prevention through
screening. After this I explore our understanding of risk for CRC, including
genetic risk, hereditability of CRC, and epidemiological risk for CRC. I then
discuss the background to risk-stratified screening, and existing risk-prediction

models for CRC risk.

1.1 Colorectal cancer

Colorectal cancer is the fourth most common cancer in the UK, with approximately
43,000 cases annually [1]. Globally there were an estimated 2.17 million cases

in 2019, and 1.09 million deaths [2].

The global incidence of CRC has increased over the last 30 years. The latest
Global Burden of Disease study [2] reported an age-standardised incidence rates
(ASIRs) of 26.7 per 100,000 in 2019, compared to 22.2 per 100,000 person years
in 1990. Meanwhile, mortality and disability-adjusted life-years (DALYs) have
reduced (Figure 1.1). These changing patterns inevitably vary within different
demographic groups and the rising incidence is largely attributable to males, in

whom age-standardised mortality rates and DALYs have actually worsened (Figure
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Figure 1.1: Global trends in colorectal cancer from 1990-2019. Figure taken from “The
global, regional, and national burden of colorectal cancer and its attributable risk factors
in 195 countries and territories, 1990-2017: a systematic analysis for the Global Burden
of Disease Study 2017”, GBD 2017 Colorectal Cancer Collaborators, DOI: 10.1016/S2468-
1253(19)30345-0, CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/)

1.1B). Improvements in incidence and mortality are restricted to the highest quintile

of the socio-demographic index internationally [2].

The burden of CRC is shifting internationally, with incidence increasing in low
and middle-income countries since 1990 as lifestyles become more westernised, the
largest increases being in regions of Asia and Latin America. Meanwhile in high-
income countries, ASIRs have held steady or decreased, and mortality has fallen [2, 3].
The 2019 distribution of age-standardised incidence, mortality and DALYs globally

is shown in Figure 1.2, highlighting higher incidence in high-income countries.

Colorectal cancer incidence has been rising in the under 50’s in many high-income
countries, including the UK, often despite stable or decreasing incidence in older age
groups [4]. However, absolute numbers of cancers in this age group remain low [5].
Globally this pattern is again restricted to those in the highest socio-demographic

index quintile, with ASIRs increasing across all age groups in other quintiles [2].
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Figure 1.2: Global geographical distribution of colorectal cancer incidence, mortality
and disability-adjusted life-years in 2019. Figure taken from “The global, regional, and
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and territories, 1990-2017: a systematic analysis for the Global Burden of Disease Study
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1. Background

Most sporadic colorectal cancers are adenocarcinomas, which form from glandular
tissue. These cancers nearly always arise from benign polyps (tubular adenomas or
serrated polyps). Lockhart-Mummery and Dukes first suggested that CRC arose
from adenomatous tissue, rather than normal colonic mucosa, in 1927 [6], and
subsequently Jackman and Mayo [7] proposed the ‘adenoma-carcinoma sequence’.
Over 30 years later, Stryker et al. [8] reported a retrospective analysis following the
natural history of colonic polyps > lcm in 226 patients followed up radiographically.
They observed tumour growth in 37% of polyps, and 47% were ultimately excised,
with invasive adenocarcinoma observed in 21 patients, many of whom already

had advanced disease.

We now know that most CRCs arise due to genetic changes in stem-like cells in
the colorectal epithelium [9]. The progressive genetic changes accompanying polyp
progression were first identified by Vogelstein et al. [10], who observed increasing
frequency of ras mutations, FAP-linked sequences on chromosome 5, and allelic
deletions of chromosome 17 in small adenomas, large adenomas, and colorectal
cancers respectively. Fearon and Vogelstein [11] proposed a genetic model for
colorectal tumorigenesis, and since then several key pathogenic pathways have been

identified, with characteristic genomic and mutational patterns (Figure 1.3, [12]).

Colorectal cancer is heterogeneous, reflecting both varied molecular pathways
and the influence of the tumour microenvironment. It can be classified into
subtypes based on molecular and morphological characteristics. Most cancers
(~70-80%) follow the chromosomal instability (CIN) pathway, in which errors in
chromosomal arrangement and separation during cell division (mitosis) result in
abnormal structure or number of chromosomes. These cancers frequently show
chromosomal abnormalities including aneuploidy and chromosomal rearrangement,
somatic copy number alterations (SCNA), and loss of heterozygosity at tumour
suppressor genes. This pathways is initiated by APC mutation, with subsequent
mutations in key tumour suppressors and oncogenes including KRAS, TP53, SMAD/
and PIK3CA [12, 13].
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Figure 1.3: Molecular pathways of colorectal cancer. CIMP CpG island methylation
pathway, CIN chromosomal instability, CMS consensus molecular subtype, MSI microsatel-
lite instability, MSS microsatellite stable. Figure reprinted by permission from Springer
Nature: Nature Reviews Immunology. The inflammatory pathogenesis of colorectal cancer.
Schmitt et al. Copyright (2021)

The microsatellite instability (MSI) pathway also leads to genomic instability, and
is defined by defects in the MMR genes. In somatic cancers this is secondary to silenc-
ing of MMR genes (typically MLH1) by hypermethylation of gene promotors [14, 15].

Twenty to thirty percent of CRCs follow the serrated adenoma pathway, with
several characteristic subdivisions (see Figure 1.3). This pathway is often initiated
by activation of the MAPK pathway (through either KRAS or BRAF mutation),
and is characterised by the presence of CpG island methylation pathway (CIMP)
mutations. MGMT, CDKN2A and MLHI are frequently silenced in these tumours.

Several projects have offered additional CRC classifications. For example, The
Cancer Genome Atlas Study (TCGA) derived three groups of CRC, based on their

genomic characteristics: CIN (~84% of tumours), hypermutated tumours (MMR-
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deficient, MSI-high, MLH1-silenced, CIMP-high and BRAF mutant, ~13%), and
ultramutated tumours (high number of C>A transversions with POLE or more
rarely POLD1 mutations; ~3%) [16]. The Consensus Molecular Subtype (CMS)
Consortium identified four consensus molecular groups based on gene expression
data (Figure 1.3) [17]. CMS1 represent an MSI-Immune subtype (~14%); CMS2, the
canonical SCNA-high tumour subtype (~37%); CMS3, a metabolically dysregulated
subtype (~13%); and CMS4, a mesenchymal subtype with TGF-/ activation,
angiogenesis, and stromal invasion. In addition, 13% of tumours in the study had
mixed features, representing a transition phenotype and intratumoural heterogeneity.
The CMS subtypes correspond to clinical characteristics: CMS1 tumours are largely
right sided and more common in females, whilst CMS4 tumours tend to be more

advanced, with poorer outcomes.

Colorectal cancer progression is influenced by the tumour microenvironment,
with inflammation playing a key role. Many cell types within the tumour stroma,
including fibroblasts, immune cells, vascular cells, and nerves, can positively or
negatively influence tumour progression through their interaction with tumour cells
[12]. In some cases this is related to the tumour’s genetic make-up. For example
POLEFE ultramutated tumours are highly immunogenic due to the high numbers
of epitopes produced, with high numbers of CD8+ lymphocyte infiltration, and
tend to have a relatively good prognosis [16, 18].

1.2 Colorectal cancer prevention

Colorectal cancer risk, at both a population and an individual level, can be reduced
in a number of ways. Colorectal cancer is one of relatively few diseases with good
evidence for the effectiveness of screening programmes. These have played a key

role in reducing CRC incidence internationally over recent decades.

1.2.1 Bowel cancer screening

The principle of screening for chronic disease were first laid out over 50 years ago in

a seminal paper by Wilson and Junger [19]. Ten criteria for screening were specified
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Table 1.1: Wilson and Junger’s principles of screening

Criteria

The condition is an important health problem;

There should be an accepted treatment for those with the disease;

Facilities for diagnosis and treatment should be available;

There should be a recognised latent or early symptomatic stage;

A suitable test or examination should exist;

The test must be acceptable to the screening population;

The natural history of the condition including the transition from latent to overt

disease should be understood;

There should be an agreed policy on who to treat;

9. The cost of case finding, diagnosis and treatment should be economically balanced
in relation to medical care as a whole;

10. Case-finding should be continuous, rather than ‘once and for all’.

N OotE N e

*®

to facilitate the identification of appropriate conditions for screening (Table 1.1),
and methodologies for doing so in a public health context. The slow progression
of CRC from benign adenoma to malignancy, occurring over many years, affords
opportunities for prevention through screening [20]. Over the course of the late

20th century, the ten criteria have been fulfilled for CRC.

The primary aim of bowel cancer screening is to prevent cancer by detection and
removal of precursor lesions, but screening also allows the down-staging of disease by
identifying cancers earlier, leading to better cancer outcomes. Early demonstrations
of the utility of bowel cancer screening included 26,000 individuals screened by
rigid sigmoidoscopy (the visual inspection of the sigmoid colon through a rigid
tube) by Hertz, Deddish, and Day [21] between 1946 and 1954, and subsequently
a non-randomised 20,000+ patient study of rigid sigmoidoscopy and polypectomy
(removal of polyps), conducted over 25 years from 1948 by Gilbertsen and Nelms
[22]. These demonstrated large reductions in cancer incidence, and improvements
in survival [23]. The development of colonoscopes, and of polypectomy through

these, paved the way for the first randomised controlled trials (RCTs) [23].

Guaiac faecal occult blood (gFOBT) stool testing (where guaiac-coated cards
are used to detect the presence of a small amount of blood on application of a stool
sample), was found to identify individuals at risk of CRC. With subsequent advances

in colonoscopy techniques, this led to the first RCTs of two-stage colorectal cancer
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screening (that is, stool test followed by colonoscopy) in the UK, United States
(US) and Denmark [24-26]. Using annual or biennial gFOBT testing, these trials
demonstrated significant reductions in CRC-associated mortality, which was durable

in long term follow-up, though there was no effect on all-cause mortality [27].

However, gFOBT has relatively limited sensitivity for advanced neoplasia at
11-37% (in comparison to 89-95% for the gold standard, colonoscopy) [28-30]. Meta-
analyses suggested that whilst cancer-related mortality was reduced, there was no
effect on cancer incidence [31]. Guaiac FOBT has sub-optimal uptake, requiring
dietary modification (as it is not specific for human globin), and sampling over
sequential days to improve sensitivity. The development of faecal immunochemical
testing (FIT), an alternative human-specific quantitative test for occult faecal
blood, which is easier to administer, has increased uptake by up to 10%, and is
more sensitive than gFOBT for advanced neoplasia [28, 32-34]. Sensitivity of
FIT for advanced adenoma is 0.43 (95% CI, 0.40-0.46). Sensitivity for cancer
increases as might be expected with tumour stage (50% for Dukes A compared
to 78% for Dukes C or D), and is greater for distal relative to proximal advanced
neoplasia (30% and 16% respectively) [30, 32]. A further method of stool testing,
incorporating faecal DNA with FIT, is more sensitive than FIT alone, but is less
specific, with significantly higher numbers proceeding to colonoscopy, and it is

more expensive than other stool tests [29, 35].

Colonoscopic screening is the gold standard, yet evidence from RCTs to support
its effects on CRC mortality have appeared only recently. The non-randomised
National Polyp Study in the 1980’s demonstrated that removing adenomas by
colonoscopy significantly reduced the incidence of colorectal cancer in colonoscopic
screening, and longer term follow-up suggested cancer related mortality was reduced
by about 50% [36, 37]. Colonoscopic screening was endorsed in several countries
(notably in the US and Canada) on the basis of this and several other non-randomised
studies. European guidelines did not recommend colonoscopic screening in part
due to the lack of RCTs. Several RCTs of colonoscopy are now completing follow-

up. In a multinational European study, screening of 55-64 year olds in Sweden,
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Norway, Poland and the Netherlands resulted in high detection rates for both
proximal and distal colon cancers, but participation rates were variable - from
60.7% in Norway to just 22.9% in the Netherlands [38]. Endoscopist performance
(measured by caecal intubation and adenoma detection rates) was also variable,
and this may have an impact upon outcomes in longer term follow-up. In a trial of
colonoscopy compared to biannual FIT, participation was lower with colonoscopic
screening, and whilst cancer detection rates were comparable, adenoma detection

was better with colonoscopy [39].

Several additional screening modalities are also under evaluation, including colon
capsule endoscopy (CCE) and magnetic resonance colonography [40]. A randomised
trial of CCE to triage patients after positive stool testing is currently underway
[41], and CCE may prove useful for further investigation where colonoscopy is
incomplete [42].

Besides considering the clinical effectiveness of alternative screening methods,
evaluation of cost-effectiveness allows health care decision makers to assess value
for money for their populations and health systems. Health economic analyses
of CRC screening have consistently demonstrated that it is cost effective when
compared against no screening [43-45]. This may apply even in some resource
limited settings [46], though there must be sufficient resources to treat detected

cancers in this context.

Notably, beyond clinical- and cost-effectiveness, it is likely that in the future
the environmental impact of different approaches will also be considered when
prioritising screening strategies (which will require an entirely new evidence base).
The NHS and World Health Organisation have committed to rapidly decarbonising
healthcare in the UK and across the world [47, 48]. Endoscopy is a heavily resource
intensive process [49], and institutions such as the National Institute for Health
and Care Excellence (NICE) have begun to evaluate incorporating environmental

sustainability into clinical guidelines [50].
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Given the range of methods available and differing healthcare contexts, different
approaches to screening have unsurprisingly been adopted internationally. Colono-
scopic screening is invasive, time-consuming, and expensive; many countries have
therefore adopted the two-stage approach of stool testing followed by colonoscopy.
Screening for asymptomatic disease may be ‘organised’ or ‘opportunistic’ [51].
Organised screening requires the issuing of screening invitations from population-
based registries, and centralised oversight of follow-up and quality assurance. This
needs considerable infrastructural support and investment, rendering it out of reach
in many countries. Opportunistic screening is offered on a more ad-hoc basis, with
less formal oversight and more variability. Broadly, uptake of the two approaches
internationally reflects differing healthcare philosophies, with ‘socialised’ planned
approaches contrasting with free market approaches. Organised programmes aim
to improve the health of the population as a whole, whilst opportunistic screening

focuses on the health of the individual [51].

In the UK, a recognition that the screening outcomes demonstrated in RCTs
might not be achievable in a national programme led to a pilot study of gFOBT-based
bowel cancer screening to assess feasibility and effectiveness in a ‘real’ population
prior to implementation [52]. The pilot study began in 2000, recruiting almost
500,000 individuals, with an uptake of 56%, and positive predictive values of 10.9%
for cancer and 35% for adenoma [53]. This ultimately led to roll-out of the national
bowel cancer screening programme for 60-74 year olds in 2006. Evaluation after

the first million tests confirmed uptake in line with the pilot [54].

Bowel cancer screening in the UK is now devolved, and FIT was introduced
in Scotland in 2017. There have been several modifications to bowel screening in
England since its inception. Following a successful randomised trial, one-off flexible
sigmoidoscopy (‘Bowelscope’) at 55 was offered, albeit with regional variation, in
2013 [55]. Subsequently, a pilot study of FIT-based testing demonstrated improved
detection rates and uptake [56]. Health economic analysis of FIT-based screening
using this pilot data demonstrated that FIT was more cost-effective than gFOBT
at all FIT thresholds evaluated [57]. Cost savings and QALYs gained increased

12
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as the FIT threshold was lowered, but with a considerable increase in the number
of additional colonoscopies performed. FIT replaced gFOBT in 2019, resulting

in an increase in uptake from around 60% to 67%.

In 2019, The NHS Long Term Plan committed to lowering the screening age
to 50 [58], and this roll-out is currently in progress. Bowelscope was withdrawn in
2021, in part due to capacity constraints as a result of the commitment to lower the
screening age [59]. In Europe, the EU council recommended population screening of
50-74 year olds in 2003 [60]. However, implementation has been highly variable, and
by 2019 only 3 countries (Slovenia, Ireland, and France) had population screening

programmes covering this age range in place [61].

Financial resources and colonoscopy capacity are variable across the EU, as are
CRC incidence and mortality. Most countries have instigated organised screening
programmes using faecal testing, whilst others including Germany and Austria
use opportunistic colonoscopy [40]. Bowel cancer screening in the US is generally
opportunistic, though some healthcare providers do have semi-organised systems
[51]. There have, however, been clear guidelines for screening since the late 1990’s,
initially with gFOBT or sigmoidoscopy, and subsequently with colonoscopy [23, 62].
Currently the US Preventive Services Task Force guidelines recommend choosing
screening modality (stool testing, colonoscopy or CT colonography) based on patient
and organisational factors and preferences, whilst the US Multi-Society Task Force
recommend colonoscopy every 10 years or annual FIT as the modalities of choice.

In 2021 both recommended extending screening age to begin at 45 [30, 63].

Epidemiological evidence suggests that screening has reduced CRC incidence in
relevant age groups in recent years. In a recent comparison of CRC incidence, stage,
and mortality across Europe since 2000, substantial reductions in CRC ASIRs were
evident in countries with established screening programmes. Meanwhile, ASIRs
increased in most countries without screening, whilst successful implementation of

screening in this period was reflected in a peak and then fall in ASIRs [64].
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In addition to population screening, enhanced screening pathways exist for those
with higher risk based on family history, or identification of a germline mutation

in a cancer risk gene, which I will discuss further below [65].

1.2.2 Genetic risk and heritability

The extent to which genetic variation contributes to risk of complex traits is variable,
but often considerable. Colorectal cancer estimates from twin studies (evaluating
the cancer risk in sibling-pairs of monozygotic and dizygotic twins), put heritability
at between 35-40%, with a familial relative risk of 2.2 [66, 67]. Around 5% (and
perhaps as much as 10%) of CRCs overall are thought to be secondary to inherited
cancer syndromes, most commonly Lynch Syndrome, with the remaining heritable
risk accounted for by lower penetrance cancer susceptibility genes (CSGs), and
polygenic risk [68-70]. Prevalence of CSG mutation increases in early onset CRC,
at around 13% (with some estimates of up to 26% prevalence), while around 28%
have a family history of CRC (though estimates vary) [71-73].

The most common highly penetrant CSGs, APC, MLHI1, and MSH2, were
identified through familial genetic linkage studies in the late 20th century, around
the same time as the discovery of BRCAI and BRCAZ2 in breast cancer in the
“first-wave’ of cancer gene discovery [74-79]. Further linkage efforts have identified
additional causative CRC and polyposis genes, including SMAD/, BMPR1A, STK11,
PTEN, GREM1, POLE and POLD1 [80-86]. In the most recent of these discoveries,
combining linkage with next-generation sequencing (NGS) has permitted more
rapid identification of the causal variants. Candidate gene studies focusing on
DNA repair pathways have also uncovered rare causative variants such as MUTYH,
MSH6 [87, 88]. In the age of NGS, novel candidate risk genes are regularly
reported, but their pathogenicity is often far more difficult to demonstrate [79].
It is essential that pathogenicity is rigorously proven, and cases replicated, before
they are incorporated into clinical testing [89].

Hereditary CRC syndromes are broadly defined by the presence or absence of

polyposis (the presence of tens or hundreds of polyps within the colon). Most of the
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Mendelian genes identified cause polyposis, and specific genes tend to predispose to
particular polyp types, as shown in Figure 1.4 [9, 90]. The most common mutations
in non-polyposis syndrome are in mismatch repair genes (MLHI1, MSH2, MSHG6
and PMS2, or epigenetic silencing of MSH2 secondary to a 3’ deletion of EPCAM)
which causes Lynch syndrome, responsible for around 3% of CRC cases [69]. These
are dominantly inherited, though notably individuals with mutations in both copies
of a Lynch gene have congenital mismatch repair deficiency (CMMRD) and are
predisposed to colorectal polyps in addition to CRC [9].

In polyposis syndromes the most commonly affected genes are APC and MUTYH
(the latter showing recessive inheritance). Many additional rarer or less penetrant
genes have now been identified (Figure 1.4). Most recently, bi-allelic loss of
MDBY, a base-excision repair gene (not shown in the figure), has been identified
as a cause of syndromic adenomatous polyposis with uveal melanoma and acute
myeloid leukaemia [91]. Age of onset, risk of additional cancers, and non-neoplastic
characteristics vary by gene, and CRC penetrance varies, up to a 100% lifetime

risk in familial adenomatous polyposis (FAP) [68].

As shown in Figure 1.4, Mendelian CRC genes affect a number of key functional
pathways implicated in sporadic CRC pathogenesis. This includes DNA repair
(for example mismatch repair in Lynch syndrome, or proofreading errors with
POLE or POLDI1 mutations in Polymerase Proofreading Associated Polyposis);
the bone morphogenetic protein (BMP) signalling pathway which controls stem-cell
differentiation in colorectal crypts, Wnt signalling, and mTOR. Several of these
genes are commonly inactivated in somatic tumours including APC (mutated in
almost all CRCs as discussed above), MLHI (~15% of CRCs), SMAD4 (~10%),
and POLE (~2-3%) [9].

In this thesis I use genetic linkage studies to search for new risk loci for early onset
CRC and polyposis. The mechanisms of inheritance underpinning linkage studies
were first elucidated in the late 19th and early 20th century. Gregor Mendel’s seminal
paper, ‘Experiments in Plant Hybridization’, set out his principles of inheritance,

which stated that units of inheritance assorted independently. The ratios of two
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Figure 1.4: Familial colorectal cancer phenotypes, genes and affected pathways. BER,
base excision repair; DSB, double strand breaks; meth, promoter hypermethylation; MMR,
DNA mismatch repair; SAC, spindle assembly checkpoint. Figure taken from “Dominantly
Inherited Hereditary Nonpolyposis Colorectal Cancer Not Caused by MMR Genes”,
Terradas et al., DOI: 10.3390/jcm9061954, CC BY 4.0 (https://creativecommons.org/
licenses/by/4.0/)

or more phenotypes in future generations would therefore be predictable [92].
Subsequently, scientists began to note situations in which Mendelian assumptions
were broken. Bateson, Saunders, and Punnett [93] observed, in experiments crossing
sweet peas with differing petal colour and pollen grain shape, that rather than
seeing independent assortment of these characteristics, there was a marked excess
of parental phenotypes in the offspring. They hypothesised that these alleles must

be linked, but were unclear how this occurred.

Shortly after this, Thomas Hunt Morgan was experimenting with fruit flies, and
identified a highly unusual fly within his colonies with white eyes instead of red. In
crossbreeding this fly with normal flies, Morgan observed that there were no white-
eyed females among the progeny, concluding that eye colour inheritance must be
linked to sex inheritance [94]. Morgan hypothesised (building on work by Jannsens
describing interweaving and merging of chromatids during meiosis [95]) that,

“Instead of random segregation in Mendel’s sense we find ‘association
of factors’ that are located near together in the chromosomes.”

He observed that when chromosomes split, genetic material contained within
short distances would be more likely to locate on the same side, whilst for distant re-

gions segregation would be more random [96], and thus identified genetic linkage [97].
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The statistical approach of linkage analysis has been a powerful tool in genetic
mapping, determining the order of loci on each chromosome. The recombination
fraction derived from linkage was long used to describe genetic distance between
loci, a 1% recombination fraction equating to one centimorgan (cM). Following
shared genetic regions through family pedigrees (genetic linkage), identifying those
common to affected individuals, allows mapping of disease traits, and this was the

main approach to disease mapping in the latter twentieth century.

Beyond the CSGs identified through linkage studies, significant or suggestive
peaks have also been found for CRC and polyposis syndromes at 1q22—q24.2, 3q21-
24, 4q13.1, 4q21.1, 6p21.1-p12.1, 7q31, 9q22.32-31.1, 99q33.3—q34.3, 10p15.3-p15.1,
10g21.2-q23.1, 11q23, 12q24.32, 14q24.3—q31.1, 15q22.31, 18p11.2 and recessive
loci at 8q13.2 and 9q31.1 [98-111].

Over the first decade of the 21st century, there was an increasing focus on
the common disease-common variant hypothesis (this is, common phenotypes are
the result of the additive - or multiplicative - effects of many common variants
[112]), which built on classic population genetics theory [113]. Genome-wide
association studies (GWAS), which use single nucleotide polymorphisms (SNPs)
to map associations with disease phenotype, may be considered a complementary
approach to linkage in the discovery of risk loci, this time focusing on common, low
penetrance variation. In GWAS, polymorphism frequencies are compared between
cases and controls to assess association with disease (described in more detail
in Chapters 2 and 3). A locus is considered to be associated with disease at a
significance threshold of p<5x10~%. Small initial studies identified loci with the
largest effect size (with ORs typically >1.2, the “low-hanging fruit”), and as GWAS
sample size has increased, with meta-analysis of multiple studies, less common
variants and those with smaller effects sizes (OR < 1.1) have been identified. Over
the last 20 years, GWAS have identified many common loci for common diseases.

For CRC, the number currently stands at 205 [114].

Notably, most GWAS variants have no clear functional role themselves, mapping

to non-coding regions of the genome. The SNPs may exert their effects in a number

17



1. Background

of different indirect ways, with much work conducted to functionally annotate GWAS
‘hits’ over the last decade (discussed in more detail in Section 3.5). Candidate GWAS
loci tend to cluster within particular cellular pathways, highlighting mechanisms
of disease. Law et al. [115] identified BMP/TGF-$ signalling pathways, MYC-
related mechanisms, and chromosomal integrity and DNA repair genes as key

pathways in CRC pathogenesis.

Despite these efforts, a large proportion of heritability remains unaccounted
for, termed ‘missing heritability’. Dudbridge [116] argued that most of this will
be common variation with very small effect, as yet undetected by GWAS. The
most recent estimates for CRC based on GWAS data, suggest that 19% of CRC
heritability can be explained by all common variation, accounting for 73% of familial
relative risk (FRR), whilst the 205 identified CRC risk SNPs explain just 19.7% of
FRR [114]. Alternatively unidentified rare mutations with strong effects may have
a significant role [117], however recent endeavours have notably failed to identify
additional high penetrance CRC CSGs, with the proposed genes contributing a
small amount (if anything) to CRC heritability [90, 118].

Common diseases most likely display allelic and locus heterogeneity, that is, the
causative genes vary between individuals, as does the allele within a given gene [117].
Early onset CRC may also be oligogenic, as a result of the interaction of multiple
variants with moderate penetrance, which is supported by increased numbers of rare,
functionally damaging variants in genes involved in known pathways for colorectal

carcinogenesis in early onset cases [118].

1.2.3 Non-genetic risk

Recent estimates suggest that over half of CRC cases and deaths are caused by the
effects of potentially modifiable risk factors [119]. In the Global Burden of Disease
Colorectal Cancer study, the main contributors to CRC DALYs were smoking and
alcohol intake in high-income countries, and low dietary intake of milk and calcium
in Asia and sub-Saharan Africa (Figure 1.5) [2]. Relative contributions varied by

sex, with smoking, alcohol and raised BMI contributing to a higher proportion of
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global DALYs in males. The high prevalence of these life-style related risk factors
in men probably contributes to the divergence in cancer incidence between sexes
noted in Section 1.1 (indeed age-standardised CRC incidence was higher for women

than men when first reported in the 1960’s) [2, 120].

In a US study, the population-attributable fraction (PAF) for CRC was highest
for alcohol intake (17.1% in men and 8.1% in women), low physical activity (15.7% in
men and 16.8% in women) and cigarette smoking (13.5% in men and 9.7% in women).
Low fibre intake had a PAF of 9.3% and 11.3%, processed meat consumption for
10.3% and 5.8% respectively, red meat consumption for 6.6% and 3.9%, and excess
body weight accounted 5.1% and 5.4% in men and women respectively [119].

A recent umbrella review of meta-analyses of observational studies found evidence
of association for only a limited range of dietary components across eleven cancer
types [121]. Colorectal cancer was the most extensively studied, with 221 meta-
analyses, and along with breast cancer, was the sole cancer for which strong evidence
of dietary associations was found (that is, having statistically strong association and
no evidence of bias). Strong evidence was found for a positive association of CRC risk
with alcohol (summary relative risk (RR) 1.07 per 10g/day, [approximately 1 drink],
95% CI 0.83-0.90), and protective effects of dairy products (RR 0.87 per 400g/day
[approximately 2 servings|, 95% CI 0.83-0.90), seen also for milk and calcium
intake, and whole grains (RR 0.84 per 90g/day [approximately 3 servings], 95%
CI 0.78-0.90). These results are supported by the latest World Cancer Research
Fund/American Institute for Cancer Research report, ‘Diet, nutrition physical

activity and cancer’ (hereafter identified as the ‘WCRF report’ for brevity) [122].

The association of red meat (beef, lamb, pork and goat) and processed meat (pre-
served through curing, smoking, salting, or the addition of chemicals) with CRC has
been highly publicised and controversial [123]. However, the International Agency
for Research on Cancer (IARC) concluded that processed meat is ‘carcinogenic to
humans’, and red meat ‘probably carcinogenic to humans’ [124]. These associations
were judged to have suggestive evidence only in the review by Papadimitriou et al.

[121], as significance was ~1074, failing to meet their stringent threshold of 1075.
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Figure 1.5: Global and regional percentage contributions of risk factors to colorectal
cancer DALYs in 2019. Figure taken from “The global, regional, and national burden
of colorectal cancer and its attributable risk factors in 195 countries and territories,
1990-2017: a systematic analysis for the Global Burden of Disease Study 20177, GBD
2017 Colorectal Cancer Collaborators, DOI: 10.1016/52468-1253(19)30345-0, CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/)
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However in the WCRF report, processed meat had ‘convincing strong evidence’ for
an association with CRC risk, and red meat ‘probable strong evidence’ [122]. Dose-
response meta-analysis of 15 studies (31,551 cases) demonstrated a 12% risk increase

per 100g/day (RR 1.12, 95% CI 1.04-1.21, 12 70.5%, prer < 0.0001) [122, 125].

Foods high in dietary fibre also have strong suggestive evidence of a protective
effect in the WCRF report, and protective effects of calcium and dairy intake
are supported [122]. Other putative dietary risk factors with more limited sug-
gestive evidence include vegetable or fruit intake, saturated fat intake, haem-iron
containing foods, foods containing vitamin C, fish consumption, multivitamin

use, and vitamin D [121, 122].

Aside from dietary intake, other nutritional factors - attained adult height
and body fatness - have strong convincing evidence of a positive association with
CRC risk [122]. Adult height is thought to be a composite measure of nutritional,
hormonal, environmental and genetic exposures in early life. Dose-response meta-
analysis of 13 studies (65,880 cases) showed a 5% increase in CRC risk for every
5cm height increase (RR 1.05, 95% CI 1.02-1.07, I? = 90%, ppre: <0.001), with
the association maintained in analysis by sex and by site (colon and rectum) [122,
126]. A causal effect for height and body composition is supported by Mendelian
randomisation studies [127-129].

Increased levels of physical activity were also noted to be protective for colon
cancer risk (with no clear conclusion for rectal cancer) by the WCRF. Physical
activity is defined as ‘any bodily movement produced by skeletal muscles that
results in energy expenditure’ [130]. It covers all aspects of daily movement, and
can be divided into different domains: household, occupational, active travel, and
leisure. In a meta-analysis of total physical activity in 12 studies (8,396 cases),
a 20% decreased risk of colon cancer was seen in the highest compared to lowest

activity groups (RR 0.80, 95% CI 0.72-0.88, 1* 39%, prer = 0.06) [122].

Various health exposures are also associated with increased cancer risk. Most
notably, inflammatory bowel disease (ulcerative colitis (UC), and Crohn’s Disease)

increases risk for CRC secondary to persistent inflammation [131, 132]. For UC, this
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risk appears to be decreasing over time [133, 134], potentially due to improvements in
disease control and surveillance, and widening use of immunomodulators [133-137].
Whilst the UC-associated CRC risk was previously thought to be much higher than
with Crohn’s, estimates now suggest risk is broadly similar [138]. Colorectal cancer

risk is significantly higher risk if diagnosed in childhood [138-141].

Drug exposures, particularly non-steroidal anti-inflammatory drugs (NSAIDs),
may also modulate CRC risk. There is strong trial-based evidence that the use of
low dose (75mg) aspirin for five years reduces CRC incidence with a latency of 5-10
years [142, 143], and some evidence for non-aspirin NSAIDs in CRC prevention [144].
Metformin, statins, and bisphosphonates, have also been suggested in meta-analyses

to have protective effects for CRC and adenoma risk [145-150].

Other environmental exposures may also have a role in CRC risk, including
fine particular matter from air pollution (PM2.5), which has been suggested to

increase both CRC incidence and mortality [151, 152].

1.3 Risk-stratified screening

Since the pilot study of organised population screening in England over twenty years
ago, concerns have been raised about the ability of clinical services, particularly
endoscopy capacity, to cope with this workload [52, 153]. Bowel screening services
in England (and the UK more broadly) are under significant pressure. Colonoscopy
capacity has not sufficiently increased to meet increasing demand [154]. This has
been exacerbated by constraints in healthcare spending, workforce deficits, and
the COVID-19 pandemic. Screening services were temporarily suspended during
2020, and whilst bowel cancer screening uptake has been relatively resilient in terms
of recorded FIT participation (presumably because this can be done at home),
colonoscopy capacity was significantly reduced [155]. Consequently, whilst the
National Screening Committee recommended that FIT testing be introduced at
20pug/g (in line with a number of other countries), it is being introduced at 120ug/g

to avoid overwhelming screening capacity [154]. This experience is common to

22



1. Background

other programmes - the Netherlands introduced FIT at a threshold of 15 ug/g and

increased this to 47ug/g due to service pressures [156].

Over recent years the interest in ‘personalising’ approaches to cancer prevention
has grown. Stratified screening, in which the type of screening test and/or frequency
of screening is varied depending on individual risk, offers a more nuanced approach.
This focuses resources on higher risk individuals, and can potentially improve
detection rates, prevent over-investigation of those at lower risk, and improve
cost-effectiveness [157, 158]. Risk assessment in screening could also help informed

consent and shared decision making by improving participants understanding of risk.

The English National Screening Committee has recently expanded its remit to be
able to consider targeted and stratified screening programmes. Targeted screening,
that is, screening for those at higher risk for a condition (for example as a result
of a CSG mutation, or ulcerative colitis) were previously overseen by NICE, and
stratified screening was not explicitly considered. Stratified screening has become a
priority [159], with the four Chief Medical Officers of the UK now recommending

“A nationally delivered, proactive approach to screening, offering testing
which varies in frequency and modality (type of test offered), according to
the level of individual risk. This is designed to achieve a more favourable
balance of benefits and harms at individual as well as population level.

Stratified screening can be used to complement both targeted and popula-
tion screening programmes.”

UK National Screening Committee, 2022

Targeted, or ‘enhanced’, screening programmes for CRC have been in place for
some time for those at increased familial risk, and in those with CSG mutations
screening guidance is gene specific. For example, the recommended starting age for
biannual colonoscopic screening in Lynch Syndrome is 10 years earlier for MLH1
and MSH2 carriers, compared to MSH6 or PMS2 [65]. Risk-stratified screening
represents an extension to both population and targeted screening programmes,
as it is likely that some individuals at the highest level of risk would be eligible

for targeted screening based on current risk eligibility thresholds.
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Risk-based screening can be considered in two broad forms. Cross-sectional
risk-based screening predicts the risk of advanced neoplasia at the present moment,
and could be used to select individuals for colonoscopy (with or without faecal
testing). This might be especially helpful in detecting advanced adenomas, for
which faecal testing is less predictive than for cancers. Longitudinal screening on
the other hand considers future risk of advanced neoplasia, using this to guide

screening pathways, and inform participants of their risk [160].

In addition to risk stratification based on common genetic variation, there is
also an argument for incorporating screening for hereditary CSGs (in particular for
Lynch genes MLHI and MSH2) into population genetic testing [79]. Identification
of specific mutations facilitates cascade-testing of other family members, and risk-
reduction guidance, generally carried out through specialised familial cancer clinics.
In hereditary CRC syndromes, risk reduction may include colonoscopic surveillance,
often from a young age (for example 12-14 years in FAP), pharmacoprevention
with aspirin in Lynch syndrome, or prophylactic surgery [65].

Lynch syndrome is relatively common, identified in 2-3% of unselected CRC cases
and 16% of MMR-deficient cases, many of whom do not meet traditional testing
criteria such as the Bethesda guidelines [161-163]. Screening for Lynch syndrome
is now recommended in all sporadic CRCs [164]. The population prevalence of
Lynch syndrome is estimated to be around 1:280 [165]. Just 10% of prevalent
carriers are thought to have been identified, and even with testing of cancers, it
could take decades to identify all of these families [79]. Clinical and financial
arguments for population screening for CSGs are currently being evaluated, with

studies in breast cancer leading the way [166, 167].

1.4 Predicting colorectal cancer risk

Risk prediction models in healthcare aim to predict the likelihood or absolute risk
of an individual developing a given condition. Uses of these models include guiding
prevention measures, such as screening or chemoprevention, directing therapeutic

decision making, or guiding monitoring and follow-up strategies [168]. Thousands
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of risk prediction models have been developed across many phenotypes, yet few
are used in practice, in part because of a lack of external validation studies [169].
Royston et al. [170] note that to be useful clinically, a risk model should be
reliable, accurate (that is, they should have good discriminative ability and be well
calibrated), be generalisable, and be demonstrated to be clinically effective. Clear
guidelines now exist for the development and reporting of clinical risk prediction

models, and of PRS specifically [168, 171].

1.4.1 Non-genetic risk models

The earliest models for CRC incorporated non-genetic risk factors. Usher-Smith
et al. [172] and Smith et al. [173] undertook systematic reviews of non-genetic
risk prediction models, and externally validated these in UK Biobank (UKB) and
The European Prospective Investigation into Cancer and Nutrition (EPIC) cohorts
respectively. Thirteen studies were included, the majority developed in Europe or
the US, summarised in Table 1.2 [174-185]. Many of these contained well-recognised
epidemiological risk factors discussed above.

Some studies performed very poorly in external validation (this is, no better than
chance), while the top-performing models were the QCancer-10 (Colorectal Cancer)
models for males and females, with a C-statistic of 0.70 in men and 0.66 in women

[172, 182]. The lower performance in women is echoed in several of the other studies.
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Table 1.2: Non-genetic risk models validated in UK Biobank (based on Tables in Usher-Smith et al. [172] and Smith et al. [173]). Smith et
al. also included models which are not included here as they were for right sided cancer in men and rectal cancer in women only. In addition
the Steffen et al. [184] paper also included models for colon and rectal cancer separately; only the CRC model is included here.

Study

Population

Predictors

UKB UsherSmith

UKB Smith

EPIC Smith

Reference

Colditz (M)
Colditz (F)

Driver
Freedman (M)
Freedman (F)
Guesmi
Hippisley-Cox &
Coupland (M)

Hippisley-Cox &
Coupland (F)

Johnson (M)
Johnson (F)

Ma (M, Cox
Regression)

Ma (Simple score)
Steffen

Taylor

Tao (M)

Tao (F)
Wei (M)

Wei (F)
Wells (M)

Wells (F)

USA
USA
USA
USA
USA

Tunisia
UK

UK

Worldwide
Worldwide
Japan
Japan
European
USA
Germany
Germany
China

China
USA

USA

Education, BMI, FHx, screening, IBD

Education, BMI, FHx, screening, IBD, oral
contraceptives, HRT
Age, BMI, smoking, alcohol
Ethnicity, BMI, FHx, colonoscopy
Ethnicity, BMI, FHx, colonoscopy
Age, meat, milk
Age, Townsend, ethnicity, BMI, smoking, alcohol, FHx,
UC, polyps,diabetes, lung cancer, blood cancer, oral
cancer
Age, ethnicity, smoking, alcohol, FHx, UC, polyps,
diabetes, breast cancer, ovarian cancer, uterine cancer,
cervical cancer
BMI, physical activity, smoking, alcohol, HRT, aspirin,
processed meat, red meat, fruit, FHx, IBD
BMI, physical activity, smoking, alcohol, HRT, aspirin,
processed meat, red meat, fruit, FHx, IBD
Age, BMI, smoking, alcohol, physical activity

Age, BMI, smoking, alcohol, physical activity
Age, sex, BMI, smoking, alcohol, diabetes, screening
Age, FHx
Age, sex, FHx, smoking, alcohol, NSAIDs, colonoscopy,
polyps, red meat
Age, sex, FHx, smoking, alcohol, NSAIDs, colonoscopy,
polyps, red meat
BMI, smoking, alcohol, FHx
BMI, smoking, alcohol, FHx
Age, ethnicity, smoking, alcohol, education, BMI, FHx,
diabetes, aspirin, multivitamin, red meat, physical
activity
Age, ethnicity, smoking, alcohol, education, BMI, FHx,
diabetes, NSAID, multivitamin, oestrogen

0.68 (0.66-0.70)
0.5 (0.48-0.53)
0.67 (0.66-0.69)
0.64 (0.61-0.66)
0.59 (0.56-0.61)

0.65 (0.63-0.66)
0.7 (0.69-0.72)

0.66 (0.64-0.68)

0.49 (0.47-0.51)
0.5 (0.48-0.52)
0.69 (0.68-0.71)
0.68 (0.67-0.70)
NA
NA
0.69 (0.67-0.70)
0.63 (0.61-0.65)
0.51 (0.49-0.53)

0.49 (0.47-0.51)
0.61 (0.59-0.64)

0.64 (0.62-0.66)

0.68 (0.66-0.70)
0.63 (0.60-0.65)
0.68 (0.67-0.69)
0.6 (0.58-0.62)
0.58 (0.56-0.61)

NA
NA

NA

NA
NA
0.69 (0.68-0.71)
NA
0.68 (0.67-0.69)
0.67 (0.66-0.68)
NA
NA
NA

NA
0.69 (0.67-0.71)

0.62 (0.60-0.64)

0.67 (0.64-0.70)
0.65 (0.62-0.69)
0.67 (0.64-0.70)
0.61 (0.59-0.63)
0.58 (0.56-0.60)

NA
NA

NA

NA
NA
0.68 (0.65-0.70)
NA
0.68 (0.65-0.71)
0.67 (0.65-0.69)
NA
NA
NA

NA
0.7 (0.67-0.73)

0.67 (0.65-0.70)

Colditz, Cancer Causes Control,
2000
Colditz, Cancer Causes Control,
2000
Driver, Am J Med, 2007
Freedman, J Clin Oncol, 2009
Freedman, J Clin Oncol, 2009
Guesmi, Tunisie Medicale, 2010
Hippisley-Cox, BMJ Open, 2015

Hippisley-Cox, BMJ Open, 2015

Johnson, Cancer Causes Control,
2013

Johnson, Cancer Causes Control,
2013

Ma, Cancer Epidemiology, 2010

Ma, Cancer Epidemiology, 2010
Steffen, PLOS ONE, 2013
Taylor, Genet Med, 2011

Tao, Clin Gastroenterol Hepatol,

2014
Tao, Clin Gastroenterol Hepatol,
2014
‘Wei, World J Gastroenterol, 2009
‘Wei, World J Gastroenterol, 2009
Wells, J Am Board Fam Med,
2014

Wells, J Am Board Fam Med,
2014

UKB - UK Biobank; M - male; F - female BMI - body mass index; FHx - family history; IBD - inflammatory bowel disease;
HRT - hormone replacement threapy; UC - ulcerative colitis; NSAIDs - non-steroidal anti-inflammatory drugs; NA - Not applicable
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These external validation studies were the most up to date in the literature
at the time I began model development. Since then, several additional prediction
models have been published. Guo et al. [186] developed a simple scoring system to
predict 10-year CRC risk in a large Chinese cohort, including age, alcohol intake,
diabetes, occupational sitting time, and waist circumference, with an internally
validated an area under receiver operating characteristic curve (AUROC) of 0.66.
A model for women developed in the US Women’s Health Initiative study including
age, ethnicity, family history, smoking history, weight, waist circumference, aspirin
use, and a measure of general health, (with variables chosen a priori) achieved an

AUROC of 0.67 for 5 year risk in split sample geographic validation [187].

Some studies focused on modifiable lifestyle factors with the aim of facilitating
behaviour change [188]. Usher-Smith et al. [189] developed a lifestyle model including
physical activity, BMI, alcohol, smoking, red and processed meat, vegetable and
fruit intake, with effect sizes derived from published meta-analyses. Validation of
their model in the EPIC-Norfolk cohort demonstrated an AUROC of 0.66 and 0.68
in men and women in predicting 10-year risk. Aleksandrova et al. [188] developed a
lifestyle-based time-to-event model, the LiFeCRC score, utilising the EPIC cohort of
19-70 year olds, again predicting 10-year CRC risk, and with split-sample validation
in a subset of the dataset. The study has the advantage of a large and highly
phenotyped dataset, and is one of few models to include height, which is a strong
predictor (and is easily quantified). This model achieved a Harrell’s C-index (a
measure of the ability to correctly discriminated cases from controls, see Section
2.8.8) of 0.71 overall. They also examined performance across age groups and
found their model to have strongest performance in <45 year olds, concluding that
this may be an optimal time for intervention.

Several studies have looked specifically at risk prediction during bowel screening,
largely evaluating a cross-sectional approach. A 2018 systematic review and
meta-analysis with 17 risk scores for individuals undergoing screening colonoscopy,
including at least age, sex, and other risk factors or laboratory tests, reinforced

that most had weak discrimination, with a maximum C-statistic of 0.70 in the
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meta-analysis [190], and maximum AUROCS of 0.61 and 0.65 on external validation
[191]. Kaminski et al. [192] developed a logistic regression model to predict advanced
neoplasia in a large screening cohort of 40-66 year old patients, including age, sex,
family history, cigarette smoking and BMI, but this again discriminated cases from

controls relatively poorly, with a C-statistic of 0.62.

Imperiale et al. [193] evaluated a large number of sociodemographic, lifestyle
and medical predictors in a model for advanced neoplasia in a cohort of 50-80 year
olds undergoing first round of screening colonoscopy at various centres in Indiana.
In random split sample validation, they obtained a relatively high C-statistic of 0.78.
However several aspects of the study are methodologically flawed. Categorisation of
most predictors leads to loss of information, and evaluation of a number of potential
cut-points is likely to lead to over-fitting and over-estimation of performance. In
addition, the high number of parameters considered relative to the number of cases
(with an event-per-parameter <10), and use of random split-sample validation,
mean the study is likely underpowered to reach firm conclusions about performance

[194]. This level of performance may well therefore not be achieved in other cohorts.

In the context of a two-step screening process, the addition of demographic,
medical or lifestyle data to the faecal test alone can improve test performance,
particularly for the detection of advanced adenomas. Simply adding age and gender
results in small improvements in advanced neoplasia detection [195], whilst the
addition of a family history questionnaire to FIT testing failed to improve detection
rates [196]. A risk prediction model including age, family history, and total calcium
intake, alongside FIT, improved discrimination for advanced neoplasia compared
to FIT alone (AUROC 0.76 compared to 0.69), and increased sensitivity [197].
Adding standard screening data (age, sex, screening history, and index of multiple
deprivation score) to FIT (at a threshold of 160pg/g) increased the AUROC from
0.63 to 0.66, and increased sensitivity for advanced neoplasia, driven entirely by
higher detection rates of advanced adenomas [198]. In an extension of this study,
Cooper et al. [199] used GP data to develop a risk score for CRC diagnosis within
a 2 year screening round following gFOBT in a UK-based screening cohort. The
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model including gFOBT result with of age, sex, family history of gastrointestinal
cancer, alcohol consumption, smoking status, IBS diagnosis, previous negative
FOBT tests, and whether they had had a blood test via the GP, resulted in a
C-statistic of 0.86 on internal validation. Compared to gFOBT only, the model

increased sensitivity from 53.9% to 58.8%.

Many models are methodologically weak based on TRIPOD guidelines, with
small sample sizes [200, 201], and extensive categorisation of data [187, 192, 202],
and with few exceptions they have generally failed to improve on the performance of
earlier models. I have discussed discrimination here, but notably other measures such

as explained variation and calibration are important, and often poorly reported [168].

At least one clinical trial has assessed a risk-based approach to screening. The
Asia-Pacific Colorectal Screening (APCS) Score [203], which incorporates age, sex,
first-degree family history, BMI, and smoking, has been evaluated in the TARGET-C
trial. This compared one-time colonoscopy, annual FIT (with threshold of 4pg/g),
and annual risk-adapted screening in almost 20,000 Chinese screening participants.
The risk-adapted approach divided participants into low or high risk groups, who
subsequently underwent FIT or colonoscopy respectively. Whilst there was no
significant difference in CRC detection rates among the three groups in intention-
to-screen analysis, risk-adapted screening overall significantly increased detection
rates for advanced neoplasia compared to FIT (OR 1.49, 95% CI 1.13-1.97), though
DR was highest in the colonoscopy group. However, in the high risk group the
detection rate for advanced neoplasia was greater than for the colonoscopy group

(OR: 1.72, 95% CI 1.20-2.48) [204].

1.4.2 Polygenic risk scores

With the discovery of an increasing number of risk SNPs for common diseases
through GWAS came the recognition that these might be used to assess genetic
predisposition. Over the last 20 years, a huge amount of work has been devoted to
the development of polygenic risk scores (PRS, also called genomic risk scores, GRS).

Typically, PRS summarise individual risk based on the summation of risk allele
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counts, weighted by their effect sizes. Whilst the effect of each SNP can be very

small, the summary score can be strongly associated with the phenotype in question.

Initially, PRS included only GWAS-significant SNPs, but a growing body of
evidence suggests that better predictive performance can be achieved beyond those
SNPs reaching these thresholds, including the many common, small effect variants
not yet detected by GWAS [171, 205, 206]. The development of methodologies
evaluating which SNPs ought to be included, and how to weigh them to obtain
optimal performance, is a highly active field of research [207-212]. Recently there
has been a push towards clinical implementation, and the emergence of direct-to-
consumer PRS testing, with which individuals can obtain genetic risk estimates
outside of healthcare settings. In light of this, efforts are now being made to
standardise PRS conduct and reporting, to improve a currently heterogeneous

evidence base [171, 213].

The majority of CRC PRS studies to date have included genome-wide significant
SNPs only, increasing in number as GWAS sample size increased, and are listed
in Table 1.3 [157, 214-231]. These have largely been conducted in European
populations, with several in East Asian populations. Many early CRC PRS were
externally validated in UK Biobank by Saunders et al. [215], demonstrating improved
performance as more SNPs were included. Notably, the predictive performance
of PRS remains poor, with a maximum AUROC of 0.65 in the genome-wide

LDpred model [228].
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Table 1.3: Published polygenic risk scores for colorectal cancer. AUROCSs are largely taken from the external validation study in UK
Biobank by Saunders et al. [215], which were not adjusted for co-variates, and are presented for males and females. The Fritsche et al. [219]
PRS has not been externally validated and shows derivation performance in UK Biobank (adjusted for age, sex, principal components, and
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cohort). The Thomas et al. [228] PRS were validated in the GERA cohort (US) and adjusted for age and sex.

Study Derivation Population SNPs Base data PRS method AUROC (Males; Females)

Abe 2017 Japan 11 Published European and Asian GWAS GWAS-sig, unweighted allele count  0.55 (0.54-0.56); 0.55 (0.53-0.56)

Dunlop 2013 North American, 10 Published European GWAS GWAS-sig, unweighted allele count  0.56 (0.55-0.57); 0.57 (0.55-0.59)
European, Australia

Frampton 2016 UK 37 Published European GWAS GWAS-sig, weighted allele count 0.55 (0.53-0.56); 0.55 (0.54-0.57)

Fritsche 2020 UK (Biobank) 87 Huyghe 2019 summary statistics P+T, weighted allele dosage 0.62 (0.60-0.63) (d)

Fritsche 2020 UK (Biobank) 27 Published European GWAS P+T, weighted allele dosage 0.57 (0.55,0.58) (d)

Kachuri 2020 103 Huyghe 2019 summary statistics GWAS-sig, weighted allele count 0.716

Hosono 2016 Japan 6 Published European GWAS GWAS-sig, unweighted allele count  0.54 (0.53-0.55); 0.53 (0.52-0.55)

Hsu 2015 USA and Germany 31 Published European GWAS GWAS-sig, weighted allele count 0.57 (0.55-0.58); 0.58 (0.57-0.6)

Huyghe 2019 European (91.7%) and 120 European and Asian GWAS meta-analysis GWAS-sig, weighted allele count 0.64 (0.61-0.66); 0.62 (0.59-0.64)
East Asian (8.3%)

Ibanez-Sanz 2017 Spain 21 Published European GWAS GWAS-sig, unweighted allele count  0.55 (0.54-0.57); 0.56 (0.54-0.58)

Iwasaki 2017 Japan 6 Published European and Asian GWAS GWAS-sig, weighted allele count 0.54 (0.53-0.55); 0.53 (0.52-0.55)

Jenkins 2016 Australia, Canada, USA 49 Published European GWAS GWAS-sig, weighted allele count 0.57 (0.55-0.58); 0.57 (0.55-0.58)

Jeon 2018 Australia, Canada, 63 Published European and Asian GWAS GWAS-sig, weighted allele count 0.58 (0.57-0.6); 0.58 (0.57-0.6)

Germany, Israel, and USA

Li 2020 116 European GWAS meta-analysis GWAS-sig, weighted allele count 0.60 (0.59-0.61)

Smith 2018 UK 41 Published mainly European GWAS GWAS-sig, weighted allele count 0.56 (0.55-0.58); 0.57 (0.56-0.59)

Thomas 2020 USA 140 Huyghe 2019 European data GWAS-sig, weighted allele dosage 0.629 (0.613-0.645)

Thomas 2020 USA 10,000 Huyghe 2019 European data Penalised ridge regression 0.633 (0.617-0.648)

Thomas 2020 USA 1,180,765 Huyghe 2019 European data LDpred (Bayesian) 0.654 (0.639-0.669)

Wang 2013 Taiwan 16 Published Asian GWAS GWAS-sig, logistic regression 0.51 (0.49-0.52); 0.50 (0.48-0.52)

Xin 2018 China 14 Published European or Asian GWAS GWAS-sig, unweighted allele count  0.54 (0.53-0.56); 0.53 (0.52-0.55)

Yarnall 2013 UK 14 Published European GWAS GWAS-sig, weighted allele count 0.56 (0.54-0.57); 0.55 (0.54-0.57)

GWAS-sig - genome-wide association study significant SNPs; P4+T - Pruning and thresholding; d - derivation study



1. Background

Increasing sample sizes for GWAS will improve the accuracy of PRS [116, 232].
The small effect sizes of known GWAS variants, contrasting with larger estimates of
heritability for many complex diseases, indicate that there are likely thousands of
variants of small effect sizes which are as yet unidentified, and which may require

very large GWAS sample sizes to detect [233].

However, there are limitations to the extent to which genotyped SNPs are able
to account for genetic risk. As discussed above, the SNPs in a genome-wide tag-SNP
chips are not usually the causative variants themselves, but are in LD with these
variants (hence, tag-SNPs). These typically represent SNPs with relatively common
alleles, and therefore will not tag SNPs with very rare allele frequencies. Variants
with large effects on fitness will be driven to have a low minor allele frequency
through natural selection [232]. It is estimated that with imputation, around 90% of
low-frequency variants are covered [206], however inevitably some rare variants with
a significant effect on risk will not be captured in a GWAS discovery population,
and PRS will be unable to capture all genetic risk.

Despite assumptions that adding rarer variants with potentially large effects to
prediction models would improve performance, this is not necessarily the case. Al-
though rare variants are now more readily identifiable with large sequencing projects
[234], and could improve variation accounted for closer towards total heritability
[232], modelling suggests the addition of such variants to a polygenic model is likely
to have minimal impact on PRS performance at a population level [235].

Despite the profusion of PRS studies, few are approaching clinical implementation
[171]. Recent PRS have been shown in a number of phenotypes to perform sufficiently
to identify individuals with risk equivalent to those with monogenic conditions, or
at a level equivalent to an individual with a family history which would warrant

enhanced screening [228, 236].

1.4.3 Integrated risk models

As discussed above, given the a priori limitations of the ability of PRS to predict

genetic risk, and the significant non-heritable portion of variation in overall risk,
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1. Background

it would seem logical that utilising both genetic and non-genetic factors in risk
prediction would give superior predictive performance. In particular, while genetic
risk is unchanged throughout an individual’s lifetime, for age-associated conditions

such as CRC, age-specific predictions are important.

Integrated models combine both genetic and environmental risk predictors [171].
A number of studies have evaluated integrated models for a range of phenotypes,
and generally found combined models to be superior to PRS alone (Table 1.4)
[215, 217, 218, 220, 223-227, 231, 237].

Notably, age and sex show by far the greatest influence - many PRS studies
adjust performance for age and sex, and realistically it seems unlikely that PRS
would be implemented without integrating these simple predictors. In a further
study by Kachuri et al. [238], the C-statistic for their 116-SNP age- and sex-adjusted
PRS was identical to that of the model including all risk factors (family history,
smoking, alcohol, diet, physical activity, body fatness, colonoscopy history). Adding
the PRS to the non-genetic risk model (including age and sex) increased the C-
statistic by 0.03, suggesting that in this study the risk factors beyond age and sex
had little influence. The incremental benefit of adding PRS in this multi-cancer
study was greater for cancers with fewer environmental risk predictors, such as

testicular and thyroid cancers [238].
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Table 1.4: Integrated risk models for colorectal cancer from the external validation study in UK Biobank by Saunders et al (2020), showing
AUROC for PRS alone (not adjusted for co-variates) compared to models including PRS and non-genetic risk factors (NGRF). Reprinted
from Cancer Prevention Research, 2020, 13(6), 509-520, Saunders et al., External Validation of Risk Prediction Models Incorporating

Common Genetic Variants for Incident Colorectal Cancer Using UK Biobank, with permission from AACR.

Males Females
Study PRS SNPs Non-genetic predictors PRS PRS+NGRF PRS PRS+NGRF
Abe 2017 11 Age, sex, FHx, BMI, smoking, referral 0.55 (0.54-0.56)  0.71 (0.69-0.74)  0.55 (0.53-0.56)  0.67 (0.64-0.7)
pattern, alcohol, exercise, dietary folate
Dunlop 2013 10 Age, sex, family history 0.56 (0.55-0.57)  0.67 (0.66-0.69) 0.57 (0.55-0.59)  0.64 (0.62-0.66)
Hosono 2016 6 Age, FHx, BMI, smoking, referral pattern, 0.54 (0.53-0.55) 0.7 (0.69-0.72)  0.53 (0.52-0.55) 0.66 (0.64-0.67)
alcohol, exercise, dietary folate
Ibanez-Sanz 2017 21 FHx, BMI, alcohol, exercise, red meat, 0.55 (0.54-0.57)  0.58 (0.56-0.59)  0.56 (0.54-0.58)  0.53 (0.52-0.55)
vegetable intake, NSAIDs and aspirin
Iwasaki 2017 6 Age,FHx, BMI, alcohol 0.54 (0.53-0.55)  0.62 (0.6-0.63)  0.53 (0.52-0.55)  0.56 (0.54-0.58)
Jenkins 2016 49 FHx 0.57 (0.55-0.58)  0.58 (0.56-0.59)  0.57 (0.55-0.58)  0.56 (0.54-0.58)
Jeon 2018 63 Men and women separately. BMI, smoking, 0.58 (0.57-0.6) 0.6 (0.57-0.62)  0.58 (0.57-0.6)  0.59 (0.56-0.63)
height, education, diabetes, alcohol, aspirin,
NSAIDs, smoking, fibre, calcium, processed
meat, red meat, fruit, vegetables, total
energy, physical activity, HRT
Smith 2018 42 Age, FHx, BMI, smoking, diabetes, 0.56 (0.55-0.58) 0.7 (0.68-0.71)  0.57 (0.56-0.59) 0.65 (0.63-0.66)
multivitamins, education, alcohol, physical
activity, NSAIDs, red meat, smoking,
oestrogen use
Yarnall 2013 14 FHx, BMI, alcohol, fibre, red meat, physcial ~ 0.56 (0.54-0.57)  0.59 (0.57-0.6)  0.55 (0.54-0.57)  0.54 (0.53-0.56)

activity
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1. Background

1.5 Conclusion

In this chapter I have summarised the background to CRC and its prevention
through screening. I have also discussed our current understanding of the genetic
and non-genetic aetiologies of CRC, and our ability to predict CRC risk using risk
prediction models. In the next chapter I will summarise the main methodologies used

in this thesis, prior to presenting the results of this research in subsequent chapters.
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Methods

This chapter presents an overview of the datasets and methodologies used in this

thesis, and the rationale for choice of these.

2.1 Ethics

Collection of samples and clinical and pathological data from patients was completed
with written informed consent. All studies were approved by relevant ethical review
boards at respective study centres. UK National Cancer Research Network Multi-
Research Ethics Committee approvals by study are as follows: CoRGI - 17/SC/0079,
VICTOR/QUASAR2 - ORECB/05/Q1605/66, SCOT - 07/S0703/136, NSCCG -
02/0/097, SOCCS - 01/0/50, Generation Scotland-Scottish Family Health Study
- 05/51401/89, Lothian Birth Cohorts 1921 - LREC/1998/4/183, Lothian Birth
Cohorts 1936 - 2003/2/29. The CORSA study was approved by the ethical review
committee of Medical University of Vienna (MUW, EK Nr. 703/2010) and the
Ethikkommission Burgenland (KRAGES, 33/2010). Finnish studies were approved
by the Finnish National Supervisory Authority for Welfare and Health, National
Institute for Health and Welfare (THL/151/5.05.00/2017), the Ethics Committee
of the Hospital District of Helsinki and Uusimaa (HUS/408/13/03/03/09). The
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2. Methods

PoBI study was approved by Leeds (West) Ethics Research Ethics Committee
(05/Q1205/35).

The UK Biobank study has ethical approval from the North West Multi-centre
Research Ethics Committee (06/MRE09/65). The work presented here was carried

out under Biobank application number 8508.

2.2 GWAS datasets

For the genome-wide association study and subsequent meta-analysis undertaken in
Chapter 3, 15 case-control cohorts were used. Five primary GWAS were analysed
(SCOT, NSCCG-OncoArray, SOCCS/GS, SOCCS/LBC, UK Biobank), and meta-
analysed with 10 previously published GWAS. I performed sample processing (see
Section 2.6), genotyping and QC of the SCOT study (described below and in
Chapter 3), and evaluated the use of the People of the British Isles (PoBI) study
as a control dataset; ultimately The Heinz Nixdorf Recall Study provided controls
for the SCOT cohort. Each of these studies is described below.

2.2.1 SCOT

The Short Course Oncology Treatment (SCOT) trial [239] was an international
clinical trial of 3 versus 6 months of adjuvant oxaliplatin chemotherapy treatment
for individuals with high risk stage II or stage III CRC, from which 3076 cases
were included in GWAS. In the final GWAS, 4349 cancer-free control individuals
were identified from The Heinz Nixdorf Recall study [240], a population-based
cohort study of risk stratification for cardiac events. Both studies were genotyped

on Illumina’s Global Screening Array.

2.2.2 PoBI

The People of the British Isles (PoBI) study [241, 242] was designed to provide a UK
control population, and further our understanding of fine-scale genetic population
structure by collecting information for a cohort of individuals living in rural locations

in the UK, with all four grandparents living in approximately the same location.
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Samples were collected from 4371 individuals, with 2886 genotyped as part of the
WTCCC2 study on the Illumina Human 1.2M-Duo chip.

2.2.3 NSCCG-OncoArray

Cases for this GWAS were obtained from two studies: the National Study of
Colorectal Cancer Genetics (NSCCG, n = 6240) [243], and the Colorectal Tumour
Gene Identification (CoRGI, n = 1041) consortium [244]. This dataset is enriched for
genetic predisposition to CRC: cases had CRC under 58 years of age, or had family
history of CRC in at least one first-degree relative. Controls for this study were
from two studies: 3031 men from the PRACTICAL Consortium recruited to the
UK Genetic Prostate Cancer Study (UKGPCS), and the 4488 women recruited to
studies from the Breast Cancer Association Consortium (BCAC), all of whom were

cancer free [245, 246]. All samples were genotyped on Illumina’s OncoArray chip.

2.2.4 SOCCS/GS

Cases for this GWAS were obtained from the Study of Colorectal Cancer in Scotland
(SOCCS, n = 4772), a population-based series of incident CRC cases diagnosed
under 80 years [247, 248]. Cancer-free population-based controls were taken from
two studies: 2221 from SOCCS, and 9937 from Generation Scotland-Scottish Family

Health Study [249]. Genotyping was performed on custom Illumina Infinium arrays.

2.2.5 SOCCS/LBC

An additional 1037 cases from the SOCCS study (n = 1037) were analysed in
the SOCCS/LBC GWAS, with cancer-free population based controls from the
Lothian Birth Cohorts from 1921 and 1936 [250]. Genotyping was performed on

custom Illumina Infinium arrays.

2.2.6 CCFR1 and CCFR2

The CCFR1 GWAS includes 1290 familial CRC cases and 1055 controls taken
from the Colon Cancer Family Registry (CCFR) [251]. This is a US consortia

38



2. Methods

recruiting from 6 different sites. Most cases are diagnosed at a young age or have
a positive family history, with unrelated controls matched on age and sex. The
CCFR2 GWAS includes an additional 796 CCFR cases. Controls were from the
Cancer Genetic Markers of Susceptibility (CGEMS) studies investigating risk of
prostate and breast cancer (n = 2236) [252]. Both datasets were genotyped on

[Numina Omni-express, HaplM, or Hap1M-Duo arrays.

2.2.7 COIN

COIN cases (n = 2244) were taken from two clinical trials, COIN and COIN-B.
The COIN phase 3 trial compared continuous versus intermittent chemotherapy
in patients with advanced colorectal cancer, while COIN-B was a phase 2 trial
evaluating intermittent chemotherapy with cetuximab [253, 254]. Cases were
genotyped on Affymetrix Axiom arrays. Controls for this GWAS (n = 2162) were
from UK Blood Service Control Group, which formed part of the WTCCC2 study

and were genotyped on the Illumina Human 1.2M-Duo chip [255].

2.2.8 CORSA

The CORSA (COloRectal cancer Study of Austria) study includes 978 sporadic
CRC cases and 855 controls with no lesions on colonoscopy recruited from four
different Austrian hospitals [256]. This study was genotyped on the Affymetrix
Axiom Genome-Wide CEU 1 array.

2.2.9 Croatia

The Croatia GWAS dataset includes 764 CRC cases and 460 population-based
controls [257]. Samples were genotyped on the Illumina OmniExpressExome

BeadChip 8v1.1 or 8v1.3 arrays.

2.2.10 DACHS

DACHS (Darmkrebs: Chancen der Verhiitung durch Screening) is a population-

based case-control study based in South-West Germany, including individuals over
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30 years of age with first diagnoses of CRC, with controls randomly selected from
population registries [258]. From this, 1195 cases and 700 controls were included

in GWAS. Genotyping was performed on the Illumina OncoArray.

2.2.11 FIN

The FIN GWAS included 1172 Finnish cases and 8266 controls gathered through
the Helsinki Birth Cohort, Finnish Twin Cohort, FINRISK, and Health 2000 studies
[259]. Cases were genotyped on Illumina HumanOmni 2.5M8v1 arrays; controls

on Illumina HumanHap 610k or 670k arrays.

2.2.12 UK1

This GWAS includes 940 CRC cases and 965 controls from the CoRGI consortium
[244, 248]. All cases had a first degree relative with CRC and either: CRC
diagnosed under age 75; a large or aggressive colorectal adenoma, or three or
more adenomas, diagnosed under age 75; or any colorectal adenomas under age
45. Controls were partners or spouses without personal or first- or second-degree
family history of CRC. Samples were genotyped on Illumina Hap240S, Hap300,
Hap370, Hap550 or Omni2.5M arrays.

2.2.13 Scotlandl

The Scotland1l GWAS includes 1012 early-onset CRC cases (diagnosed at 55 years
of under) and 1012 age, sex and geographically matched population controls [248].
Hereditary cancer syndromes were excluded (polyposis syndrome, Lynch syndrome,

or bi-allelic MUTYH mutation carriers). Genotyping was performed on Illumina

Hap240S, Hap300, Hap370, Hapb550 or Omni2.5M arrays.

2.2.14 VQ58

Cases from the VQ58 study were from two UK trials of adjuvant chemotherapy-
VICTOR [260] and QUASAR2 [261] (n = 1800). Controls were taken from the
Wellcome Trust Case Control Consortium 2 (WTCCC2) 1958 birth cohort (n =
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2690) [262]. VICTOR and QUASAR 2 were genotyped on Illumina Hap240S,
Hap300, Hap370, Hapb50 or Omni2.5M arrays; the 1958 birth cohort was genotyped

on the Illumina Human 1.2M-Duo Custom array.

2.3 Whole genome sequencing datasets
2.3.1 WGS500

Sixty-five genomes from CRC patients were sequenced as part of the WGS500
programme, an early large-scale sequencing project which aimed to sequence 500
individuals with diverse genetic disorders [263]. Examination of 15 of these genomes

led to the discovery of POLE and POLDI as cancer susceptibility genes [86].

2.3.2 CGI-196

The 196 individuals sequenced in the Complete Genomics project were all CRC
cases identified within CoRGI, who had been diagnosed under the age of 55, and
had at least one first-degree relative with CRC [264]. Complete Genomics software

was used to sequence and call these genomes [265].

2.3.3 Illumina-215

The individuals sequenced as part of the Illumina-215 project were ascertained
through CoRGI. All had at least 5 adenomas, or CRC at <65 years of age, or were

first-degree relatives of individuals with these phenotypes.

2.4 The UK Biobank dataset

UK Biobank is a well validated data source, described in detail in Fry et al. [266]
and Bycroft et al. [267]. Just over 500,000 participants were recruited through 20
centres across the UK (2006 and 2010), representing 5.5% of invitees. Baseline
demographics, medical, lifestyle and physical data, and blood samples, were collected
at recruitment. Follow-up through linked hospital and registry data is ongoing. A

detailed description of the dataset is presented in Chapter 4.
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2.5 QCancer-10 (Colorectal Cancer) risk model

Given the existence of many models for CRC, there is a strong argument for
updating an existing model rather than generating a new combined model. As
discussed in Section 1.4.1, at the time of beginning my modelling work QCancer-10
(Colorectal Cancer) was the top-performing model in external validation in UKB,

and I therefore used this as the basis for my combined model.

The QCancer-10 models [182] are a set of risk prediction algorithms for 11
common cancers, including colorectal cancer, which use Cox regression models to
generate 10-year absolute risks from routinely available primary care data. They were
developed with the aim of identifying high risk individuals in the population to whom
prevention could be targeted. The dataset used in development was the QResearch
database, which contains pseudonymised data on patients from 750 primary care
practices using the Egton Medical Information Systems (EMIS) computer system
across the UK linked to cancer and mortality registries and hospitals admissions

data [268]. The model for CRC has now been extended to 15 years of follow-up.

Patients aged 25-84, registered between January 1st 1998 and September 30th
2013 with English practices which had been using EMIS for at least a year were
included. Individuals with no postcode-based Townsend score (a measure of
population deprivation which takes into account unemployment, non-car ownership,
non-home ownership, and household overcrowding, recorded for each individuals
postcode [269]), and those with a prior history of the cancer in question were excluded.
565 practices (4.96 million patients) were included in the model derivation cohort,
with 188 practices (1.64 million patients) in the randomly allocated validation
cohort. Cases were identified through coding in any of general practice (GP) data,
cancer registry, mortality registry or hospital data records.

Separate models were developed for men and women for each cancer. The
potential predictors included in the model (listed in Table 2.1) were identified
through existing literature or listed on the Cancer Research UK website, and

were those readily found in GP records or known by patients. Many of these
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Table 2.1: QCancer-10 (Colorectal Cancer) variables and additional candidate predictors
considered in model development. F: included in women’s model only; M: included in
men’s model only; BMI: body mass index; HRT: hormone replacement therapy

QCancer-10 variables Additional variables considered
Age Type 1 diabetes

Townsend deprivation score (M) Manic depression or Schizophrenia
BMI (M) Antipsychotics at baseline

Ethnic Group HRT at baseline (F)

Smoking Status Oral contraceptives at baseline (F)
Alcohol intake Prior gastro-oesophageal cancer
Family history of CRC Prior pancreatic cancer

Ulcerative colitis Prior prostate cancer (M)

Colonic polyps Prior renal tract cancer

Type 2 diabetes Prior brain cancer

Prior breast cancer (F)

Prior uterine cancer (F) -
Prior ovarian cancer (F) -
Prior cervical cancer (F) -
Prior lung cancer (M) -
Prior blood cancer (M) -
Prior oral cancer (M) -

are well established as likely causes of CRC in the epidemiological literature,
as discussed in Section 1.4.1. Full model specification can be found at https:
//qcancer.org/15yr/colorectal/ [270]. Coding of these variables in this thesis

is described in more detail in Section 4.2.3.

2.6 Laboratory methods

2.6.1 DNA extraction and quantification

For the SCOT study, patient blood was collected and stored at -20°C in EDTA
tubes. I used Maxwell®16 Blood Purification Kits (Promega UK Ltd) to extract
DNA from samples thawed at room temperature. I extracted DNA in 16-sample
batches using the Maxwell®16 AS2000 machine. This process followed the kit
instructions: I added 230uL of elution buffer and 420uL whole blood to each of the
cartridges, and DNA was extracted and quantified, and stored at 4°C. I quantified

DNA concentrations using picogreen quantification.
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2.7 Bioinformatics
2.7.1 GWAS quality control

Inaccurate calling in GWAS studies can result in spurious associations, and given
the many thousands (and following imputation, many millions) of markers tested,
even low error rates can result in significant numbers of false associations. Removal
of individuals and markers with higher error rates is therefore required. My QC
procedure followed the standard principles set out in Anderson et al. [271], using
PLINK v1.9 [272], performing per-person followed by per-SNP QC as recommended
to retain as many markers as possible. A more detailed description is given in
Section 3.2.1. Full details of the quality control and exclusions for the final GWAS

meta-analysis can be found in Law et al. [115] (Supplementary Table 3).

2.7.2 Phasing and Imputation

Genotyping arrays provide data on hundreds of thousands of SNPs across the genome
quickly and cheaply. These tag-SNPs act as proxies for nearby variants correlated
through linkage dysequilibrium (see Section 2.8.1 below), which allows imputation of
untyped SNPs based on known patterns of LD. Imputation allows interrogation of a
far greater proportion of the genome, and allows data typed on different chips to be
combined for analysis, which was required in both my GWAS and linkage studies.
Imputation uses comparison of haplotypes in genotyped and reference data
(of similar ancestral background) to derive the probabilities of a given genotype
at imputed loci. The genotyped data is first phased with a haplotype reference
panel (using a Markov chain Monte Carlo algorithm), and then the probability of a
genotype at a given non-genotyped locus is calculated, given the data at observed
loci in LD [273, 274]. Imputed genotypes are recorded as probabilities, and the
quality of imputation at a given locus is calculated as an INFO score. Typically,
only loci reaching a given quality threshold are included in subsequent analysis.
Prior to imputation I used a pre-imputation checking script provided by Dr

Will Rayner which confirms strand alignment and checks for errors [275]. Phasing
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was performed using SHAPEITv2.790 [276] against a combined reference panel of
UK10K and 1000 Genomes Project Phase 1 reference panel [277, 278]. For GWAS
studies, imputation of missing genotypes was performed against the combined
reference panel using IMPUTE2 [274]. In linkage analysis datasets, phasing and

imputation was to the 1000 Genomes Project Phase 3 reference panel.

2.7.3 Linkage analysis

Genetic linkage is the increased likelihood of two or more loci to be transmitted
together in meiosis due to physical proximity. Recombination during meiosis
results in new combinations, or phases, of loci in the offspring. The proportion of
recombinations seen between two loci in offspring is known as the recombination
fraction. With two genetically distant loci, the recombination fraction is about 0.5,
i.e. the loci assort independently. On the other hand, very proximal loci have a
recombination fraction of near zero, as there is little chance of recombination

between them.

Linkage analysis uses statistical methods to test for fewer than expected
recombinations between genetic markers, and thus map the loci to regions of
the genome, and test for segregation of such loci with traits of interest. These

methods are broadly parametric (i.e. model-based) or non-parametric (model-free).

Parametric linkage analysis assumes that the genetic models are known, and
requires specification of allele frequency, mode of inheritance and penetrance. Non-

parametric linkage analysis makes fewer assumptions.

In this thesis I used Merlin [279] which uses sparse binary trees to represent gene-
flow patterns throughout a pedigree, to perform non-parametric linkage analysis.

Detailed linkage methods are described in more detail in Section 3.4.1.
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2.8 Statistical Methods

2.8.1 Linkage Dysequilibrium

Distant loci in the genome are inherited independently, as described by Mendel
(discussed in Section 1.2.2), and so are said to be in linkage equilibrium. Loci
which are on the same chromosome (i.e. syntenic) are potentially separated by
recombination, and thus are said to be in linkage dysequilibrium. This can be
measured using the coefficient of linkage dysequilibrium, D, or using Pearson’s

correlation co-efficient between two loci, 72.

2.8.2 Identity by descent

Identity by descent (IBD) is the degree of shared recent ancestry for two individuals.
To calculate IBD, identity by state (IBS), a metric of relatedness based on the
proportion of shared alleles at genotyped SNPs, is calculated for each pair of
individuals in the sample. The mean IBS of a population is dependent on the
allele frequencies of the included SNPs, while the degree of allele sharing IBS is
proportional to the level of relatedness. For duplicates and mono-zygotic twins,
IBD = 1; for first-degree relatives IBD = 0.5; for second-degree relatives IBD =
0.25, and for third-degree relatives IBD = 0.125. In GWAS, a cut-off of >0.1875 is
recommended to exclude second-degree and higher relatives, as genotyping error
and LD will result in variation around these values [271].

I removed regions of high LD [280], and pruned based on LD, to remove
any correlated SNPs from the analysis prior to calculating IBD using an in-

house perl script.

2.8.3 PCA

Principal components analysis (PCA) can be used to define ancestral differences
within a dataset, which permits outlying individuals to be removed from analysis. In
addition, ancestry can be accounted for by including the principal components in the

association analysis, which adjusts for population-stratification of allele frequencies
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[281]. Individuals within a population do not mate randomly (tending to mate
with a nearby partner), which creates genetic structure. Environmental risk is also
structured within a population, and this can confound risk estimates associated
with genetic variants based on geography, leading to false-positives and inflated
associations within GWAS, and optimistic performance estimates in PRS [282].
The first principal component (PC) accounts for the largest amount of variation
possible in a single measure, with subsequent PCs accounting for sequentially less
variation. The PC model is constructed from known populations of diverse ancestry.
The PCA model is then applied to the study datasets to calculate their PCs, and
cluster them with known ancestral populations. I used EIGENSOFT v5.0.2 to
calculate PCs for my GWAS datasets (Chapter 3). I then used the first 4 PCs to

account for population structure in my PRS modelling (Chapter 5).

2.8.4 Pearson’s \? test

In data described using contingency tables, Pearson’s x? test described the strength
of association between categories, comparing differences between observed frequen-
cies and those expected by the x? distribution. Pearson’s y? test assumes random
sampling from a distribution, a sufficiently large sample size, and independence
of observations.

I used Pearson’s x? test to compare allele frequencies in GWAS using PLINK
[272], and to describe differences in distributions of characteristics of the UK

Biobank cohort.

2.8.5 Logistic regression

In logistic regression, predictor variables are regressed on the logit-transformed
outcome variable (in this work, the binary outcome is CRC status), giving the
log-odds of CRC status.

In this work, I used logistic regression per-SNP in GWAS association testing
using both SNPTEST v2.5.6 [273] and PLINK v1.9 [272] to run association analyses

corrected for co-variables (Chapter 3). In Chapter 5, I used logistic regression
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to evaluate PRS using LDpred2 and bigsnpr packages, and to assess predictive

performance of the PRS in test and validation cohorts.

2.8.6 Cox proportional hazards regression

Cox proportional hazard models [283] are the most commonly used models for time-
to-event data. Follow-up over time is possible for all individuals up to their last follow-
up (at which point they are censored), assuming that the censoring is uninformative,

i.e. the probability of censoring and of experiencing the outcome are unrelated.

The hazard rate, h(t), gives the likelihood of the outcome in the next instant,
given it has not already occurred. The baseline hazard function, ho(t) is the
risk of the outcome over time for an individual with all model variables set to

0. For individual 1,
h(t)l — ho(t)exp(/éleHrBzXQim)

(Bix1 + Baxa-..) is the linear predictor (LP), which is usually (and in this thesis)
centred to the mean. The exponent of the LP therefore gives the hazard ratio
compared to an average risk individual. Cox models do not estimate the shape of
the baseline hazard, and are therefore considered semi-parametric models (hg(t)

is non-parametric, whilst the LP is parametric).

In order to predict absolute risks, a survival function S(t), describing the
likelihood of surviving to time ¢ without experiencing the event, is estimated from

the cumulative hazard function, H(t), the summed hazard up to time point ¢.

S(t) = et

Survival at time ¢ for individual 7 is then

S(t)l — S(t>6$P(31X1i+ﬁ2X2i~--)
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Non-parametric estimates of S(t) at set time-points can be used to calculate
absolute risks. I estimated S(t) from fitted cox models using R function sur-
vival::survfit, which calculates the survival for an individual with covariates set

at the mean values of the model dataset.

Cox models assume that the hazards associated with predictors remain con-
stant over time. I used two methods to test this assumption. Firstly, plots of
log(—log)survival against log(survival) [284, (pp. 78), 285], in which the data split
into two groups form parallel lines if the models has a constant hazard ratio, and
statistical testing of proportional hazards, in per variable and overall analysis, using

survival::cox.zph with inspection and plotting of Schoenfeld residuals.

2.8.7 Meta-analysis

Summary statistics from individual genome-wide association studies can be combined
to give a weighted average for effect size, with increased power leveraged by the
increased sample size facilitating the identification of rarer or smaller-effect variants.

Meta-analysis can used fixed-effects or random-effects approaches. The former
assumes that the included studies examine the same population, with the same
outcome definition and predictor variables, whilst the random effects model is
generally used to combine heterogeneous studies. Fixed effects is commonly used
in GWAS meta-analyses, where individual studies tend to be quite homogenous
in their populations (corrected for ancestry), and the predictors (i.e. genotypes)
and outcomes (diagnosis of CRC) tend to be quite standardised. In fixed effects
meta-analysis, the studies are typically weighted by the inverse of the variance
of the estimates, resulting in lesser contribution from smaller studies. In this
thesis, T use the META package vsn 1.7 to conduct GWAS meta-analysis [286],

described in more detail in Section 3.3.1.

2.8.8 Measures of discrimination

Discrimination describes how well a model differentiates between those with and

without the outcome.
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The C-statistic is a measure of accuracy of prediction using a classifier [287]. Tt
describes the probability that a randomly selected pair of affected and unaffected indi-

viduals are correctly classified. This is directly related to Somers’ D,,, statistic [288].

Harrell’s c-index measures the fraction of pairs in which survival predictions and
outcomes are concordant [289]. Pairs of individuals are drawn and their observed and
predicted survival times are compared. If the patient with the higher prognostic score
has survived the longest this pair are concordant. All possible pairs within the data
are assessed, however censoring means that pairs in which both individuals survive
to the end of follow-up cannot be assessed. Values near 0.5 are equivalent to chance,

whilst those closer to 1 demonstrate that the model nearly always predicts correctly.

Royston and Sauerbrei’s D statistic measures the prognostic separation of
survival curves [290]. The prognostic indices across participants are ordered, and
the corresponding rankits (the expected values of the order statistics of the normal
distribution of the same size as the dataset) are calculated. The rankits are
then scaled on a factor of Kk = \/8/7 ~ 1.596, and Cox regression performed

on the scaled rankits.

Kaplan-Meier survival curves allow visual assessment of discrimination, and are
used in this thesis to assess discrimination between risk groups. The further apart
the curves for different risk groups, the better the discrimination. Comparison can be
made between different datasets, though differences in the underlying populations
must be considered, as residual confounding (i.e. the categorisation used does
not fully account for the relationship between the outcome and the prognostic
index) may result in performance appearing to be worse despite a well fitted model
[291]. A moderate number of risk groups is optimal for this evaluation - too few
provides insufficient information, whilst many groups can be unstable with little
discrimination between adjacent categories. Unequal groups allow examination of
individuals with more extreme risk together, retaining those around the middle of the
risk distribution with largely similar prognosis in the same groups [291]. In this thesis
I used the 16th, 50th and 84th centiles as cut-points to divide the dataset into 4 risk

groups, which equates to approximately the mean +1 standard deviation [291, 292].
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I also calculated scaled Brier scores, which assess overall model fit, reflecting
both discrimination and calibration [194]. The Brier score is the squared difference
between the observed outcomes and predicted probabilities; it has a range of 0-0.25,
with lower scores indicating better performance. However, the maximum possible
score is related to outcome prevalence, mean(prevalence) x (1 —mean(prevalence)),
and so the score can be scaled to the maximum possible score as 1 — Brier/Brier .,

permitting comparison between different populations.

2.8.9 Measures of variance explained

Variance explained describes the extent to which the model accounts for the variation
in outcomes. R? is the most commonly used measure, of which there are several

different statistics available for both logistic and Cox models.
In this thesis I used Nagelkerke’s R? for logistic regression models, which is

a version of the Cox-Snell R?, scaled to the maximum, resulting in values from

0-1 (or 0-100%). Cox-Snell R? is calculated as

2

I 2
1— ( null )N
Lmodel
where L is likelihood and N is the number of observations.

Royston and Sauerbrei’s R% is a measure on the log relative hazard scale derived

from their D statistic [290]. It is converted from D by the formula

) D?/k?

D524 D?/k?

where 0% = 72/6 ~ 1.596 and k = ,/8/m ~ 1.596 as above.

2.8.10 Measures of model calibration

Calibration represents how closely a model’s predictions correspond to the observed
data. Calibration is tested in a validation dataset (in model training datasets
calibration ought to be close to perfect, as the model is fitted to the data). In this

thesis I use a number of methodologies to evaluate and present calibration.
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Calibration plots visually represent calibration by plotting expected vs. observed
risk or survival across risk groups [169]. In plots of calibration for PRS models in
Chapter 5 I plotted risk across 10 groups by PRS. In calibration plots presented
in Chapter 6 I plotted risk across 10 groups by LP. For all time-to-event models
these were plotted at 5, 6, 7 and 8 years of followup. I overlayed loess smoothers

to more clearly visualise the relationships [293].

Calibration of Cox models can be roughly assessed by comparing Kaplan-
Meier plots in validation and derivation data: in a well calibrated model these
should be similar [291]. I used this approach to assess calibration of the PRS
Cox Models in Chapter 5.

The calibration slope reflects the average strength of predictor effects, which
ideally is equal to 1. In internal validation, the calibration slope can be used to
indicate the level of shrinkage required to fit the model to new individuals from
the population [284, p272]. I used this approach to shrink my prediction models

prior to external validation (described in more detail in Section 5.2.6).

Calibration-in-the-large (CITL) represents the difference between the average
outcomes in an external validation dataset and the average predictions, and thus for a
perfectly calibrated model this will equal 0. I present CITL for PRS tested in logistic
regression models in Chapter 5. CITL cannot be tested in Cox models [284, p273].

A further simple representation of model calibration is the ratio of expected to
observed outcomes (E/O). I used this measure in this thesis to assess calibration

in subgroup analysis in Chapter 6, where case numbers were low.

2.8.11 Recalibration of prediction models

On application of a model to a new dataset, poor calibration may be improved
by recalibration or updating of the model. In this thesis I used the most simple
method of recalibration which involves re-estimation of the intercept for logistic
regression models or the baseline hazard for Cox models (known as recalibration-
in-the-large) [284, p.364]. This is achieved by fitting the model in the validation

sample with the linear predictor as an offset term.
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Several additional methods are available for model updating, with increasing
complexity (and which increasingly distance the new model from the original
model). Extensions to this include refitting of both the intercept and slope (‘logistic
calibration’). Methods of updating a model for a new population beyond this
include re-estimation of parameters in the model in addition to the intercept, and
‘model extension’ which extends the model to include additional parameters in
addition to recalibration or re-estimation [284, pp. 364-366]. These were not
evaluated in this thesis, in part due to time constraints, and also because with
more complex model revision, further external validation of the model would be

required prior to any attempt at implementation.
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2.9 Software

Table 2.2: Software and programmes used in the work presented in this thesis

Software/Package  Reference

Genetics Software PLINK v1.90b3 Purcell and Chang [272]
SHAPEIT v2.790 Delaneau, Marchini, and Consortium [276]
IMPUTE2 v2.3.0 Howie, Donnelly, and Marchini [274]

GTOOL v.0.7.5 Freeman and Marchini [294]
EIGENSOFT Price et al. [281]
QCTOOLS v2 Band and Marchini [295]
SNPTEST v2.5.6 Marchini et al. [273]
META v1.7 Liu et al. [286]
PEDSTATS v0.6.10 Wigginton and Abecasis [296]
Merlin v1.1.2 Abecasis et al. [279]
BCFtools Li et al. [297]

R packages R v3.6.2 R Core Team [298]
Tidyverse v1.3.0 Wickham et al. [299]
Bigsnpr v1.5.2 Privé et al. [300]
Survival v3.1-8 Therneau [301]
RMS v5.1-4 Harrell Jr [302]
MFP Gareth Ambler and Axel Benner [303]
Hmisc Harrell Jr, Charles Dupont, and others. [304]
Epitools v0.5-10.1  Aragon [305]
Skimr v2.1.2 Waring et al. [306]
Lubridate v1.7.4 Grolemund and Wickham [307]
interplot Solt and Hu [308]
GridExtra v2.3 Auguie [309]
final-fit Harrison, Drake, and Ots [310]
simPH Gandrud [311]
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Genetic susceptibility to colorectal cancer

This chapter focuses on the discovery of new colorectal cancer risk loci. As discussed
in Chapter 1, risk for colorectal cancer (CRC) incorporates common variation
(i.e. present in >1% of the population) with small effect sizes, rarer variants with
larger effect sizes, and very rare highly penetrant cancer susceptibility genes. The

aim of this work was to identify new CRC risk loci across this spectrum.

3.1 Background

Genome-wide association studies (GWAS) and linkage studies have been powerful
tools in the identification of risk loci for human disease, and it is these approaches
that I utilise in this chapter. At the time of beginning the GWAS work presented
here, around 40 CRC single nucleotide polymorphisms (SNPs) had been identified,
largely through the efforts of two consortia which have brought together increasingly
large sample sizes, increasing the statistical power to detect rarer and smaller
effect variants [259, 312].

The identification of appropriate control datasets is a key problem as GWAS
grows, with many publicly available datasets already used for existing GWAS. As a
result, controls are often genotyped on different platforms, or may be from different

geographical areas, which can introduce bias, an issue highlighted by the work

55



3. Genetic susceptibility

presented here. The first part of this chapter focuses on evaluating a potential
control dataset from the People of the British Isles (PoBI) study, alongside cases
taken from the Short Course Oncology Treatment (SCOT) trial. The PoBI trial
recruited individuals from families who has been resident in the same geographical
area for three generations [242], with genotyping on the Illumina Human 1.2M-Duo
chip. The SCOT trial samples were taken from participants in a CRC adjuvant
chemotherapy trial [239], and genotyped on Illumina’s Global Screening Array. The
GWAS work in this chapter formed part of the work of a large consortia to scale
GWAS sample size further, through 5 novel GWAS of previously unstudied case

cohorts, and meta-analysis of these alongside 10 previously published studies.

I then looked for rarer risk variants through linkage studies in families with
CRC or multiple adenoma phenotypes. As noted in Section 1.2.2, genetic linkage
studies have been used for over 30 years to identify loci resulting in hereditary
cancer syndromes. Whilst early studies could hone this to genomic regions, the more
recent availability of whole exome and whole genome sequencing has augmented
linkage methodologies, permitting the identification of causative variants at the
same time. This was successfully demonstrated in the identification of specific
high penetrance variants in the exonuclease domains of POLE and POLDI in
Proofreading Polymerase-Associated Polyposis [86, 313].

The linkage studies presented here are part of an ongoing linkage project of
several hundred families recruited to the Colorectal Tumour Gene Identification
(CORGI) study. Each family includes at least one individual with whole genome
sequencing data, alongside additional family members with genome-wide array data.
The CORGI study recruited individuals with a personal history of bowel cancer
identified through cancer genetics clinics, alongside their families, and has provided

data for several prior GWAS, linkage, and sequencing studies.

3.1.1 Chapter outline

In the first part of this chapter, I undertake a GWAS study evaluating the use
of the PoBI dataset as a control for SCOT trial cases (described in Section 2.2).
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Genotyping of PoBI and quality control had already been performed by the PoBI
study team. I prepared the SCOT samples for genotyping and then perform QC
on the data (alongside my own QC of the PoBI data), and complete association
testing. I then present the results of the GWAS meta-analysis to which SCOT
contributed, which has now been published in Law et al. [115]. The meta-analysis
was conducted by colleagues from within the GWAS consortium led by Dr Philip Law;
I reviewed the research output and contributed to interpretation of the findings.
Finally, I use linkage analysis to search for lower-frequency, higher penetrance
CRC risk loci in families with early onset CRC and multiple adenoma phenotypes.
I present the methods and results together for each of GWAS, meta-analysis,
and linkage studies, for clarity.

In my GWAS of SCOT-PoBI I hypothesised that the studies would be well
matched, with both based largely in Britain [239, 242]. However, I observe a very
high number of false-positive associations, the cause of which is unclear, and I
detail my investigation of this problem. The subsequent GWAS meta-analysis
identifies 31 new CRC risk loci, and data from this analysis (excluding the UK
Biobank dataset) subsequently forms the ‘Base’ dataset for variant selection and
effect size estimation in Chapter 5. In my linkage analysis I identify several
suggestive linkage peaks and candidate genes, with a G374S substitution in GFI1

of particular interest for further evaluation.

3.2 SCOT-PoBI genome-wide association study

3.2.1 Genome-wide association study methods

Overall quality control exclusions for the SCOT and PoBI datasets are presented in
Figure 3.1 and described below. I broadly followed the standardised per-person,
and per-SNP QC processes set out by Anderson et al. [271].

3.2.1.1 GWAS datasets

[ extracted DNA from the SCOT samples as described in Section 2.6. Genotyping

was performed at the Wellcome Centre for Human Genetics, University of Oxford. 1
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l 3109 SCOT samples ‘ mmmm) | Failed DNA Extraction (N=28) 2912 genotyped samples mmmm) | POBI sample exclusions (N=334)
No Trial IDs (N=14) In PoBl inclusion list Further QC Exclusions (N=16):
Missingness >0.02
l Heterozygosity +3 SD from the
mean
IDB >0.185
l 3067 genotyped samples ‘ mmmm) | Failed Genotyping (N=128): Non-European Descent

Missingness >0.02
Heterozygosity 3 SD from
the mean 2562 passing QC mmmm) | POBI SNP inclusion list
DB >0.185 (827476 autosomal SNPs)
Non-European Descent

SNPs failing QC (N=2,159)
Missingness > 0.05

MAF < 0.01

2939 passing QC mmmm) | SNPs failing QC (N=169,357) v HWE <1x 1076
Missingness >0.05 2562 individuals,
MAF <0.01 N
825,129 SNPs passing QC
l HWE <1 x 10 passing &

2939 individuals,
497,871 SNPs passing QC

Figure 3.1: Per-person and per-SNP quality control for the SCOT-PoBI GWAS

manually curated genotyping data from the SCOT trial using Genome Studio,
following Ilumina’s Infinium Genotyping Data Analysis guide. Examination
of per-person call rates (Figure 3.2) showed six clear sample outliers, with a
further two excluded when filtering for samples with call rates <98%. I then
examined SNP cluster plots for SNPs with low Cluster Sep (a measure of separation
between the three genotype clusters), working from the poorest upwards, identifying
and manually editing SNPs which could be re-called. An example of this is
given in Figure 3.3.

I aligned the genotyped SCOT samples to the positive strand using strand files
for the Global Screening Array on Build 37 from Dr Will Rayner [275], flipping
any SNPs on the negative strand and removing duplicates.

The PoBI dataset, comprising VCFs, and SNP- and sample-inclusion lists,
was downloaded from the European Genome-Phenome Archive at the Sanger
Institute [314]. I converted per chromosome VCFs to PLINK format files using
PLINK v1.9 [272]. Dr Will Rayner confirmed that these aligned to Illumina’s

TOP strand, and I subsequently used Dr Rayner’s strand file and script from
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Call Rate vs Index
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Figure 3.2: Per-person call rate across the SCOT dataset, highlighting six individuals
(in blue) with low call rates, who were excluded from further analysis

Neil Robertson [275] to update strand and position to Build 37 of the Genome

Reference Consortium reference genome.

3.2.1.2 Per-person quality control

Quality control inclusion lists were provided alongside the PoBI dataset. I
therefore excluded 334 samples per original QC prior to analysis.

Sex discordance can potentially indicate sample handling errors, though the
actual sex of participants is not significant unless it is relevant to the analyses
(for example stratifying by sex). I identified individuals with sex-discordance in
SCOT using PLINK v1.9 [272] but did not remove these from the analysis; sex
information was not available for PoBI.

Genotype heterozygosity rate and failure rates (missingness) both reflect DNA
sample quality; these samples tend to have reduced genotyping accuracy and
are therefore excluded. Mean heterozygosity is calculated as (N-O)/N, where

N represented number of called genotypes, and O is the number of homozygous
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Figure 3.3: Example SNP cluster plots, showing manual re-calling of clusters. Homozy-
gotes are coloured in red and blue, whilst heterozygotes are coloured purple. Automated

calling (above) omits the heterozygous cluster, with manual recalling (below) correctly
identifying the three clusters.
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Figure 3.4: Missingness and heterozygosity for SCOT dataset. Vertical red line delineates
missingness >2%; horizontal red lines delineate heterozygosity +3SD from the mean

genotypes for an individual. High levels of heterozygosity (i.e. more heterozygous
genotypes than the average population) can indicate sample contamination, whilst
low levels suggest inbreeding. I excluded individuals with missingness >2% (n =
6 for SCOT, n = 0 for PoBI) and heterozygosity (+3SD from the mean, n = 55
in SCOT, n = 16 in PoBI), shown in figures 3.4 and 3.5.

It is standard practice in GWAS to remove first or second-degree relatives
from analyses, and any duplicate samples. Retaining these falsely inflates the
proportion of these families genotypes seen in the sample, such that the GWAS may
no longer represent the allele frequencies in the source population. I used identity
by descent (IBD, described in Section 2.8.2) to identify these individuals, removing
10 individuals with IBD >0.185 from SCOT (none from PoBI).

Population stratification is the main source of confounding in genetic studies,
caused by differences in ancestry between case and control groups [271, 315]. This

is addressed firstly by selecting individuals from similar populations, followed by
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Figure 3.5: Missingness and heterozygosity for PoBI dataset. Vertical red line delineates
missingness >2%; horizontal red lines delineate heterozygosity +3SD from the mean

evaluation of population stratification within cases and controls, and removal of
individuals from ancestries not under study. Subsequently correction for within-

population substructure can be made during analysis.

I assessed population structure using principal components analysis (PCA,
Section 2.8.3), using SNPs included in HapMap populations, with AT/CG SNPs
(which might be on the incorrect strand) removed. Prior to PCA, regions of long-
range linkage dysequilibrium (LD) were excluded, and SNPs were pruned on LD
(with SNPs with 72 >0.2 removed), as correlation between SNPs can influence PCA

results. I ran PCA to calculate 10 principal components using EIGENSTRAT [281].

I conducted PCA for PoBI and SCOT datasets initially with HapMap phase 3
haplotype data, which demonstrate continental-based ancestry: 30 trios of Utah
residents with northern and western European ancestry (CEU); 30 Yoruba trios from
Ibadan, Nigeria (YRI); 44 unrelated Tokyo-based Japanese individuals (JPT); and 45

unrelated Han Chinese individuals resident in Beijing (CHB). PoBI samples clustered
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strongly with the CEU samples, whilst SCOT clustered nearby though distinct from
the CEU samples, and included a number of individuals diverging towards Nigerian,
and Chinese and Japanese ancestries, the latter two clustering together (Figure 3.6).

I then performed PCA with both PoBI and SCOT together with 1000Genomes
phaselv3 European populations to evaluate European ancestry populations more
closely: British (GBR), CEU (as above), Finnish (FIN), Iberian Spanish-resident
populations (IBS), and Toscani in Italy (TSI). Figure 3.7 shows PoBI and the
majority of SCOT clustering with all of the European populations in the first two
PCS, with two divergent groups again seen for SCOT.

I removed 102 individuals of non-European descent from SCOT (defined as
eigenvector >0.015 on PC1 of the European 1000Genomes population PCA) from

further analysis; no exclusions were made from PoBI based on PCA.

3.2.1.3 Per-SNP quality control

Following exclusion of individuals failing QC, I performed per-SNP QC, excluding
SNPs with MAF<0.01, missingness >0.05, and not in Hardy-Weinberg equilibrium
in controls (P<1x1079).

For the SCOT dataset, of 667,228 autosomal SNPs, 169,357 failed QC, resulting
in 497,871 SNPs from which to impute. In the PoBI dataset, following exclusion
of SNPs not included in the PoBI inclusion list and liftover of SNPs to build 37,
827,288 autosomal SNPs remained. A further 2,159 SNPs were removed following

my own QC procedures, leaving 825,129 SNPs as the base for imputation.

3.2.1.4 Phasing and imputation

My planned approach to imputation was to impute from a commonly genotyped
backbone. I therefore evaluated the overlap between the genotyped SCOT and
PoBI datasets (including perfect proxies for SNPs in either dataset, i.e. SNPs
with LD=1). Following QC procedures (including those from PoBI’s own QC and
exclusion list), there were only ~76K SNPs overlapping, insufficient for imputation,

and so I imputed each dataset from its own QC’d SNP set.
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Figure 3.6: PCA of the POBI dataset (top) and SCOT dataset (bottom) with HapMap
Samples, showing the first two principal components
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Figure 3.7: PCA of the SCOT and POBI datasets combined with 1000Genomes
Phaselv3, showing the first two principal components (top), and repeated following
exclusion of 102 SCOT participants with eigenvector >0.015 (bottom)
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I used SHAPEITvV2.790 [276] for phasing, running the programme in check mode,
which checks for duplicate positions and strand alignment issues prior to phasing.
Imputation of missing genotypes was performed to a combined reference panel of

UK10K and 1000 Genomes Project reference panel [277, 278] using IMPUTE2 [274].

3.2.1.5 Association analysis

Following imputation, I removed SNPs with missingness >5%, MAF <1%,
deviation from HWE (P<1x107%), and INFO score <0.4. I then performed
association analysis using SNPTEST v2.5.6 [273], and subsequently in PLINK
v1.9 for verification [272].

3.2.2 Genome-wide association study results

My initial analysis of SNP association with CRC in the SCOT-PoBI GWAS resulted
in many thousands of significantly associated SNPs, as demonstrated in the QQ-plot
(Figure 3.8 (top)), suggesting a fundamental problem with either the data or analysis.

In investigating this, I noted a large number of SNP exclusions from POBI, and
discussed these with the POBI study investigators. They reported quite conservative
QC procedures for the WTCCC2 analysis, but were not aware of any similar issues.
I checked scripts with a colleague, confirmed QC measures had been evaluated
correctly before and after imputation, and that imputed indels were not included
in the association analysis. I excluded all AT/CG SNPs from the analysis, leaving
7,012,359 SNPs for association testing, and restricted the analysis to SNPs with
an information score >0.8 in both datasets (5,070,088 SNPs), but neither measure
improved the QQplot, with millions of SNPs still significantly associated.

One possibility considered was poor population matching, or failure to account
for population diversity in the analysis. As discussed in Section 3.2.1, control
populations for a GWAS study should ideally be matched as closely as possible
by ancestry. My PCA analysis suggested that the populations were well matched
(Figure 3.7). However, the PoBI study does contain some genetic outliers located

in the Orkney Islands, and in my initial association analysis I had not adjusted
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Figure 3.8: QQ plots for SCOT-PoBI association analysis, conducted using SNPtest
(top), and PLINK (bottom), showing very large deviations from the expected distribution
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for PCs. I therefore conducted the SNPtest analysis with 4 PCs included, with
no improvement in the QQ plot. I subsequently reran the association analysis
using PLINK rather than SNPtest, to see if this were an issue with my SNPtest
analysis. Though the results were slightly improved the QQ plot (Figure 3.8)

continued to show marked deviation.

Association analysis using only SNPs genotyped in both datasets created more
plausible association results (Figure 3.9). I undertook a post-hoc exploration of SNPs
with the most significant associations, presumed to be false positives (annotated
as P=0 in SNPtest output, n = 164,817), using Chromosome 1 as a test case.
Comparing MAFs in the SNPtest output with UK10K MAFs (including only SNPs
with rsIDs present in both to enable matching, n = 1788), I found that PoBI MAFs
deviated considerably more than for those for the SCOT data, with a mean deviation
of 53.2% compared to 3.91%. Notably, 291 of these SNPs had been genotyped
in both datasets, rather than imputed. As these deviations were so extreme, I
re-checked the MAFs as calculated on the imputed PoBI dataset using QCTool,;
the MAFs were far closer to those of UK10K - with a mean deviation of 4.3%.
This suggested an issue introduced on combining the datasets for analysis. Two
different approaches were taken to combining the datasets (performed automatically
by SNPtest software, and then manually using PLINK), but the issue was seen
in both analyses (though to a lesser extent in PLINK-based analyses). However,
following inspection of the data, reviewing of my scripts with colleagues, and trials
of different SNPtest settings, I was unable to resolve the issue.

As a result of the problems with using the PoBI dataset, 4349 controls from the
German Heinz-Nixdorf dataset (genotyped on the same array as SCOT) were used
by Dr Philip Law in GWAS using SNPtest and subsequent meta-analysis study.
This GWAS showed an expected distribution on QQplot (Figure 3.11), with a small

amount of genomic inflation secondary to the geographic differences in populations.

68



3. Genetic susceptibility

10
8_
6_
—
=
E
[=2)
o
|
4_
2_
0_
1 2 3 4 5 6 7 8 910 12 14 16 18 21
Chromosome
° .
3
-
—
o
~—
é =)
g 327
|
°
[}
2
(]
%]
o
[¢)
o
3 .
o
T T T T T T
0 1 2 3 4 5

Expected -logyo(p)

Figure 3.9: Manhatten plot (top) and QQ plots (bottom) of association analysis for
common genotyped SNPs only
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Figure 3.10: Distribution of SNPs with MAFs in SNPtest output highly divergent from
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Figure 3.11: QQ plot of assocation analysis results of SCOT and Heinz-Nixdorf datasets
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3.3 (Genome-wide association study meta-analysis

3.3.1 Meta-analysis methods

Association testing of the 5 new GWAS cohorts and meta-analysis with 10 previously
published studies (described in Section 2.2) was performed by Dr Philip Law and
colleagues. To summarise, for new GWAS cohorts, individuals of non-European
ancestry (based on PCA with HapMap Version 2 SNPs), and with missingness >5%
were excluded. For related pairs, either the control was deleted (for case-control
pairs), or the individual with the lowest call rate. In per-SNP QC, SNPs with
missingness >5%, MAF < 0.5%, and deviation from Hardy-Weinberg Equilibrium

(P< 107%) were excluded.

Most datasets were imputed to the merged 1000G/UK10K reference panel.

Exceptions were:

o UKB, imputed to data from 1000 Genomes (Phase 3), UK10K and the
Haplotype Reference Consortium (and performed by UKB)

o FIN and DACHS, imputed to a combined reference of 1000 Genomes Project
supplemented with population-appropriate samples: 3882 Finnish haplotypes
from the Sequencing Initiative Suomi (SISu), and 3000 sequenced individuals

with CRC respectively.

HLA regions were imputed using a reference panel from the Type 1 Diabetes

Genetics Consortium (T1DGC) using SNP2HLA.

Following imputation, quality thresholds of information scores >0.8 and MAF
>0.5% were applied prior to analysis. SNPTEST v2.5.2 was used for association
testing, assuming an additive genetic model, with adjustment for population stratifi-
cation for SCOT, UKB, FIN, DACHS and NSCCG-OncoArray. Q-Q plots confirmed
the absence of differential genotyping and adequate matching of case/controls.
Genomic inflation was assessed for each GWAS study by calculating the genomic
inflation factor, Agc, (the ratio of the median observed distribution of the test

statistic to the expected median) using GenABEL [316].
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Meta-analysis was performed with META v1.7, using the inverse-variance method
based on a fixed-effects model [286]. Associations were evaluated for all previously
reported SNPs, as identified through a Pubmed literature search (January 2018)
and associated citations. Heterogeneity was evaluated with Cochran’s Q-statistic
and the I? statistic. New associations were defined as SNPs reaching P < 5 x 1078
which were not previously reported. One SNP per 500kb region was included. The
possibility of a false positive results was assessed for each SNP using the Bayesian
False Discovery probability (BFDP) [317]. This calculates the approximate Bayes
factor based on a prior probability of association (here 107°) given a plausible OR
(95th percentile OR in the meta-analysis = 1.2).

In conditional analysis, regression was performed conditioning on the known
and newly discovered SNPs. This analysis used Genome-wide Complex Trait
Analysis (GCTA) [318]. SNPs with a conditional P < 5 x 107® and r?>0.1 were
clumped using PLINK v1.9.

Imputation accuracy was evaluated for all non-genotyped newly discovered SNPs
by evaluating a subset of 201 samples included in the CORGI and NSCCG datasets
for whom whole genome sequencing data was also available. There was over 98%

concordance between imputed and sequenced SNPs in these individuals.

3.3.2 Meta-analysis results

Five new GWAS studies were conducted and meta-analysed alongside 10 previously
published studies as part of the COGENT (COlorectal cancer GENeTics) consortium
[319]. The resulting meta-analysis included 34,627 CRC cases and 71,349 controls.
Over 10 million SNPs were imputed in each dataset. There was minimal genomic
inflation in any dataset (Agc 1.01-1.11).

Of previously discovered loci for CRC risk in European populations (Table 3.1),
28 were replicated with associations at GWAS-significance level. An additional
four loci (39q26.2, 12p13.32, 16¢q22.1 and 16q24.1) had associations significant at
P < 5 x 1079, while seven showed little evidence of association and had BFDP

values >0.99, suggesting false-positive associations.
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Following exclusion of 500 kb regions flanking known CRC risk SNPs, 623
were associated with CRC at P < 5 x 1078, which after stepwise model selection
identified risk SNPs at 31 previously unreported loci (Table 3.2). In addition, 9
SNPs previously validated in Asian populations were validated in Europeans (Table
3.2). A further eight independent SNPs at known or newly discovered European

risk loci were also identified in conditional analysis (Table 3.3).
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Table 3.1: Associations for previously reported CRC risk loci in Europeans. Adapted from “Association analyses identify 31 new risk loci
for colorectal cancer susceptibility”, Law et al., DOI: 10.1038/s41467-019-09775-w, CC BY 4.0 (https://creativecommons.org/licenses/
by/4.0/).

Locus rsID Position  Risk/Alternate Allele P Reported OR (95% CI) OR (95% CI) in meta P in meta ~ BFDP Reference Alternate Lead SNP, Risk/Alt LD (R*)  OR (95% CI) P BFDP
1p36.12 1572647484 22,587,728 T/C 0 1.24 (1.15-1.33) 1.13 (1.09-1.17) 0.00e+00  2.02e-03 Al-Tassan NA, Sci Rep, 2015 - - - - -
1g25.3 rs10911251 183,081,194 A/C 0 1.09 (1.06-1.12) 1.08 (1.06-1.10) 0.00e4+00  1.17e-05 Whiffin N, Hum Mol Genet, 2014 154546885, G/C 0.87; 0.99 1.09 (1.07-1.11)  0.00e+00  2.00e-07
1q41 rs6691170 222,045,446 T/G 0 1.06 (1.03-1.09) 1.08 (1.06-1.10) 0.00e+00  5.55¢-05 Houlston RS, Nat Genet, 2010 rs6658977, T/G 0.97: 0.99 1.08 (1.06-1.11)  0.00e+00  1.20e-05
2935 1992157 219,154,781 A/G 0 1.10 (1.06-1.13) 1.08 (1.05-1.10) 0.00e+00  1.07e-04 Orlando O, Hum Mol Genet, 2016 rs13020391, C/T 0.58; 0.90 1.09 (1.06-1.11)  0.00e+00  2.80e-06
3p22.1 1535360328 40,924,962 A/T 0 1.14 (1.09-1.19) 1.09 (1.06-1.12) 0.00e4+00  6.00e-02  Schumacher FR, Nat Commun, 2015 rs35470271, G/A 0.92; 0.96 1.09 (1.06-1.13)  0.00e+00  1.00e-02
3pl4.1 ** 1s812481 66,442,435 G/C 0 1.09 (1.05-1.11) 1.01 (0.99-1.03) 4.38¢-01  1.00e+00 Schumacher FR, Nat Commun, 2015 12279290, G/T 0.22; 0.97 1.05 (1.03-1.08)  5.40e-05  1.00e+00
3q26.2 * rs10936599 169,492,101 C/T 0 1.08 (1.04-1.11) 1.07 (1.04-1.10) 1.00e-07  4.80e-01 Houlston RS, Nat Genet, 2010 1rs35446936, G/A 0.99; 1.00 1.07 (1.05-1.10)  1.00e-07  2.90e-01
4q22.2 ** 151370821 94,943,383 T/C 0 1.07 (1.04-1.1) 1.05 (1.02-1.07) 3.41e-05  9.90e-01 Schmit SL, JNCI, 2018 - - - - -
4q26 ** s3987 118,759,055 G/A 0 1.36 (1.22-1.52) 1.02 (1.00-1.04) 9.74e-02  1.00e+00 Real LM, PLoS One, 2014 - - - - -
4q32.2 ** rs35509282 163,333,405 A/T 0 1.53 (1.33-1.75) 1.02 (0.99-1.06) 2.43e-01  1.00e+00 Schmit SL, Carcinogenesis, 2014 rs186722897, T/A 0.14; 0.81 1.10 (1.03-1.16)  2.01e-03  1.00e+00
5pl5.33 152735940 1,296,486 A/G 0 1.09 (1.05-1.12) 1.08 (1.06-1.10) 0.00e+00  1.45e-04 Schmit SL, JNCI, 2018 - - - - -
5pl3.1 rsH8791712 40,281,797 G/T;G 0 1.10 (1.07-1.12) 1.10 (1.07-1.13) 0.00e4+00  1.23e-05 Schmit SL, JNCI, 2018 rs1445011, C/T 1.00; 1.00  1.11 (1.08-1.13)  0.00e+00  0.00e+00
6p21.31 rs6906359 35,528,378 C/T 0 1.11 (1.06-1.16) 1.11 (1.07-1.16) 0.00e+00  2.20e-01 Schmit SL, JNCI, 2018 rs16878812, A/G 1.00; 1.00  1.11 (1.07-1.15)  0.00e+00  1.30e-02
6p21.2 1s1321311 36,622,900 A/C 0 1.10 (1.07-1.13) 1.09 (1.06-1.11) 0.00e+00  7.90e-04 Dunlop MG, Nat Genet, 2012 rs1321310, C/T 0.97; 0.99  1.09 (1.06-1.11) 0.00e+00  5.34e-04
6pl12.1 rs62404968 55,714,314 C/T 0 1.09 (1.05-1.12) 1.07 (1.05-1.1) 0.00e+00  1.20e-01 Schmit SL, JNCI, 2018 1s62404966, C/T 0.97; 1.00  1.08 (1.05-1.10)  0.00e+00  2.10e-02
8q23.3 rs16892766 117,630,683 C/A 0 1.27 (1.20-1.34) 1.26 (1.22-1.31) 0.00e+00  0.00e+00 Tomlinson IP, Nat Genet, 2008 - - - - -
8q24.21 156983267 128,413,305 G/T 0 1.27 (1.16-1.39) 1.19 (1.16-1.21) 0.00e4-00  0.00e-+00 Tomlinson I, Nat Genet, 2007 - - - - -
10p14 1510795668 8,701,219 G/A 0 1.15 (1.10-1.20) 1.11 (1.09-1.14) 0.00e4-00  0.00e+00 Tomlinson IP, Nat Genet, 2008 rs7894531, G/A 0.86; 0.94 1.13 (1.10-1.15)  0.00e+00  0.00e+00
10g11.23 **  1s10994860 52,645,424 C/T 0 1.09 (1.05-1.12) 1.05 (1.02-1.08) 3.65¢-04  1.00e+00 Schmit SL, JNCI, 2018 - - - - -
10g24.2 rs1035209 101,345,366 T/C 0 1.12 (1.08-1.16) 1.11 (1.08-1.14) 0.00e4-00  0.00e-+00 Whiffin N, Hum Mol Genet, 2014 1s2193352, G/A 1.00; .00 1.11 (1.08-1.14)  0.00e+00 0.00e+00
11q13.4 153824999 74,345,550 G/T 0 1.08 (1.05-1.10) 1.09 (1.07-1.11) 0.00e+00  0.00e+00 Dunlop MG, Nat Genet, 2012 rs57796856, T/A 0.98; 0.99 1.09 (1.07-1.12)  0.00e+00  0.00e+00
11¢23.1 1$3802842 111,171,709 C/A 0 1.11 (1.08-1.15) 1.15 (1.12-1.17) 0.00e+00  0.00e+00 Tenesa A, Nat Genet, 2008 rs3087967, T/C 0.97; 0.99 1.15 (1.12-1.18)  0.00e+00  0.00e-+00
12p13.32 * 13217810 4,388,271 T/C 0 1.19 (1.13-1.25) 1.11 (1.06-1.15) 1.10e-06  8.50e-01 Whiffin N, Hum Mol Genet, 2014 - - - - -
12q13.13 1511169552 51,155,663 c/T 0 1.09 (1.05-1.12) 1.06 (1.03-1.08) 5.30e-06  9.70e-01 Houlston RS, Nat Genet, 2010 rs11169572, C/T 0.21; 0.93  1.09 (1.06-1.11)  0.00e+00  7.00e-07
12q24.12 1s3184504 111,884,608 C/T 0 1.09 (1.06-1.12) 1.09 (1.06-1.11) 0.00e4+00  1.00e-07  Schumacher FR, Nat Commun, 2015 597808, G/A 0.98; 0.99 1.09 (1.07-1.11)  0.00e+00  1.00e-07
12¢24.21 rs72013726 115,890,835 C;CACA 0 1.08 (1.04-1.11) 1.08 (1.06-1.11) 0.00e+00  1.79e-03 Schmit SL, JNCI, 2018 rs7315438, T/C 0.78: 1.00 1.08 (1.05-1.10)  0.00e+00  1.50e-04
12q24.22 ** 1873208120 117,747,590 G/T 0 1.16 (1.11-1.23) 1.04 (1.00-1.08) 2.67e-02  1.00e+00 Schumacher FR, Nat Commun, 2015 - - - - -
13q13.2 1510161980 34,093,518 C/G 0 1.08 (1.05-1.11) 1.06 (1.04-1.09) 0.00e4-00  1.30e-01 Schmit SL, JNCI, 2018 189537521, G/A 0.84; 0.92  1.08 (1.05-1.11)  0.00e+00  4.70e-02
14¢22.2 1s4444235 54,410,919 C/T 0 1.11 (1.08-1.15) 1.08 (1.05-1.10) 0.00e+00  1.44e-04 COGENT, Nat Genet, 2008 1s35107139, C/A 0.67: 0.89 1.09 (1.07-1.12)  0.00e+00  1.60e-06
15q13.3 rs11632715 33,004,247 A/G 0 1.11 (1.08-1.16) 1.07 (1.05-1.10) 0.00e400  1.93e-04 Tomlinson IP, PLoS Genet, 2011 rs73376930, G/A 0.19; 0.79 1.18 (1.15-1.21)  0.00e-+00  0.00e+00
16¢22.1 * 19929218 68,820,946 G/A 0 1.10 (1.06-1.14) 1.06 (1.04-1.09) 5.00e-07  7.60e-01 COGENT, Nat Genet, 2008 159939049, A/T 0.99; 0.99  1.06 (1.04-1.09)  2.00e-07  5.80e-01
16q24.1 * 1s2696839 86,340,448 G/C 0 1.06 (1.04-1.09) 1.05 (1.03-1.08) 1.30e-06  8.90e-01 Schmit SL, JNCI, 2018 - - - - -
18¢21.1 rs4939827 46,453,463 T/C 0 1.18 (1.12-1.23) 1.20 (1.18-1.23) 0.00e4-00  0.00e+00 Broderick P, Nat Genet, 2007 s7226855, A/G 1.00; .00 1.21 (1.19-1.24) 0.00e+00  0.00e+00
19q13.11 1510411210 33,532,300 c/T 0 1.15 (1.10-1.20) 1.14 (1.10-1.19) 0.00e+00  2.92e-05 COGENT, Nat Genet, 2008 173039434, T/G 0.35; 0.93  1.30 (1.22-1.38)  0.00e+00 0.00e+00
20p12.3 15961253 6,404,281 A/C 0 1.12 (1.08-1.16) 1.11 (1.08-1.13) 0.00e4-00  0.00e+00 COGENT, Nat Genet, 2008 - - - - -
20q11.22 ** 12295444 33,173,883 C/T 0 1.08 (1.05-1.1) 1.02 (1-1.05) 2.57e-02  1.00e+00 Schmit SL, JNCI, 2018 - - - - -
20q13.13 151810502 49,057,488 C/T 0 1.08 (1.05-1.1) 1.07 (1.05-1.1) 0.00e400  1.46e-03 Schmit SL, JNCI, 2018 - - - - -
20q13.33 154925386 60,921,044 c/T 0 1.08 (1.05-1.10) 1.10 (1.08-1.13) 0.00e4-00  0.00e+00 Houlston RS, Nat Genet, 2010 rs1741640, C/T 0.52; 0.88 1.16 (1.13-1.20)  0.00e+00 0.00e+00
Xp22.2 15934683 9,751,474 T/C 0 1.07 (1.04-1.10) 1.08 (1.03-1.12) 4.06e-04  1.00e400 Dunlop MG, Nat Genet, 2012 1s2732875, C/G 0.43; 1.00  1.18 (1.13-1.24)  0.00e+00  1.32e-04
* does not formally replicate in meta-analysis but P < 5times10~% ** does not replicate in meta-analysis, BFDP > 0.99
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Table 3.2: CRC risk loci newly discovered in Europeans. Adapted from “Association
analyses identify 31 new risk loci for colorectal cancer susceptibility”, Law et al., DOL:
10.1038/s41467-019-09775-w, CC BY 4.0 (https://creativecommons.org/licenses/
by/4.0/).

Locus 1sID Position Genes Risk/Alternate Allele  RAF  OR (95% CI) P BFDP 2 Pha

Newly discovered
1p34.3 1s61776719 38461319 SF3A3, FHL3 C/A 0.45 1.07 (1.05-1.10) 2.19x10-10  1.98x10-3 1 0.44
1p32.3 1812143541 55247852 PARS2, TTC22 G/A 0.15 1.1 (1.06-1.13)  9.44x10-10  7.44x10-3 16 0.28
2ql11.2 111692435 98275354 ACTR1B G/A 0.90 1.12 (1.07-1.16)  1.22x10-8 0.079 29 0.14
2q33.1 1511893063 199601925 PLCL1, SATB2 A/G 0.47  1.07 (1.04-1.09)  9.34x10-9 0.069 43 0.04
2q33.1 157593422 200131695 PLCL1, SATB2 T/A 0.55 1.07 (1.05-1.10) 3.56x10-11  3.50x10-4 15 0.28
3p21.1 rs9831861 53088285 SFMBT1, RFT1 G/T 0.59  1.07 (1.05-1.09) 4.17x10-10  3.72x10-3 0  0.87
3q13.2 1512635946 112916918 C30RF17, BOC Cc/T 0.62 1.08 (1.06-1.10) 1.02x10-11  1.03x10-4 11 0.33
4q24 1517035289 106048291 CXXC4, TET2 T/C 083 1.1 (1 07-1.13)  2.73x10-10  2.30x10-3 0  0.95
4931.21  rs7H686861 145621328 HHIP A/G 0.10 1.12 (1.08-1.16)  1.76x10-9 0.014 0 049
6p24.1 rs2070699 12292772 EDN1 T/G 0.48 1.07 (1.04-1.09)  3.88x10-9 0.031 29 0.14
6p21.33  1s3131043 30758466 IER3, DDR1 G/A 043 107 (1.05-1.1)  2.67x10-8 0.159 60 0.01
6p21.32 rs9271770 32594248 HLA-DQA1 A/G 0.81 1.08 (1.05-1.11)  3.60x10-8 0.192 0 091
6q21 rs6928864 105966894 PREP, PRDM1 C/A 091 1.13 (1.09-1.19)  1.37x10-8 0.094 0 0.73
pl12.3 110951878 46926695 TNS3 C/T 0.49  1.06 (1.04-1.09)  1.10x10-8 0.08 0 0.65
Tpl12.3 rs3801081 47511161 TNS3 G/A 0.68 1.08 (1.06-1.11) 2.00x10-11  1.96x10-4 50 0.01
9p21.3 rs1412834 22110131 CDKN2B T/C 0.50 1 08 (1.06-1.11)  4.13x10-14  5.05x10-7 14 0.30
11pl15.4 154450168 10286755 SBF2 C/A 0.17 1(1.06-1.13)  1.24x10-8 0.079 0 081
12q13.3 rs7398375 57540848 LRP1 C/G 0.72 1 [)9 (1.06-1.13)  3.91x10-10 3.23x10-3 0 0.93
13g13.3  rs12427600 37460648 SMAD9 C/T 0.24 1.09 (1.06-1.11) 5.43x10-11  5.01x10-4 0 0.81
13g22.1  rs45597035 73649152 KLF5 A/G 0.64 1.08 (1.05-1.10) 2.16x10-10 1.94x10-3 0  0.53
13q22.3 rs1330889 78609615 EDNRB, PU4F1, RNF219 C/T 0.87 1.11 (1.07-1.14) 6.50x10-10  5.25x10-3 0  0.59
13q34 rs7993934 111074915 COL4A2 T/C 0.65 1.08 (1.05-1.10) 3.03x10-11 2.94x10-4 0 0.55
15¢22.31 rsd776316 67007813 SMAD6 A/G 0.73  1.08 (1.05-1.10)  1.11x10-8 0.076 22 0.21
15¢23 110152518 68177162 SKORI1, PIAS1 G/A 0.19  1.08 (1.05-1.11)  3.24x10-8 0.18 0 0.84
15¢26.1 rs7495132 91172901 CRTC3 T/C 0.12  1.11 (1.07-1.14) 7.92x10-10  6.34x10-3 29 0.14
16¢23.2  1s61336918 80007266 MAF, DYNLRB2 A/T 0.29 1.09 (1.06-1.12) 2.04x10-12  2.14x10-5 0  0.90
17p12 rs1078643 10707241 FOXL1, FOXC2 A/G 0.77 1.09 (1.06-1.12) 4.14x10-11 3.81x10-4 0  0.56
19p13.11 15285245 16420817 AP1M1, KLF2 T/C 0.11 1.11 (1.07-1.15)  3.71x10-8 0.195 2 042
19q13.33  rs12979278 49218602 MAMSTR, FUT2 T/C 0.53  1.07 (1.05-1.09) 6.11x10-10  5.35x10-3 15 0.28
20q13.13  1rs6066825 47340117 PREX1 A/G 0.65 1.1 (1.081.13) 3.82x10-17 5.67x10-10 0  0.49
20q13.33  1s3787089 62316630 RTEL1 C/T 0.32  1.07 (1.05-1.10)  5.80x10-9 0.043 0 080

Previously identified in Asian GWAS
5q31.1 1639933 134467751 PITX1 C/A 0.38  1.07 (1.05-1.10)  1.14x10-9  9.50x10-3 0 0.73
6p21.1 156933790 41672769 TFEB T/C 0.83 1.1 (1.07-1.14) 3.65x10-10  3.03x10-3 21 0.23
10q22.3 15704017 80819132 ZMIZ1-AS1 G/A 0.60 1.1 (1.081.13) 2.96x10-16 4.15x10-9 23 0.21
10g25.2  1s12255141 114294892 VTI1IA, TCF7L2 G/A 0.10 1.11 (1.07-1.15)  2.97x10-9 0.022 0 0381
12p13.31 rs10849438 6412036 CD9 G/T 0.12  1.12 (1.08-1.16) 1.04x10-10 9.49x10-4 21 0.23
17p13.3  rs73975588 816741 NXN, TIMM22 A/C 0.87 1.1 (1.06-1.13)  8.71x10-9 0.058 33 0.11
19q13.2  rs9797885 41873001 B9D2 G/A 0.71  1.08 (1.05-1.10) 2.77x10-10  2.43x10-3 0  0.70
20p12.3 rs6055286 7718045 HAO1 A/G 0.15  1.11 (1.07-1.14)  9.69x10-11  8.61x10-4 50 0.02
20q13.12  1rs2179593 42660286 TOX2 A/C 0.72  1.07 (1.05-1.10)  4.62x10-9 0.035 0 0.67
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Table 3.3: CRC risk variants discovered in analysis conditioning on the sentiel SNP and risk loci in Europeans.

Adapted from
“Association analyses identify 31 new risk loci for colorectal cancer susceptibility”, Law et al., DOI: 10.1038/s41467-019-09775-w, CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).

Sentinel SNP  Conditioning SNP  Cytoband Chromosome  Position Top Gene Risk/Alternate Allele  RAF  Conditional OR (95% CI) Conditional P value BFDP 2 Pha Reference
rsTT776598 s2735940 5p15.33 5 1,240,998 TERT C/T 0.06 1.16 2.84x10-10 0.003 0 093 -
154944940 153824999 11q13.4 11 74,415,252 POLD3, CHRDL2 G/A 0.96 1.28 3.21x10-17 2.73x10-9 6 0.38 -
rs12818766 s3217810 12p13.32 12 4,376,091 PARP11, CCND2 A/G 0.18 1.10 5.29x10-9 0.037 30 0.16 Wang (2014)
151570405 154444235 14q22.2 14 54,554,234 BMP4 G/A 0.31 1.07 1.91x10-7 0.125 0 0.46 Tomlinson (2008)
1516969681 rs73376930 15q13.3 15 32,993,111 GREM1 T/C 0.09 1.21 2.85x10-24 1.33x10-16 442 0.04 Tomlinson (2008)
16959063 rs73376930 15q13.3 15 33,105,730 GREM1 A/G 0.01 1.32 5.40x10-9 0.23 30 0.13 -
rs17816465 1573376930 15q13.3 15 33,156,386 GREM1 A/G 0.20 1.12 8.36x10-15 1.07x10-7 44 0.04 -
899244 1s2696839 16q24.1 16 86,700,030 FOXL1, FOXC2 T/C 0.21 1.09 1.13x10-10 4.06x10-3 14 0.29 -
rs6091213 rs1810502 20q13.13 20 49,384,745 PARDGB, BCAS4 c/T 0.26 1.08 5.68x10-10 3.88x10-8 0  0.96 -
154811050 151810502 20q13.13 20 48,980,670 PARDGB, BCAS4 A/G 0.18 1.09 2.43x10-11 4.06x10-3 20 0.23 -
6085661 961253 20p12.3 20 6,693,128 BMP2 T/C 0.39 1.09 1.63x10-14 4.76x10-3 6 0.39 Tomlinson (2008)

RAF = risk allele fequency in Europeans, OR = Odds ratio, CI = confidence interval, BFDP = Bayesian False Discovery Probability, Pj.; = Probability for heterogenety

fipequadassns 2199usp) g
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Of the candidate genes proximal to newly discovered loci, some are of particular
interest. At the 1p34.3 locus, rs61776719 lies between SF3A3 and FHLS. FHLS is
part of the FHL3/TGF 3 /Smad signalling pathway [320], acting as both a tumour
suppressor and oncogene in a number of malignancies [321], while SF3A3 encodes
subunit 3 of the splicing factor 3a protein complex involved in pre-mRNA processing,
and inhibits p53 activity [322]. Two other SMAD genes were also identified in this
analysis - SMADY at q13.13 and SMADG at 15q22.31 - joining other BMP/TGF-f3
signalling genes (SMAD7, GREM1, BMP2, BMPj) identified in previous GWAS,
and highlighting the importance of this pathway [115]. Several other newly
highlighted loci also have roles in key signalling pathways. At 10q25.2, TCF7L2
is has a role in MY signalling, and has been associated with multiple cancers
[323], whilst RTEL1 at 20q33.3 is a DNA helicase involved in the maintenance

of chromosomal integrity [324].

Other candidate genes are known to have roles in carcinogenesis. The 9p21.3
locus is commonly deleted in a number of cancers, with CDKN2A/B deletions
in up to 13% of tumours [325]; downregulation confers resistance to immune
checkpoint inhibitors [326]. CXXC4 at 4q24 is a known tumour suppressor, which
negatively regulates Wnt signalling, in a number of malignancies including CRC
(327, 328], whilst HHIP, the candidate gene at 4q31.21, is a regulator of Hedgehog
signalling which has been implicated in a large number of cancers [329]. EDN1
at 6p24.1 encodes the preprotein of a potent vasoconstrictor. The endothelin
signalling network promotes epithelial-to-mesenchymal transition, cell proliferation,
and neovascularisation, and thus may have a number of roles in carcinogenesis
[330]. At 6921, PRDM1 is a known tumour suppressor gene, which has been
shown to act in response to pb3, silencing stem-cell related genes [331]. The
7p12.3 locus, and TNSS gene, is significantly associated with pancreatic cancer in
GWAS [332]. TNS3 is a focal adhesion protein which is involved in a molecular
phosphorylation switch, triggered by activation of MAPK1/2 by epithelial growth
factor, and is essential for initiating and perpetuating cell migration, and implicated

in epithelial cell tumorigenesis [333].
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3.4 Linkage

3.4.1 Linkage methods

3.4.1.1 Family inclusion criteria

I identified families for linkage from the CORGI research study. Families for
whom we had blood samples or array or sequencing data available for at least two
family members with CRC or multiple polyps were included (ideally with sequencing

data for at least one family member); 183 families fulfilled these criteria.

These families will ultimately be analysed in phenotypic groups:

« early onset CRC (<60 years at diagnosis) with at least one additional relative
with CRC under 70, dominant inheritance

o early onset CRC (<60 years at diagnosis) with at least one additional relative
with CRC under 70, recessive inheritance

o late onset CRC - families with two or more cancer with age of onset not
meeting the above criteria

o multiple-adenoma - one family member with > 10 adenomas, with an addi-
tional family member with > 10 polyps of any kind

e dominant inheritance, any phenotype

e recessive inheritance, any phenotype

In addition per-family analysis of families with exceptional phenotypes who

may not fulfil the criteria will be analysed.

3.4.1.2 Data sources

Individuals included in linkage families were genotyped on one of four different
arrays: Illumina Hap5b50, Illumina HumanCoreExome, Affymetrix Axiom Biobank,
and [llumina OncoArray. Initial QC, phasing and imputation to the 1000G Phase
3 reference was performed by Dr Claire Palles.

Sequencing data was from individuals included in several projects: the Oxford-
[lumina WGS500 project [263], the Illumina-215 project, and Complete Genomics
196 (Section 2.3).
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3.4.1.3 Post-imputation QC and identification of SNP union

I extracted a set of SNPs passing QC in all datasets and sequenced to 10x read
depth. Per-SNP QC following imputation was more stringent than that used for
GWAS, owing to the higher cost of incorrect genotyping in linkage analysis. I
excluded SNPs with missingness >0.05, MAF<0.1, INFO score <0.8, and those
not in Hardy-Weinberg equilibrium (P <1x107?), using GTOOLS, QCTOOLS,
PLINK and BCFtools (Section 2.9).

Unfortunately the sequencing quality of the Complete Genomics (CG) dataset
was relatively low, resulting in very low overlap (~35,000 SNPs) between all of
these datasets. As a result, CG-sequenced individuals are excluded from the
current analyses, and they plus a number of recently recruited family members have
subsequently been genotyped on Illumina’s CoreExome-24 v1.2 array. I extracted
DNA from blood samples where required as described in 2.6, and genotyping was
carried out at Genomics Birmingham, University of Birmingham. Further analysis
of this extended data is yet to be completed. As a result, ~1.2 million genotypes

were included in the linkage analysis.

3.4.1.4 Linkage analysis

I used MERLIN [279] to perform non-parametric linkage analysis, calculating
Kong and Cox LOD scores [334] in centimorgan (cM) grids. I examined sequencing
data (previously annotated by Dr Luke Freeman-Mills) in regions within +0.75
centimorgan from the peak regions of nominal K+C significance (P< 0.05) in

exponential analysis.

I prioritised variants initially based on the presence of alleles in controls in
the WGSH00 dataset, retaining those with fewer than 2 alleles, and allele count
<100 in Exome Aggregation Consortium (ExAC) exomes [335]. I then filtered
these further based on functional consequence as predicted by the Ensembl Variant
Effect Predictor (VEP, [336]), retaining variants encoded as “transcript ablation”,
“splice acceptor variant”, “splice donor variant”, “stop gained”, “frameshift variant”,

s PP

“stop lost”, “start lost”, “transcript amplification”, “inframe insertion”, “inframe
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PRENA4

deletion”, “missense variant”, “protein altering variant”, “splice region variant”,
“incomplete terminal codon variant”, “stop retained variant”, “5 prime UTR variant”,
or “3 prime UTR variant”.

I evaluated allele frequency in other reference datasets including UK10K, 1000
Genomes, ExAC, TopMed and gnomAD. I examined the functional impact of coding
variants using SIFT [337] and PolyPhen [338] scores, and of non-coding variants using
HaploReg v4.1 [339], conservation using PhyloP, and mRNA expression in GTEx.

For a shortlist of variants of particular interest, I checked frequency of the
specific variant, and of truncating mutations in the candidate gene, in sequencing
data from 3,441 CRC cases (2,636 from the 100,000 Genomes Project and 805 from
our own sequencing projects), and 14,426 Northern European controls (as defined
by PCA). Examination of the 100,000 Genomes Project data was undertaken

by Professor Tan Tomlinson.

3.4.2 Linkage results

I present here the results of the analysis of two families of interest, and of the

three families with a multiple-adenoma phenotype.

3.4.2.1 Family 2733

Family 2733 (also known in CORGI as StM3023) consists of two brothers, one
with CRC at the age of 41, and the other 2 adenomas and 3 hyperplastic polyps at
41. Their father, for whom we do not have genetic data, had CRC at the age of 65.

Linkage analysis highlighted linkage peaks on most chromosomes. Figure 3.12
shows sample peaks on chromosomes 1 and 8. After filtering sequenced variants
covered by the LOD peaks by frequency in control populations and functional
annotation in VEP, 195 variants of potential interest remained; restricting these
further to missense variants left 27 (Table 3.4). The majority were not predicted

to be deleterious based on SIFT and PolyPhen scores.
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Figure 3.12: LOD peaks for Chromosomes 1 and 8 in family 2733
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Table 3.4: Missense variants identified in linkage analysis of family 2733

fign1quyddosns 21pousxr) g

Position rsID Gene Amino Acid Change 1000 ExAC UK10K SIFT/PolyPhen PhyloP ~ Comments

Genomes
1:11844641:C>T rs780856228 Clorfl67 P[249/306/523/587/1163]L NA 0.0003 NA 1/0.003 0.238 Benign
1:12024350:C>T rs11553676 PLOD1 R[441/488]|W 0.0002 0.0001 NA 0/0.489-0.656 1.225  connective tissue disorders
1:16053832:A>G rs376306853 PLEKHM2 D402G NA 0.0003 0.0003 0/0.999 2.047 Candidate
1:17312707:G>T rs773484997  ATP13A2 H[324/1084]N NA 0.0002 NA unknown -0.824  Unknown impact, not conserved
1:17396617:T>C rs763691887 PADI2 E[461/577]G NA 0.0001 NA 0.22/0.099-0.465 0.879 Benign
1:22159016:C>T rs534160301 HSPG2 G37278 0.0002 0.0000 NA 0.14/0.933 2.402 Likely benign
1:23760749:G>A 1s780277335  ASAP3 T[154/641/650]1 NA 0.0000 NA 1/0.19 2.287 Benign
1:92941735:C>T rs367740686 GFI1 G374S NA 0.0000 NA 0.02/0.997 2.635 Candidate
1:114255919:A>T rs529721504 PHTF1 D[11/202/210/155]E 0.0002 0.0001 NA 0.01-0.31/0.493-0.968 -0.128 Gene poorly characterised
1:155630058:A>C - YY1AP1 1[394/517/528/537/548/594/666/686]S  NA NA NA 0/0.956-0.964 1.165  Gene poorly characterised
1:156819165:C>G 15148814291 INSRR K439N NA 0.0000 NA 0/1 0.614 NTRK on opposite strand
1:158687796:A>C rs138237790 OR6K3 F[37/53]C NA 0.0000 0.0003 0/0.992 1.819  olfactory gene
3:194063002:G>C rs199846219 CPN2 L[144/520]V NA 0.0001 NA 0.13/0.02 -0.995 Benign
5:79950727:G>C rs1574197 MSH3 A61P 0.0417 NA NA 0.29/0 -0.103 Benign
8:135614791:G>C rs760117294 ZFAT L[329/379/391]V NA NA NA 0.08,/0.528-0.999 2.717 Candidate
8:146157646:G>A rs144660752 ZNF16 T1761 NA 0.0000 NA 0.14/0.013 -1.329 Benign
10:29812417:C>G 15373969255 SVIL E[616/1042]D NA 0.0000 NA 0.77/0.001 -1.968 Benign
11:66029645:G>A rs143312355 KLC2 E[31/94/171]K 0.0008 0.0008 0.0017 0.06/0.491-0.757 2.081 Low colon exp
11:29812417:C>G rs373969255 SVIL E[616/1042]D NA 0.0000 NA 0.77/0.01 -1.968 Benign
11:76371565:G>A rs150096749 LRRC32 R358C 0.0006 0.0004 0.0011 0.19/0.462 0.984 Benign
11:86663244:C>A rs771911050 FZD4 G185V NA 0.0000 0.0003 0.49/0.041 2.760 Benign
11:3723942:G>A rs146515319 NUP98 P1088L NA 0.0002 0.0004 0.12/0.003-0.013 -0.243 Benign
11:5717709:G>A rs200668710  TRIM22 E83K 0.0002 0.0012 0.0004 0.07/0.134 0.590 Benign
11:6519875:G>A rs149433314 DNHD1 A144T NA 0.0000 0.0001 0.38/0.009 -0.247 Benign
11:6651470:A>G 15199544459 DCHS1 P15198 NA 0.0008 NA 0.06/0.215 2.689 Benign
11:129742942:A>G rs377366500 NFRKB VI[867/877/892]A NA NA NA 0.21-0.34/0.261 0.853 Benign
15:59323283:A>G - RNF111 S[88/540]G NA NA NA 0.64-0.83/0 0.984  Benign
18:51800428:C>G - POLI T[206/244/257/402/517/599/707]S] NA NA NA 0.09-0.23/0.087-0.351 1.442  Benign
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I identified several strong candidates among potentially deleterious missense
variants. Firstly, rs367740686 (Chr1:92941735:C>T, G374S), is found in exon 7
of GFI1 at the 1p22.1 locus. GFI1 encodes a nuclear zinc finger protein, which
acts as a transcription repressor. It binds directly to a consensus DNA recognition
motif (TAAATCAC(A/T)GCA) in target gene promoters [340], controlling histone
modification by recruiting histone deacetylase complexes, and ultimately silencing
target gene promoters [341]. Gfil regulates a large number of genes and is involved
in many biological processes, and in CRC has been reported to act as a tumour

suppressor gene [342].

The variant is present at a frequency of 0.00002 in ExAC, and absent from
WGS500. Tt is a conserved site (PhyloP score 2.635), and is expressed in transverse
colon in GTEx. The Gfil protein consists of an N-terminal SNAG domain, and inter-
mediate region, and 6 C-terminal zinc finger domains [340]. The G374S substitution
is predicted to be deleterious in each transcript (SIFT 0.02; PolyPhen 0.977); this
residue is located on zinc finger 5, which binds to the DNA recognition motif. G374S
is classified as a variant of uncertain significance for severe congenital neutropoenia

2 in ClinVar, but not previously reported in association with other phenotypes.

An additional potential site of interest is rs148814291 (Chr1:156819165:C>G,
1g23). This encodes a K439N change in INSRR, an insulin receptor protein
which is minimally expressed in colonic tissue, however on the reverse strand
this represents an intronic change in NTRK1 (neurotrophic tyrosine kinase, type
1; ¢.12247180C>A), predicted to result in nonsense mediated decay or retained
introns. This variant has a frequency of 0.00003 in ExAC, is not present in
WGS500, and is conserved. Examination of the variant in Haploreg v.4.1 shows
an active enhancer mark (H3K4mel) in colonic and rectal mucosa at this site.
NTRK1 encodes a membrane-bound receptor, TRKA receptor tyrosine kinase, which
phosphorylates itself and MAPK pathway proteins, regulating cell differentiation.
Somatic NTRK1 fusions result in constitutive activity of the kinase, and are seen
in lung adenocarcinomas, CRC, ductal breast cancers, and melanoma, as well as

multiple other cancers [343, 344]. NTRK1 fusions are actionable with targeted
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therapies, entrectinib and larotrectinib, the former of which was the first drug to

receive tumour-agnostic approval by NICE in the UK.

Another potentially interesting change, rs760117294, was found in ZFAT on
8q24.22 (Chr8:135614791:G>C). ZFAT is a highly conserved transcriptional regula-
tor which was originally identified in individuals with autoimmune thyroid disease,
with a role in haematopoiesis and angiogenesis [345]. ZFAT knockdown induced
apoptosis in blood cell lines [346], and the gene is identified as a region of high
copy number gain in ovarian cancer [347]. There are 9 transcripts for this gene as a
result of alternative splicing, resulting in >V changes at position 329, 379 or 391.
The predicted impact of the change is variable, tolerated by SIFT (0.08) but by
PolyPhen scores is predicted to be possibly/probably damaging. This variant is
not present in WGS500 controls, is not seen in our core adenoma or HPPS samples,

and is present once in the core early onset cancer samples.

rs376306853 (Chr1:16053832:A>G) results in a D402G amino acid change in
Exon 9 of PLEKHM?2 at 1p36.21. It is rare (frequency of 0.0003 in ExAC and
UK10K), deleterious (SIFT 0, PolyPhen 0.999), and well conserved (PhyloP score
2.047). PLEKHM?2 is required for lysosomal movement away from the microtubule-
organising centre towards the periphery of the cell, acting through a protein chain

which recruits the lysosomal transport protein kinesin 1 to the lysosome [348, 349].

PLEKHM?2 has recently been described as a fusion partner in an ALK-fusion
mutation in small-cell lung cancer [350]. Mechanistically, outward movement of
lysosomes is seen in response to acidic microenvironments [351] such as are found in
tumours, and knockdown of PLEKHM?2 inhibits this response to acidification [348].
Disruption of this process in prostate cancer cells reduces tumour invasion [352].
However, the D402G residue is not located in key functional protein domains.

The remaining deleterious variants were less likely candidates based on gene

function (Table 3.4).
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Figure 3.13: Pedigree for family 3491. Individuals with genetic data are outlined in
purple. C04 (sequenced) had 9 adenomas at 63 years; B0O8 had CRC at 54; N93 had CRC
at 64; N55 had CRC at 46.

3.4.2.2 Family 3491

Family 3491 (known in CORGI as BelN99/28951) has an early onset CRC
phenotype, as seen in the pedigree in Figure 3.13. Narrow LOD peaks at or nearing
the maximum possible LOD for the pedigree (1.183) were seen at 1p36.21, 3q26.2,
4p15.1, 8q24.3, and 9p13.3 (Figure 3.14). Filtering variants as with the previous
family, there was 1 missense variant localising to these regions; including any
functionally annotated variant produced 3 variants.

1p36.21 has not previously been associated with CRC, and the genomic region
underlying this peak (Chr1:14,200,000-14,630,000) contained no functional variants.
The region lies just upstream of PRDM2 which I examined separately but contained
no potentially pathogenic variants.

The 3q26.2 locus is frequently implicated in carcinogenesis and is a known
CRC risk locus in GWAS [248]. I identified one sequenced variant with functional
impact, rs557433728 (Chr3:170606856delTTTGT) at this locus. This is a 3" UTR
variant downstream of EIF5A2, a widely expressed gene with several biological

roles including in cell cycle progression and regulating apoptosis. The variant
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Figure 3.14: LOD peaks for family 3491

is present once in the WGS500 dataset, and has an allele frequency of < 0.002
in gnomAD and TOPmed genomes. FEIF5A2 acts an oncogene in CRC, with
over-expression correlated to tumour stage and survival [353]. This is effected
through the upregulation of MTA 1, which induces epithelial-mesenchymal transition
[354]. Additional potential genes of interest at this locus include MECOM, TERC,
TRAF2, TNIK, and SKIL.

The genomic region underlying the linkage peak at 4p15.1 (Chr4:33,387,000-
35,412,000) contained no functional variants. This region is intergenic, adjacent
to the genes ARAP2 which acts downstream of RhoA to control focal adhesion
dynamics, and DTHD1 which is involved in the apoptosis pathway, but neither
has been strongly associated with carcinogenesis. Deletions in the region of 4p15.1
have previously been reported in colorectal adenocarcinomas and adenomas [355],

with LOH found at 4p15.1-4p15.31 in sessile serrated adenomas [356].

At 8q24.3, I identified a splice site variant, rs754431097, under the LOD peak
(Chr8:143,190,000-143,904,000) in ADGRBI1. However the gene is poorly expressed
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in gastro-intestinal tissue, being largely brain specific, thus this is unlikely to be
pathogenic. Copy number variation at 8q24.3 is common in a number of cancers
in TCGA data, and is associated with prognosis - deletion of 8q24.3 conferred an
increase in 5-year mortality in CRC patients (OR 4.12, 95% confidence interval
1.15-14.82), as did gain of a copy (OR 1.75, 95% CI 1.32-2.31) [357]. Amplification

of this locus is also associated with MSI-high colorectal tumours [358].

The single variant under the peak at 9p13.3 (Chr9:33,416,000-36,034,000),
rs113475471 (Chr9:36003344:G>T), locates to a polymorphic pseudogene, OR13C7,
encoding an olfactory receptor, and so is likely irrelevant. The 9p13.3 locus
has not previously been associated with CRC, but is a lung adenocarcinoma
susceptibility locus in TWAS [359], with copy number gains in prostate cancer,

olfactory neuroblastoma, and gastric cancer cell lines [360-362].

3.4.2.3 Multiple adenoma families

My multiple-adenoma linkage analysis included 3 families fulfilling our pre-

specified multiple adenoma phenotype.

Family 3702 (StM2349) includes two brothers, one of whom (sequencing ID IT16)
was diagnosed with 9 adenomas and 6 hyperplastic polyps (HPPs) at the age of 29,
and the other CRC at 63 with 4 adenomas and 16 HPPs. Their paternal grandfather

and paternal uncle had both died from CRC, and two cousins have colorectal polyps.

Family 6863 (StM3708) also includes two brothers, one with 16 adenomas and 2
HPPs at 63 (sequencing ID IT10), and his brother 10 polyps (unspecified) at
the age of 66.

Family 17471 (SGH171498) includes a father and two sons. The father had over
150 TVAs and serrated adenomas by the age of 43. His sons subsequently underwent
colonoscopy; the elder son 15 adenomas and 2 HPPs at the age of 21, and the
younger had 39 adenomas and 1 HPPs by 20 years of age. Of note, these individuals

have all been sequenced in the GEL project in addition to being genotyped.
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Linkage analysis identified narrow peaks at 4q13.1, 5p15.33, 7q32.1, 11g23.3,
14g21.1 and 18q.1-12.2. As with Family 3491 I examined all functionally annotated

variants (listed in Table 3.5), as there were just two missense variants.
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Table 3.5: Functionally annotated variants identified in linkage analysis of multiple adenoma families
Locus Position rsID Gene Impact 1000 ExAC UK10K SIFT/PolyPhen  PhyloP
Genomes

4q13.1 4:65147217:A>G rs146610448 TECRL V[13/298]A 0.0002 0.0009 0.0021 0/0.294-0.996 2.112
4:66196519:G>A rsb51436483  EPHAS 3’ UTR variant - - 0.0029 - -0.215

7932.1 7:127225458:G>A rs548961200 ARF5 upstream gene variant - - 0.0028 - 0.202
7:127672115:C>G rs142220343 LRRC4 5" UTR variant, upstream gene variant - - 0.0284 - 1.408
7:127945084:G>A - RBM28 3’ UTR variant - - - - -0.054

11g23.3 11:118097941:T>C - MPZL3 3’ UTR variant, downstream gene variant - - - - 0.230
- AMICA1 upstream gene variant - - - - 0.230

11:118098148:G>C - MPZL3 3’ UTR variant - - - - 0.415

- AMICA1 upstream gene variant - - - - 0.415

11:118415381:C>G rsb46689601  IFT46 3’ UTR variant, downstream gene variant  0.0008 - 0.0021 - 1.359
rs546689601  TMEM25 intron variant 0.0008 - 0.0021 - 1.359

11:118533570:CA>C - TREH P27X - - - unknown -0.319
11:118533572:G>GTGATCA - TREH intron variant - - - - -0.765
11:118533574:C>CACAA - TREH intron variant - - - - 0.944
11:118829210:A>T - UPK2 3’ UTR variant - - - - 1.829
11:118987186:T>C rs752017704  C2CD2L 3’ UTR variant - - - - 0.006
11:119186771:C>T rs192316821 MCAM intron variant, splice acceptor variant - - 0.0005 - -0.280

18q12.1  18:31763514:G>C rs72961222 NOL4 3’ UTR variant, intron variant 0.0008 0.0004 - - -0.584
18q12.2 18:32831349:C>CA rs528812569 ZNF397 intron variant - - 0.0021 - -0.122
rsb28812569 ZSCAN30 3’ UTR variant, downstream gene variant - - 0.0021 - -0.122

18:32842714:T>C rs181377293 ZNF397 downstream gene variant - - 0.0007 - 0.427
rs181377293 ZSCAN30 3’ UTR variant, downstream gene variant - - 0.0007 - 0.427

fipequadassns 2199usp) g



3. Genetic susceptibility

The 4q13.1 locus has been identified previously in a linkage study of familial
colorectal cancer type X (in which Lynch-defining criteria are fulfilled without
a variant identifies in a MMR gene) [105]. Under the peak at the 4q13.1 lo-
cus (Chr4:64,176,000-67,035,000), IT16 harbored a missense variant, rs146610448
(c.10044+1010A>G; V298A), in TECRL. Though the variant is rare and predicted
to be damaging, this gene is not expressed in gastrointestinal tissue, and with no
prior reports of association with malignancy this seems an unlikely candidate. I'T10
harbored a variant, rs551436483, which locates to the 3’ UTR repeat of a tyrosine
kinase, FPHA5. The variant has a frequency of 0.002 in UK10K, but is not conserved
and was not evaluable in Haploreg. Two VUS in EPHAS5 (c.242A>C) were recently
identified in 2 cases of Barret’s Oesophagus with a family history of CRC [363].

I could not identify any variants of interest at the 5p15.33 locus below the
peak (Chrb:3,682,000-4,376,000), which is intergenic. The closest gene to the peak
is IRX1, a known tumour suppressor gene in gastric and lung cancers which lies
approximately 80kb upstream [364, 365]. The 5p15.33 locus has previously been
highlighted in CRC GWAS [312].

On chromosome 7 (Chr7:126,127,000-128,381,000, 7q32.1), I identified 3 variants.
Rs548961200, identified in IT16, is a 5° UTR variant of ARF5. The allele frequency
is 0.0027 in UK10K; PhyloP score is 0.202. ARF5 is one of 6 ARF genes, which
are involved in endosomal trafficking, and is widely expressed. Knockdown of Arf5
has been shown to increase tumour growth and cell migration in murine models of
glioma [366]. This variant was not evaluable in HaploReg v4.1, and so its functional
impact is unclear. The second, rs142220343 (Chr7:127672115:C>G), identified in
IT10, is intronic to LRRCY. This is a known to be a tumour suppressor in glioma
[367], and was recently included as a methylation marker for pancreatic cancer
detection [368]. However rs142220343 is common in UK10K, and so an unlikely
candidate. The final variant, chr7:127945084:G>A, is a 3’ UTR variant of RBM28.
Upregulation of RBM28 is seen in a number of different cancers, including colon
cancer, and is associated with poorer prognosis in TCGA data [369]. RBM28

promotes cell proliferation by impairing p53 transcriptional activity [369].
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I identified 9 variants within the peak region at 11g23.3 (chr11:117,800,000-
119,217,000). This locus shows LOH is some somatic CRC [370, 371], was previously

identified as a suggestive locus in CRC linkage [111], and was recently identified
as a CRC risk locus in GWAS [114].

IT16 harbored two different 3-UTR, variants of MPZL3 (Chr11:118097941:T>C
and Chr11:118098148:G>C). Neither was present in any reference dataset, but the
sites are moderately conserved. MPZLS3 has previously been associated with lung
cancer risk [372], and RNA expression was significantly increased in radio-resistant

rectal cancer cell lines [373]. It is expressed in transverse colon at low levels.

A 3-UTR variant in IF'T46, rs546689601, was found in I'T10. This has frequency
of 0.002 in UK10K and is conserved (PhyloP 1.359). This gene is widely expressed,
and functions in ciliary protein trafficking, but has no reported association with
cancer, and was not evaluable in Haploreg. An additional variant was identified in

IT16 in UPK2, but this urothelium-specific protein is unlikely to be relevant here.

Three variants in TREH were identified in IT16, one of which was predicted to
be a frameshift variant, 11:118533570:CA>C, P27X. There are multiple transcripts
of this gene, and in other transcripts this change was reported as an intron variant
causing feature truncation. The other variants are intronic, and all cluster within
5bp. Examination the surrounding sequence shows that this is not a region of short
repeats, and these may therefore represent sequencing or mapping error.

rs752017704 is a 3-UTR variant, or in some transcripts a non-coding variant
causing a retained intron, in C2CD2L. This variant has a frequency of <0.001
in gnomAD genomes and TOPMed, and PhyloP score of 0.006, but was not
evaluable in Haploreg. This is a recently characterised endoplasmic reticulum
protein, which transports phosphatidylinositol from the ER to the plasma membrane
where is converted to phosphatidylinositol 4,5-bisphosphate (PI(4,5)P2)[374]. This
activity replenishes PI1(4,5)P2, which is phosphorylated to phosphatidylinositol-
3,4,5-trisphosphate (PI(3,4,5)P3) by phosphoinositide 3-kinase (PI3K), and which
then activates the AKT-mTOR pathway, promoting cell growth and proliferation
[375]. The PIBK-AKT-mTOR pathway is implicated in the pathogenesis of a wide
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range of cancers, and is well recognised as being overactivated in CRC [376]. Thus

modification of C2CD2L expression could play a role in cancer pathogenesis.

An additional variant in IT10 is rs192316821, an intronic variant within MCAM.
The variant has a frequency of 0.0005 in UK10K, but the site is not strongly
conserved. High levels of MCAM expression in cancer-associated fibroblasts in CRC
has recently been shown to be inversely associated with survival, whilst in mice,
Mcam knockout in the stroma reduced tumeroid growth [377]. On examination in
Haploreg this variant is in an ChromHMM inactive state (state 10 or 11) in colorectal

samples in the 15-state model, but in a promoter state (3) in the 25-state model [339].

Below the 14¢21.1 peak (Chr14:40,258,000-43,140,000) there were no variants of
interest noted. The only gene under this peak is LRFN5, a calcium-dependent cell-
adhesion molecule which regulates synapse development [378], previously associated
with autism and major depressive disorder [123, 379], though it has been reported
as a possible methylation-based marker in pancreatic cancer [380], and is expressed

in colonic tissues. The 14g21.1 locus has not previously been reported in CRC

though 14q22.2 was an early GWAS locus [247].

In the region of interest on chromosome 18 (18:31,062,000-33,320,000), which
localises to a region spanning parts of 18q12.1-12.2, both individuals harbored 3’
UTR variants in ZSCAN30. In I'T10, rs528812569 is an insertion with a frequency of
0.002 in UK10K, and IT16 harbored rs181377293 (UK10K allele frequency 0.0006).
There is no data on either variant in HaploReg v1.4. On the opposite strand is
ZNF397, a ubiquitously expressed transcription activator [381], in which rs528812569
is an intronic or downstream variant. However neither gene is previously reported

to be associated with cancer.

3.4.2.4 Follow-up of candidate variants

On examination of the top candidate variants and genes in sequenced cases and
controls (from the Genomics England dataset and our own in-house sequencing data,

Table 3.6), several genes were deprioritised. Candidate variants and truncating

mutations were identified in multiple controls for PLEKHM?2, ZFAT, FIF5A2,
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Table 3.6: Replication of top linkage analysis candidate variants and genes in sequenced
cases and controls

Variant (N) Truncating mutation (N)

Locus Variant Gene Cases Controls Cases Controls

Family 2733

1p36.21  rs376306853 PLEKHM2, D402G 1 4 0 3
1p22.1  rs367740686 GFTI1, G374S 0 0 1 9
1923 15148814291 NTRK1, intronic 1 0 0 0
8q24.22 rs760117294 ZFAT, L[329/379/391]V 0 3 3 3
Family 3491
3q26.2  rshb57433728 EIF5A2, 3 UTR 0 0 0 4
Multiple Adenoma Families
4q13.1  rsH51436483 EPHAS5, V298A 0 0 0 1
7q32.1  1s548961200 ARF5, 3> UTR 0 0 0 0
rs551436483 LRRC4, intronic 0 0 0 1
7:127945084:G>A RBM28, 3’ UTR 0 0 3 16
11923.3  rs752017704 C2CD2L, 3-UTR 0 0 0 1
rs192316821 MCAM, intronic 0 0 0 6

RBM28, and MCAM. Truncating mutations in GFII were also seen in one case and 9
controls, however on closer inspection in 7 of the controls the variants clustered within

a 12bp region, and may therefore have been secondary to quality or mapping issues.

3.5 Discussion

In this chapter I have reported the discovery of new CRC loci through genome-
wide association studies, and propose several new potential loci and putatively

pathogenic variants identified in linkage analysis.

In my GWAS analysis of SCOT and PoBI datasets, the very high number of
false positive results (i.e. type 1 errors), ultimately appeared to arise from an error
introduced when combining the two datasets. My investigation of the issues in
this GWAS highlight some key concerns around imputation-based GWAS analysis,
and the importance of choice of control dataset.

I was initially concerned that imputation may have introduced bias (or error) to
my analysis. Imputation quality for downstream analysis is enhanced by ensuring
an appropriate reference panel is used, and removing SNPs with poor imputation

scores. Imputation techniques have also evolved and improved considerably over
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the last 15 years. The imputation reference panel used in my SCOT-PoBI GWAS
had been used by our research group and collaborators for multiple other studies

[115], and ought to have been appropriate to my European ancestry datasets.

Despite selection of appropriate reference data, inherent uncertainty in calling
genotypes can introduce bias in imputation and subsequent GWAS analysis. This
can be a particular issue when combining datasets typed on different arrays, when
overlap in SNP content can be low (as I found here). In this case, SNPs may be
imputed from a common SNP set, or separately from available SNPs from each
array. When imputed from differing SNP sets, uncertainty will vary as a result of
some SNPs being genotyped in one dataset, and imputed in another. Imputing from
a common SNP set has been shown to reduce type 1 error [178], however the shared
content in my analysis was insufficient to use this approach without significantly
affecting imputation quality. Additionally, if the MAF in the case or control datasets
differs significantly from the MAF in the imputation panel, spuriously divergent

MAFs between the cases and controls can increase the type 1 error rate [382].

An alternative source of bias is confounding due to population stratification [315].
Ideally cases and controls should be from the same population, and representative
of the population in which cases arise [383]. The effect of population structure
can be minimised by matching controls to cases based on confounders which
act as proxies for population structure, or by adjusting for population structure
during analysis [383].

Restricting analyses to one population reduces the impact of population structure,
but the issue may persist if there is significant variation in allele frequency or disease
incidence within the population [383]. Differences in allele frequencies between
populations can lead to false-positive associations in GWAS if the population
substructure is unbalanced between cases and controls [271]. The impact of
population stratification is positively correlated with sample size [384], and thus it
is common in the most recent large-scale GWAS to adjust for population structure,

using PCs, in the association analysis.
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In their paper using haplotype-based methods to investigate population sub-
structure within PoBI, Leslie et al. [242] were the first to demonstrate rich fine-scale
genetic variation within a country. In studying Caucasian individuals from across the
UK whose grandparents had all resided within 80Km of one another, they effectively
studied DNA from the grandparents in these regions, prior to the population shifts
of the 20th century (average year of grandparental birth was 1885). The observed
population substructure coincided with geography across the UK [242]. However,
PCA separated only Welsh and Orkney-based samples from the rest of the UK,
whilst more refined analysis using hierarchical clustering (fineSTRUCTURE) defined
17 clusters. It is possible that fine-scale population structure observed in PoBI could
be insufficiently accounted for by PCA, which might bias GWAS results. I was
unable to find any other paper that had used PoBI as a GWAS control study (per
Web of Science search for citations 20th June 2022), which was unexpected given
that one of the stated purposes of the project was to provide a well-characterised

control population for future disease studies.

Given time constraints and the identification of an alternative control dataset, I
did not pursue my investigations of this further. The subsequent European CRC
GWAS meta-analysis identified 31 new risk loci, 8 additional independent risk SNPs
at these new or previously reported loci, and an additional 9 SNPs previously found
in Asian GWAS [115]. Concurrently with publication of this paper, a large US-led
consortium also published a CRC meta-analysis, which replicated 18 of the novel
associations identified in our study, identified a further 5 independent signals at loci
identified in our study, and reported a further 17 loci or conditionally independent
signals beyond those seen in our analysis [222].

SNPs identified in the CRC meta-analysis presented mapped to regions with
enhancer marks in colonic tissue, and 87% of SNPs were predicted to disrupt
transcription factor binding motifs [115]. SNPs may also affect chromatin-looping
interactions, which impact cis-regulatory transcriptional networks. These chromatin
interactions confirmed the relationship between rs6983267 and MY, and support
rs1412834 action on CDKNZ2B, and rs12255141 on TCF7L2. Incorporation of
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expression quantitative trait loci (eQTLs, loci associated with disease status based
on RNA expression levels) with GWAS data supports candidate genes for a number
of other CRC loci, for example rs4546885 and LAMCI1, and rs12427600 and
SMADY9 [115].

Subsequently the data from this meta-analysis has been pooled with almost all
existing CRC GWAS data, including 100,000 cancer cases and 150,000 controls
of European and Asian descent. This has identified a further 50 independent
risk associations, bringing the total to 205 [114]. Further multi-omic analysis
with transcriptome- and methylome-wide association studies (TWAS and MWAS)
identified a further 53 risk associations. Functional and pathway enrichment analysis
in these studies highlights several key effector pathways in CRC, including Wnt, TGF-
f/BMP, and Hippo. Fernandez-Rozadilla et al. identify over 150 plausible effector
genes, and functional annotation of these highlights genes in relevant biological
processes including RhoA /ROCK signalling genes linked to cell migration, Ras/RAF
pathway genes controlling cell proliferation, genes associated with prostaglandin
metabolism, and with roles in the cytoskeleton and ion transport.

My linkage analysis identified potential new CRC loci, and replicated two
GWAS loci (3q26.2, 5p15.33), and the 4q13.1 and 1123 loci identified previously
in Lynch-like families [105, 111]. 1g23 overlaps with the 1q22-q24.2 locus identified
in extended CRC families [110].

The top priority variant for further investigation is the substitution found in
GFI1. Gfil was initially discovered in an experiment aimed to find pathways
which made T-cells IL-2 independent [385]. It was subsequently found to be a
common viral insertion site in retroviral tagging experiments which sought to identify
novel oncogenes collaborating with Myc and Pim-1 genes in T-cell lymphomas in

transgenic mice [386-388], and was identified as a transcriptional repressor.

Gfil is involved in multiple processes which could potentially drive carcinogenesis.
In the TGF-§ pathway it is recruited to CDKN1A /p21 and CDKN1B promotors
via MIZ-1, repressing transcription [389]. Notably CDKN1A was also identified

as a candidate gene by Fernandez-Rozadilla et al., whilst a CDKN1B mutation
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identified through exome sequencing of a family with colorectal advanced adenoma,
CRC, and stomach cancer, segregated with disease [390]. GFII also regulates
Toll-like receptor signalling pathways [391], and thus could also affect carcinogenesis

via inflammatory pathways.

GFI1 has been identified as a somatic tumour suppressor gene in CRC. In murine
models, loss of GFI1 increased adenoma count and resulted in larger adenomas in
APC mutant (ApcM™/+; GFI1*/¥; CDX2-cre) mice compared to mice with only
APC knockout [342]. Downregulation of GFI1 has also been shown to promote
metastatic spread of CRC [392]. Given its action in multiple pathways, it is perhaps
unsurprising that GFI1 appears to act as either an oncogene and or as tumour
suppressor in other solid tumours including breast and prostate, medulloblastoma,

oesophageal squamous cell carcinomas, and gastric cancers [393-396].

The location of the G374S mutation supports its potential role in disease.
Germline mutations in the GFII gene have been implicated in families with severe
congenital neutropoenia [397]. In one family, a 4 month old boy with severe
neutropoenia and his affected brother were found to have a heterozygous N382S
substitution, which like the G374S mutation affects the 5th zinc finger. In vitro, this
mutation abolished transcriptional repressor activity in a dominant negative manner,
and recognition of the consensus binding site was abolished [397]. Follow-up of the

G374S variant is now needed in the wider family, confirming segregation with disease.

Unsurprisingly, several regions strongly implicated in cancer pathogenesis were
highlighted. The 7q32.1 locus was recognised in early studies of chromosomal
alterations in a range of cancers as a fragile site, with frequent abnormalities [e.g.
398, 399, 400]. The variants highlighted in my multiple adenoma families were
in genes plausibly involved in other malignancies. This locus contains multiple
additional genes implicated in carcinogenesis. GRMSE is a G-protein coupled receptor
commonly mutated in squamous lung cancers [401], and identified as a potential
tumour suppressor in endometrial cancer [402]. PAX/ is a PAX-domain containing
transcription factor, an oncogene upregulated in breast cancer cells and head and

neck squamous cell carnimona tissue, which promotes migration and invasion in

97



3. Genetic susceptibility

murine models by reducing miR-144/451 levels, which act on ADAM protein family
members [403]. SNDI has also long been associated with CRC pathogenesis, is
highly expressed in CRC, and is upregulated in abnormal crypts, suggesting an
early role in pathogenesis [404]. It has varied roles including as a transcriptional

co-activator, in pre-mRNA splicing, and translation [405].

A number of potentially interesting genes are found at the 8q24.3, a region
of frequent copy number alteration in CRC [357, 358], however I did not find a
potential variant underlying in the linkage peak in Family 3491. HSF1 regulates the
cellular stress response [357], and drives extracellular matrix remodelling in chronic
intestinal inflammation, which has a central role in the transition to colon cancer
[406]. Amplification of PRL-3, a tyrosine phosphatase, in this region has been
associated with metastatic potential of CRC [407]. WISP1, a beta-catenin regulated

growth factor, is an oncogene which is overexpressed in colonic tumours [408, 409].

Although the variants identified under the linkage peak at 18q12.1-12.2 were not
strong candidates, this locus contains a number of other potentially interesting genes.
Deletions of 18q have long been recognised in CRC [10], and have been associated
with poor prognosis [410]. Another ubiquitously expressed zinc finger protein,
ZNF24, represses VEGF transcription [411], and acts as a tumour suppressor gene
in-vitro and in xenograft models in breast cancer, gastric cancer, non-small cell lung
cancer, and thyroid cancer [411-414]. DTNA mRNA is significantly downregulated
in early CRC compared to CIN [415]. ASXLS is one of 3 ASXL family proteins
with functions epigenetic regulation through histone modification. The family is
frequently mutated across a range of cancers [416]. MAPRE2, also known as EB2,
encodes the RP1 protein [417]. It is one of three proteins in the EB1 family (the
other two being FB1 and EB3) which all have microtubule end-binding motifs, and
bind to the APC (adenomatous polyposis coli) protein. EB2 appears to be essential
for apico-basal differentiation of epithelial cells [418], and to have roles in focal
adhesion dynamics [419, 420] and mitotic progression and genome stability [421].
Upregulation of MAPRE2 expression has been associated with poor outcomes in

pancreatic cancer and HCC [422, 423]. In vitro, over-expression of MAPREZ2 in
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HCC cell lines promoted cell proliferation, migration and invasion; EB2 appeared
to promote microtubule destabilisation, with subsequent induction of Src kinase,

promoting ERK activation, which fed back to promote EB2 expression [423].

One key issue with my linkage analysis is the paucity of overlap in the QC’d
datasets on chromosome 12, which likely reflects the complexity of imputation around
the major histocompatibility complex (MHC) region. This precluded analysis of
linkage on this chromosome. In future analysis, this chromosome may need to be
imputed separately and re-analysed. Candidate loci under suggestive linkage peaks
will need to be followed up in independent datasets, with subsequent functional
analysis if still considered likely candidates. Further linkage analysis of the planned

phenotypic groups will increase power to identify causative loci.
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The UK Biobank Cohort

In this chapter I describe the UK Biobank dataset, focusing particularly on colorectal
cancer, and the cohorts used for modelling work presented in Chapters 5 and 6.
I also describe my evaluation of data quality, and coding of modelling predictors

used in subsequent chapters.

4.1 Background

In developing or validating a prediction model, a thorough understanding of the
dataset used is essential [284, pp. 191-211]. A number of key factors and decisions
around the type of dataset and how it is handled can introduce bias to a study

and affect interpretation of results [424]. These include:

» Appropriate choice of study design (for example case control or cohort study
data)

e Selection of participants, and exclusions from the dataset

o Size of the dataset, and the number of cases

o Availability and coding of outcome and predictors

o Quantity and handling of missing data
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UK Biobank (UKB) is a prospective cohort study of over 500,000 participants
across the UK, conceived to allow the prospective study of the determinants of
a wide range of health outcomes [425]. It is a deeply phenotyped resource with
extensive genetic information, biological measurements, imaging data, and linkage
to external datasets such as cancer and death registry data.

Individuals aged between 40 and 69 years old and living within 20 miles of 22
recruitment centres were invited to participate between 2006 and 2010. The age
range was chosen to provide a cohort in which baseline assessment could take place
before the onset of many health conditions of interest, and in which there would be
sufficient incident cases relatively early in follow-up to facilitate study. The size
of the cohort was powered to nested case-control studies to detect odds ratios of
1.3-1.5 for studies of 5-10,000 cases. The population approached was intended to
cover a rural-urban, socioeconomic and ethnic mix [425].

Participants attended recruitment centres for baseline assessment, completing
touch screen questionnaires, brief interviews with a health professional, baseline
biometric measurements and donating samples of blood, urine and saliva. Several
repeated assessment rounds have been conducted in a subset of participants, to
address regression-dilution bias (the tendency to underestimate associations between
exposures and outcomes due to random errors in baseline measurements [426]).

UK Biobank participants gave permission for ongoing follow-up through linkage
to national health records, including hospital inpatient data, primary care data, and
death and cancer registry data. Notably, cancer and death registries are a separate
entity in Scotland, compared to England and Wales, resulting in different censoring
dates for Scottish participants when considering incident cancers.

The genetic resource includes imputed genotyped data on 97% of participants,
whole genome sequencing data on 200,000 participants available since late 2021,
and anticipated for the whole cohort in 2023.

As of August 2021, colorectal cancer (CRC) was the second most common inci-
dent cancer in UKB, based on linked registry data up to July 2019. Approximately

2% of these have occurred in participants under the age of 50, and 18% in the under
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60’s [427]. In both male and female UKB participants, CRC is the fourth leading
cause of death (by sex), after ischaemic heart disease, lung cancer, and prostate,

and breast cancer respectively (censored at 28th February 2021) [428].

4.1.1 Chapter outline

In this chapter I address these considerations and define and describe the modelling
datasets used in Chapters 5 and 6. Differences between the modelling dataset and
the population in which the model was initially derived (for validation studies), or
the intended population of model use, have implications for how results may be

interpreted, which will also be discussed at the end of this chapter.

4.2 Methods

4.2.1 Colorectal cancer case-finding

CRC cases were identified for this thesis in cancer registry, death registry and
hospital inpatient records using ICD-9 and ICD-10 codes, and through self-reporting
(see Table 4.1). Self-reported dates of cancer were recorded as fractional years,
which I recoded to mid-year (30th June) for simplicity, whilst “Date uncertain or
unknown” or “Preferred not to answer” were recorded as missing (resulting in one
individual with no date recorded). Where an individual had more than one CRC
(or the same cancer recorded in multiple data sources), the first instance of cancer
was used. ICD-10 codes for anal cancers (C21*) were not included, as these have a
different aetiology to CRC, and detection of these lesions is not the purpose of bowel

cancer screening, although these were used in the development of QCancer-10.

4.2.2 Colorectal cancer incidence

Cancer incidence rates were calculated in UKB as a whole, by region (Table 4.2),
and in my modelling datasets, and compared with data from the Office for National
Statistics 2013 cancer registry data for England (equating to the approximate

mid-point of available UKB follow-up).
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Table 4.1: Case-finding sources in UKB

Source UKB Field Date Field Encoding

Self Report 20001 20006 1020, 1022, 1023

Cancer Registry 40013, 40006 40005 ICD9: 153, 154.0,
154.1 ICD10: C18-C20

Death Registry 40001, 40002 40000 ICD9: 153, 154.0,
154.1 ICD10: C18-C20

Hospital Inpatient 41270 41280 ICD9: 153, 154.0,

Data 154.1 ICD10: C18-C20

Table 4.2: UK Biobank region coding

Region UK Biobank assessment centre (field 54)
North West Bury, Cheadle, Liverpool, Manchester, Stockport (pilot)
North East Middlesborough, Newcastle

Yorkshire and Humber Leeds, Sheffield

East Midlands Nottingham

West Midlands Birmingham, Stoke

South West Bristol

South East Oxford, Reading

London Barts, Croydon, Hounslow

Wales Cardiff, Swansea, Wrexham

Scotland Edinburgh, Glasgow

When cancer incidence is described as a crude rate (e.g. cases per 100,000 of
the population) differences in underlying population structure make comparisons
across different cohorts or populations near-meaningless. More accurate comparisons
can be made with age-specific incidence rates (ASRs) and directly standardised
incidence rates (DSRs), both of which I calculated here. In calculating ASRs, the

population is divided into age bands, and rate for age band k is

(Casey,/ Populationy) x 100000

Age-specific rates were calculated between 40 and 80 years in 5 year age bands
in males and females separately.

Fry et al. [266] conducted a commonly cited analysis of ASRs in UKB over a
shorter duration of follow-up than was available for this thesis (to September 30,
2014), which they compared to ONS data for 2012. They excluded prevalent cases

(aside from non-melanomatous skin cancer, ICD-10 code C44, which is also excluded
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from ONS data), and used first cancer of any cancer type as their outcome, prior
to analysing data by cancer type. As a result, an individual with, for example,
incident breast cancer prior to CRC is not included in the CRC outcomes. In
contrast the ONS reference population is the mid-year population estimate for
England, which does not exclude individuals with prior cancers. Additionally, the
numerator for each cancer type is all incident cases of a given cancer in the year

under consideration. Thus this is not necessarily an equitable comparison.

I recreated the ASRs as calculated by Fry et al. [266] (details of which I confirmed
with the paper’s corresponding author) for the whole UKB cohort, with follow-up
right censored at the end of available complete registry follow-up (315" October
2015 for Scottish participants, 31%* March 2016 for English and Welsh participants).
This was then compared with an analysis which was perhaps more reflective of
cancer registration statistics, in which prevalent cases were not removed, and the

outcome of first incident cancer registry CRC was used.

In DSRs, which I calculated for UKB overall and my Integrated Modelling
Cohort, age- and sex-specific rates are multiplied by the number of individuals in a
standard population. The Office for National Statistics uses the European Standard
Population 2013, in which the reference age bands range from 0 to >90. In order
to compare rates for individuals of screening (and UKB) age, I used European
Standard Population 2013 age bands 40-80 as my standard population (Table 4.3).
For all rate calculations, I calculated follow-up in person years as the period from
recruitment to the date of either first cancer diagnosis (for the analysis following
Fry et al. [266], excluding non-melanomatous skin cancers and carcinoma-in-situ),

or first CRC diagnosis, death, or end of follow-up (whichever came first).

4.2.3 Coding of QCancer-10 predictors

I matched coding of QCancer-10 predictors in UKB as closely as possible. Data were
gathered in UKB through touchscreen questionnaire and subsequent interviews with

a study nurse. A proportion of UKB participants have returned for longitudinal
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Table 4.3: European Standard Population age 40-80 years

Age Band Population

40+ thru 45 7000
45+ thru 50 7000
504 thru 55 7000
554 thru 60 6500
60+ thru 65 6000
65+ thru 70 5500
704 thru 75 5000
754 thru 80 4000

Table 4.4: UK Biobank ethnicity coding mapped to QCancer-10 variable categories

Q Cancer UK Biobank

White/not White, British, Irish, Any other white background, Prefer not to
recorded answer, Do not know, Missing

Indian Indian

Pakistani Pakistani

Bangladeshi Bangladeshi

Other Asian Asian or Asian British, Any other Asian background
Caribbean Caribbean

Black African African

Chinese Chinese

Other Black or Black British, Any other Black background, Mixed, White

and Black Caribbean, White and Black African, White and Asian,
Any other mixed background, Other ethnic group

follow-up and have multiple instances of this data; I used information gathered

at baseline only.

4.2.3.1 Ethnicity

Ethnic background from UKB was recoded to align with Qcancer-10 cod-
ing (Table 4.4).

4.2.3.2 Smoking status

Data on smoking status in UKB was obtained through a series of touchscreen
questions. The summary ‘Smoking status’ variable in UKB (field 20116) is coded
as ‘Never’, ‘Previous’, ‘Current’, and ‘Prefer not to answer’. Participants were also
asked if they currently smoked tobacco (‘Yes, on most days’, ‘Only occasionally’,

‘No’, ‘Prefer not to answer’), and then led through a set of more detailed questions
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Table 4.5: Coding of smoking status in UKB to match QCancer-10

QCancer-10 Smoking frequency Additional coding

Non-smoker Never NA

Ex-smoker Previous NA

Light smoker Current Frequency = ’Only occasionally’ OR
cigarettes/day <10

Moderate smoker Current cigarettes/day = 10-19

Heavy smoker Current cigarettes/day >= 20

Missing Missing, Prefer not NA

to answer

NA - not applicable

depending on their response, including smoking frequency and number of cigarettes
smoked. I used a combination of these fields (Table 4.5) to map to QCancer-
10 smoking categories. Previous UKB validation of QCancer-10 by Usher-Smith
et al. [172] used the summary coding of smoking status rather than this more

granular coding.

4.2.3.3 Alcohol intake

Alcohol data were collected in UKB using the screening question ‘About how
often do you drink alcohol?’ (field 1558), with 7 potential answers from ‘Daily or
almost daily’ to ‘Never’, and ‘Prefer not to answer’. Those drinking more than once a
week were then asked to give weekly intakes (by the glass, pint or measure) of different
alcohol types; those drinking less frequently were asked to give monthly intakes.

Participants were asked to average intake over the year if intake was highly variable.

I converted alcohol intake by the glass/pint by alcohol type to units, using NHS
Choices Live Well Alcohol Units (NHS [429], as in Usher-Smith et al. [172], see Table
4.6), assuming a standard wine glass size of 175ml (2.1 units), and taking the average
of low and higher strength beers (2.5 units). Fortified wine was taken to be 20%
ABYV and therefore to have 1 unit in a standard 50ml glass. The ‘Other alcoholic
drinks’ question in UKB touchscreen information gives the example of alcopops (1.5
units/drink) which was used to convert to units. I then summed total monthly or

weekly intake, and dividing by 30 or 7 (for monthly or weekly intake respectively).
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Table 4.6: Units per glass of different alcohol types used to calculate daily alcohol intake

Alcohol Type Glass size (ml) ABV (%) Units per glass
Wine 175 12 2.1
Beer 568 4.4 2.5
Spirits 25 40 1
Fortified wine 50 20 1
Other (e.g. alcopops) 275 5.5 1

In QCancer-10, alcohol intake is coded as a categorical variable with levels defined

by units/day intake, and I therefore converted UKB levels to this categorisation.

4.2.3.4 Family history

Family history for a range of conditions was queried for father, mother and
siblings (specifically for blood relations only). Conditions are arbitrarily divided
into two groups, with each group queried in one question. Bowel cancer is queried
alongside Parkinson’s disease, severe depression, lung cancer, prostate cancer, and
breast cancer. Participants could select more than one of these options, or ‘Do
not know’ or ‘Prefer not to answer’. In QCancer-10, a positive family history was
recorded if any family member had a history of bowel cancer; participants were
assumed not to have any family history if this was not coded. As this is a fairly broad
inclusion category, I coded family history in UKB as positive if any of father, mother
or sibling had a history of bowel cancer, as negative if there was data available
for any one of father mother or sibling for category 2 illnesses, and missing only if
information was unavailable for all relatives. I conditioned sibling family history on
whether the participants had answered yes to having brothers or sisters (i.e. missing

data for family history in siblings was discounted if they did not have any siblings).

4.2.3.5 Previous medical history

I obtained prior medical history from self-report at enrolment interview with
a UKB nurse (as in Usher-Smith et al. [172], see Table 4.7). Diabetes included
participants coded as either ‘diabetes’ or ‘type 2 diabetes’ because the majority
of cases were coded simply as ‘diabetes’ rather than by type; ‘type 1 diabetes’

and ‘gestational diabetes’ were not included.
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Table 4.7: UK Biobank codes for self-reported previous medical history

Condition UK Biobank Code

Diabetes 1223, 1220

Ulcerative colitis 1463

Bowel polyps 1460

Breast cancer 1002

Uterine cancer 1040

Ovarian cancer 1039

Cervical cancer 1041

Lung cancer 1001

Blood cancer 1047, 1048, 1050, 1051, 1052, 1053, 1055, 1056, 1058
Oral cancer 1004, 1005, 1006, 1010, 1011, 1012, 1015, 1077, 1078, 1079

4.2.3.6 Age, body mass index, and Townsend score

For continuous variables, I used age at enrolment to UKB (equal to the study
entry time point, field 21003), body mass index (BMI, field 21001), Townsend
deprivation score (field 189) as recorded at UKB enrolment visits. The Townsend
deprivation score is a postcode level assessment of social deprivation which incor-
porates unemployment, non-car ownership, non-house ownership, and household

overcrowding [269], where high values indicate increasing levels of deprivation.

4.2.4 Genetic quality control

The genotyped dataset in UKB and its quality control is described in detail in
Byecroft et al. [267]. Samples were genotyped on two arrays: 49,950 on the Applied
Biosystems UK BiLEVE Axiom Array (807,411 markers; Affymetrix, now Thermo
Fischer Scientific), and 438,427 on the Applied Biosystems UK Biobank Axiom
Array (825,927 markers). Over 95% content of the Biobank Array is shared with
the BILEVE Array. Genotyping was performed in 106 sequential batches, with
protocols in place to minimise batch effects, with a custom genotype calling pipeline
and QC optimised for biobank genotyping (Affymetrix).

Following QC, phasing was carried out using SHAPEIT3 using 1000 Genomes
Phase 3 as a reference panel. Imputation was then carried out using IMPUTE4
firstly to the Haplotype Reference Consortium (HRC) dataset as the main reference

panel, and secondarily with merged UK10K and 1000 Genomes phase 3 reference
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panels. The two imputed datasets were then combined. This resulted in an imputed
dataset of 487,442 individuals with 93,095,623 autosomal SNPs, short insertion-
deletions (indels), and other structural variants. SNP annotation was based on

GRCh37 assembly of the human genome [267].

I followed standard per-person QC measures [271] on the whole imputed dataset,
excluding individuals with sex-chromosome aneuploidy, and mismatch between self-
reported and genotyped sex (which can indicate sample handling errors). I excluded
individuals with high levels of kinship by including only those included in the UKB
PCA analysis in the derivation dataset, as this included a computed maximal dataset
in which those with 3rd degree kinship or greater were removed [267]. Outliers for

heterozygosity and missingness were not present in the imputed UKB data.

Section 5.2 describes further quality control measures specific to PRS mod-

elling datasets.

4.2.5 QOutliers and missingness
4.2.5.1 Handling of missing data

I evaluated per-variable and per-person missingness. Levels and patterns of
missingness were examined by recording the proportion of missing data per variable,
plotting cluster plots of association between missingness for different predictors
and the outcome CRC, and plotting paired plots of missing and observed values
across variables.

I considered possible mechanisms of missingness, focusing on predictors with
higher levels of missingness and those likely to have a particularly strong effect in
the models. Missingness is categorised into three mechanisms: missing completely
at random (MCAR), in which there is no systematic difference between missing
and observed data, and the individuals are a random subsample of the full dataset;
missing at random (MAR) in which there are systematic differences which can
be explained by the observed information; and missing not at random (MNAR)
in which systematic differences cannot be explained by the data collected or are

dependent on the missing values [284, pp.117-118].
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4.2.5.2 Handling of outliers

Outliers for continuous variables were defined as values outside 3 times the IQR
above the third quartile or below the first quartile [430], and I manually inspected
these. I retained biologically plausible values, whilst implausible values were set to

missing. Further discussion of handling of outliers is given in Chapters 5 and 6.

4.2.6 Sample size
4.2.6.1 Polygenic risk score

The accuracy of a polygenic risk score in predicting individual risk is driven by
the size of the base GWAS cohort [116], which is finite and defined by availability of
data. The precision of estimation of SNP effect sizes and the proportion of genetic
variation explained by the score (both of which are improved by increasing GWAS

sample size) influence PRS performance. I explore this further in Chapter 5.

4.2.6.2 Integrated modelling

In developing and validating a prediction model, the number of predictors
potentially included in the model is key to sample size requirements. Additionally, it
is the number of outcome events, rather than total sample, which decides the

effective sample size [168].

The maximum number of predictors included in the integrated ((i.e. combined
genetic and non-genetic) model for each sex was calculated as follows for the
QCancer-10 predictors: 1 for each degree of freedom of each categorical variable
(alcohol intake = 5; ethnicity = 8; smoking = 4); 1 parameter for each fractional
polynomial term for age, and 2 parameters for each interaction term calculated
(confirmed with the R-package’s author, Joie Ensor); 1 for each continuous variables
(BMI, Townsend Deprivation Score); 1 for each boolean predictor; 1 for the QCancer-
10 score; and 1 for the PRS. This totalled 34 parameters for models for males,

and 33 parameters for females.

Historically, 10-20 events per predictor (EPP) was recommended as the minimum

number of events in model development [431], which would require 680 cases for
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males and 660 for females. I had intended to use a Geographic validation cohort
for all modelling on this basis, and as seen in the PRS datasets, I would have
been well-powered for model development.

However, estimation of required sample size for risk model development is
an area of active research and during the course of my research, more nuanced
criteria were proposed by Riley et al. [432] to calculate the required sample size
for prediction model development. This derives a minimum number of participants
and events relative to the number of parameters included in the model to fulfil

three criteria. These are:

1. Small optimism in predictor effect estimates as defined by a global shrinkage
factor of >0.9

2. Small absolute difference of <0.05 in the model’s apparent and adjusted
Nagelkerke’s R?

3. Precise estimation of the overall risk or rate in the population.

The first two criteria reduce overfitting of the model, whilst the third criteria
ensures that the model will reliably predict mean risk in the population studied,

which is essential to predicting individual risk.

For a time-dependent model, the sample size calculation uses estimates of
expected Cox-Snell R? (Rgg,,,), the number of predictors included in model
development (including all candidate predictors prior to any selection process),
the shrinkage factor applied (recommended at 0.9), the estimated event rate in the
population, the time point of interest, and the mean follow-up in the cohort studied.
The calculation is available as R package ‘pmsampsize’ [433] which I used to calculate
sample size requirements for male and female models across 5-8 years of follow-up.

Where unavailable in the literature, Riley et al. [432] describe a series of steps
to obtain R, from reported statistics. I used the C-statistics from open cohort
QCancer-10 validation in UKB performed by Usher-Smith et al. [172], which were

0.7 for the male model and 0.65 in the female model.
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R%Sapp is derived as follows: firstly Royston’s D statistic is calculated from the

C-statistic using the following formula from Jinks, Royston, and Parmar [434]

D =5.5(C —0.5) +10.26(C — 0.5)*

From the D statistic, R% is calculated as:

T N2
D

I L
T+ 5D

This is then used as a proxy for Royston’s measure of explained variation,

Rioyston._apps (88 the two are sufficiently similar [435]) which is used to calcu-
2
late RO/Quigleyiapp
72 P2
R2 o 6 RRoystoniapp
O'Quigley__app — ( B 7r72)}%2 _1
6 Royston__app

This is then used to calculate the likelihood ratio, using the cohort size and

number of events (E, here taken from Usher-Smith et al. [172] open cohort)

LR =—-FEIn(1 - R,

Quigleyiapp>

From this the Cox-Snell generalised definition of the apparent R2 is calculated as

—LR
Rchfapp =1—exp <n>

If the measure of performance were taken from a model development study the
R%Sﬁapp would then need shrinking to adjust for optimism, however the C-statistic
used here was from a validation study so is not required.

This corresponds to an R%’Sapp of 0.0032154 in men and 0.0011695 in women. I
used the follow-up and crude incidence rate for individuals available for integrated
model development (i.e. with QC’d genetic data and complete QCancer-10 data,
excluding the 30,000 individuals used to develop the PRS): follow-up of 7.08 and
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Table 4.8: Sample size calculations for integrated models for men and women

Males Females
Sample size calculation inputs
Predictors 34 33
R%Sapp 0.003215 0.00117
Follow-up (years) 7.08 7.10

Crude event rate (per person year) 0.001386823 0.0008704994

Sample size requirements

Required event count 933 1569
Required sample size 94996 253780
EPP 27.43 47.53

7.10 years for men and women respectively, and incidence rate of 0.001386823

and 0.0008704994 respectively.

Table 4.8 shows the sample sizes required for the integrated model. While for
men the EPP needed is close to the previously recommended 20 EPP, that required
for women is far higher. Sample size requirements are met for men, but the sample
size and cases available in the Integrated Modelling Cohort for women (n = 238,496,
including 1458 cases) do not reach calculated requirements. The implications of

this are discussed at the end of this chapter.

4.2.7 Definition of modelling cohorts

For PRS modelling, I divided the UKB dataset into a Derivation Cohort, a
Geographical Validation Cohort, and a Minority Ethnic Validation Cohort. In
selecting the Geographic cohort I considered guidance for the size of datasets in
validation studies. This is an active area of research, however Collins, Ogundimu,
and Altman [436] recommend a minimum of 100, and ideally 200 cases. In addition
I considered which region would best demonstrate the models’ portability to

other settings.

For integrated modelling, I used all individuals with complete data, excluding

30,000 individuals used to train the PRS.

115



4. UK Biobank

4.2.8 Descriptive statistics

I reported the demographics of the modelling cohorts by sex and by CRC status,
and compared the demographics of the integrated modelling cohort with that of
the QResearch cohort used to derive the QCancer-10 model. I compared differences
between categorical variables in the two datasets using x? tests, and continuous

predictors using two-sample t-tests.

4.3 Colorectal cancer in UK Biobank

I removed 29,124 prevalent cancers present in the UKB dataset from the analysis
of CRC incidence following Fry et al’s methodology, leaving 473,403 individuals
contributing follow-up time, and 30,076 incident cancers, of which 3,204 were
CRC. Age-standardised CRC incidence for in the whole UKB cohort, based on
registry data, was 108.3 and 73.9 cases per 100,000 years at risk for men and women

respectively, compared to 127.8 and 80.7 cases per 100,000 years at risk in ONS data.
Figure 4.1 shows the age-specific incidence rate (ASR) of CRC in UKB biobank,

using the approach used by Fry et al. [266], and without removing prevalent cases,
compared to ONS data for 2013. The incidence rates by this method are broadly
as described by Fry et al., and both datasets show similar rates to ONS up to
70 years of age, after which ASRs are lower in UKB. In women aged 75-80 the
incidence is lower using Fry et al’s method, potentially due to the exclusion of
a number of CRC cases who may previously have had breast cancer. Table 4.9
shows DSRs by region of UKB, based on registry cases, demonstrating that the
crude rates and DSRs can differ significantly.

4.4 Demographics of UKB

Table 4.10 shows the demographics of the whole potential prospective modelling
cohort (n = 499455, prevalent CRC cases (n = 3033) excluded).
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Figure 4.1: Age-specific CRC incidence rates in UKB compared to ONS data

Table 4.9: Directly standardised CRC rates by region, per 100,000 person years at risk,
based on linked cancer registry data

Region Crude Rate  DSR (95% CI)

Males
West Midlands 115 91 (73-118)
South East 118 95 (78-118)
London 119 89 (77-121)
South West 122 116 (89-156)
North East 127 107 (88-133)
Scotland 132 102 (84-128)
East Midlands 132 108 (81-147)
Yorkshire and Humber 138 131 (107-162)
Wales 138 107 (81-151)
North West 144 117 (102-135)

Females
London 66 (45 104)
Yorkshire and Humber 73 (54-91)
East Midlands 76 (46 90)
North West 77 71 (59-88)
Wales 79 (44 105)
North East 82 71 (58-90)
South West 85 92 (67-128)
West Midlands 88 78 (61-107)
Scotland 93 84 (67-107)
South East 100 84 (69-105)

DSR - Directly standardised rate, CI - confidence interval
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Table 4.10: Demographics of the UKB cohort by sex

Males Females

East Midlands 15208 (6.7) 18371 (6.8)

London 30396 (13.4) 38060 (14)

North East 26371 (11.6) 31526 (11.6)

Region North West 36554 (16.1) 41830 (15.4)
Scotland 15760 (6.9) 19824 (7.3)

South East 19178 (8.4) 24052 (8.8)

South West 18868 (8.3) 23912 (8.8)

Wales 0443 (4.2) 11243 (4.1)

West Midlands 21723 (9.6) 22901 (8.4)

Yorkshire and Humber 33832 (14.9) 40313 (14.8)

White/not recorded 215121 (94.6) 257402 (94.6)

Indian 3003 (1.3) 2933 ( 1.1)

Pakistani 1118 ( 0.5) 716 ( 0.3)

Ethnicity Bangladeshi 159 ( 0.1) 74 ( 0.0)
Other Asian 996 ( 0.4) 857 (1 0.3)

Caribbean 1637 (0.7) 2855 ( 1.0)

Black African 1701 ( 0.7) 1677 ( 0.6)

Chinese 581 ( 0.3) 989 ( 0.4)

Other 3107 (1.4) 4529 (1.7)

Follow-up (years) - 7.08 (1.34) 7.09 (1.31)
Non-drinker 14472 ( 6.4) 25889 (1 9.5)

Trivial drinker 48955 (21.5) 109497 (40.3)

Alcohol Light drinker 66332 (29.2) 87095 (32.0)
Moderate drinker 69467 (30.5) 42795 (15.7)

Heavy drinker 17115 ( 7.5) 4374 ( 1.6)

Very heavy drinker 10323 ( 4.5) 1646 ( 0.6)

Missing 759 (10.3) 736 ( 0.3)

Non-smoker 110840 (48.7) 161336 (59.3)

Ex-smoker 86721 (38.1) 84928 (31.2)

Smoking Light smoker 11009 ( 4.8) 10158 ( 3.7)
Moderate smoker 6958 ( 3.1) 8402 ( 3.1)

Heavy smoker 10474 ( 4.6) 5708 ( 2.1)

Missing 1421 ( 0.6) 1500 ( 0.6)

Ags - 58.0 (14.0)  57.0 (13.0)
Missing 0 (0.0) 0 (0.0)

Townsend - 21 (43) 21 (41)
Missing 293 (0.1) 325 (0.1)
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Table 4.10: Demographics of the UKB cohort by sex (continued)

Males Females

i _ 27.3 (5.1) 26.1 (16.3)
Missing 1639 (0.7) 1448 (0.5)

Height - 176.0 ( 9.0) 162.0 ( 9.0)
Missing 1380 (0.6) 1146 (0.4)

Weight - 84.3 (17.6) 69.1 (17.0)
Missing 1408 (0.6) 1351 (0.5)

No 196133 (86.2) 239997 (88.2)

Family history of CRC Yes 21638 (9.5) 24773 (9.1)
Missing 9652 (4.2) 7262 (2.7)

No 211552 (93) 262440 (96.5)

Diabetes Yes 15513 (6.8) 9294 (3.4)
Missing 358 (0.2) 298 (0.1)

No 226334 (99.5) 271014 (99.6)

Colorectal polyps Yes 711 (0.3) 708 (0.3)
Missing 378 (0.2) 310 (0.1)

No 225858 (99.3) 270343 (99.4)

Ulcerative colitis Yes 1187 (0.5) 1379 (0.5)
Missing 378 (0.2) 310 (0.1)

No - 260218 (95.7)

Breast cancer Yes - 11165 (4.1)
Missing - 649 (0.2)

No - 270189 (99.3)

Uterine cancer Yes - 1194 (0.4)
Missing - 649 (0.2)

No - 270572 (99.5)

Ovarian cancer Yes - 811 (0.3)
Missing - 649 (0.2)

No - 269398 (99)

Cervical cancer Yes - 1985 (0.7)
Missing - 649 (0.2)

No 226643 (99.7) -

Lung cancer Yes 149 (0.1) _
Missing 631 (0.3) -

No 225436 (99.1) -

Blood cancer Yes 1356 (0.6) -
Missing 631 (0.3) -

No 226216 (99.5) -
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Table 4.10: Demographics of the UKB cohort by sex (continued)

Imputed genetic data

Males Females
Oral cancer Yes 576 (0.3) ]
Missing 631 (0.3) -
Yes 220923 (97.1) 262403 (96.5)
)

Missing 6500 (2.9 9629 (3.5)

4.5 Handling of missingness and outliers

4.5.1 Missing data

Table 4.10 gives the number and proportion of missing values for each QCancer-
10 predictor. There was no missing data for region or ethnicity (as coded in
QCancer-10). Missingness was <1% for most predictors aside from family history

and availability of imputed genetic data, both of which were <5% missing.

Figure 4.2 shows associations between missingness for QCancer-10 predictors in
UK Biobank. Predictor missingness is not associated with outcome, and overall the
fraction of missing data in common between the predictors is extremely low. Where
missing values cluster (for example between previous medical history of cancers),
these are generally where these values are asked in a single question, or coded in
one field, in the UKB touchscreen questionnaire. When availability of imputed
genetic data was also considered, association between missing variables remained
low. The clustering reflects answers given in response to the same question or

stem of questions in the UKB assessment centre.

This is supported by matrix plots of missingness (Figures 4.3 and 4.4) in which the
values for predictors are plotted across the x-axis, against missing predictors across
the y-axis. Shaded parts of the bar represent the proportion of individuals with a
given predictor status on the x-axis with a missing value for the y-predictor. For both
sexes, missingness is correlated across previous medical history predictors (i.e. of
those with NA values across the x-axis, a high proportion also have missing values

in other medical history predictors). This is to be expected to a degree as medical
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history questioning is grouped, but there is also a high proportion of missingness

for smoking and alcohol history for these individuals, which are queried separately.

The matrix plots show that in men and women, missingness for family history
(row 8) is greater in those from minority ethnicities, as is missingness for genetic
data in women. In men, Townsend deprivation score tended to be higher in those
with missing data (indicating higher levels of deprivation) for most other predictors.
Focusing on family history and imputed genetic data, which had the highest levels
of missingness, statistical tests of relationships between family history and other
predictors (Table 4.11 supports a significant correlation with ethnicity and Townsend
score, and indicate a relationship to smoking status (higher in non-smokers) and
alcohol intake (higher in moderate-heavy drinkers). Individuals with missing family
history tended to be older. Missingness for family history for females showed similar

patterns to males, though there was no significant difference in age (Table 4.13).

Table 4.12 shows similar patterns of relatedness of missing genetic data to
ethnicity and socioeconomic status in men, but not with age. Current smokers,
non-drinkers, and diabetics were more likely to have missing genetic data. The latter
may be related to higher missingness in minority ethnicities, in whom prevalence
of diabetes is higher, and regular alcohol consumption lower. The same patterns
are seen for women (Table 4.14).

The prospective nature of case identification here means that predictors should
not be directly correlated with missingness of outcome (individuals with less than 5
years of available follow-up, marked as NA in “Case”, n = 900). As expected, we
see that there is no correlation with other variables (across row 1), though those

with less than 5 years of follow-up tended to be younger.
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4. UK Biobank

Table 4.11: Missing data analysis for family history in males, n = 224,827

Missing data analysis: Family history Not missing Missing p

Case NO 215280 (95.8) 9538 (4.2)  0.963
YES 2099 (95.8) 92 (4.2)
(Missing) 383 (94.6) 22 (5.4)

Age Mean (SD) 56.7 (8.2) 57.1(8.6) <0.001

Townsend Mean (SD) -1.3 (3.1) 0.2 (3.6) <0.001

Ethnicity Bangladeshi 145 (91.2) 14 (8.8) <0.001
Black African 1510 (88.8) 191 (11.2)
Caribbean 1463 (89.4) 174 (10.6)
Chinese 542 (93.3) 39 (6.7)
Indian 2788 (92.8) 215 (7.2)
Other 2799 (90.1) 308 (9.9)
Other Asian 893 (89.7) 103 (10.3)
Pakistani 995 (89.0) 123 (11.0)
White/not recorded 206636 (96.1) 8485 (3.9)

Smoking status Ex-smoker 83150 (95.9) 3571 (4.1) <0.001
Heavy smoker 9782 (93.4) 692 (6.6)
Light smoker 10396 (94.4) 613 (5.6)
Moderate smoker 6477 (93.1) 481 (6.9)
Non-smoker 107185 (96.7) 3655 (3.3)
(Missing) 781 (55.0) 640 (45.0)

Alcohol intake Heavy drinker 16539 (96.6) 576 (3.4) <0.001
Light drinker 63987 (96.5) 2345 (3.5)
Moderate drinker 67276 (96.8) 2191 (3.2)
Non-drinker 13401 (92.6) 1071 (7.4)
Trivial drinker 46504 (95.0) 2451 (5.0)
Very heavy drinker 9873 (95.6) 450 (4.4)
(Missing) 191 (25.2) 568 (74.8)

BMI Mean (SD) 27.8 (42) 284 (4.6) <0.001

(it NO 216570 (95.9) 9288 (4.1)  0.037
YES 1153 (97.1) 34 (2.9)
(Missing) 48 (12.7) 330 (87.3)

Polyps NO 217035 (95.9) 9299 (4.1)  0.281
YES 688 (96.8) 23 (3.2)
(Missing) 48 (12.7) 330 (87.3)

Diabetes NO 203294 (96.1) 8258 (3.9) <0.001
YES 14446 (93 1) 1067 (6.9)
(Missing) 31 (8.7) 327 (91.3)

Lung cancer NO 217555 (96.0) 9088 (4.0)  0.843
YES 144 (96.6) 5 (3.4)
(Missing) 72 (11.4) 559 (88.6)

Blood cancer NO 216402 (96.0) 9034 (4.0) 0.566
YES 1297 (95.6) 59 (4.4)
(Missing) 72 (11.4) 559 (88.6)

Oral cancer NO 217148 (96.0) 9068 (4.0)  0.765
YES 551 95.7) 25 (4.3)
(Missing) 72 (11.4) 559 (88.6)

Genetics YES 211843 (95.9) 9080 (4.1) <0.001
NO 5928 (91.2) 572 (8.8)

BMI - body mass index; UC -

ulcerative colitis
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Table 4.12: Missing data analysis for imputed genetic data in males, n = 224,827

Missing data analysis: Genetics Not missing Missing p

Case NO 218416 (97.1) 6411 (2.9)  0.901
YES 2130 (97.2) 61 (2.8)
(Missing) 377 (93.1) 28 (6.9)

Age Mean (SD) 56.7 (8.2)  56.5 (8.3) 0.014

Townsend Mean (SD) -1.3(3.1)  -0.7 (3.3) <0.001

Ethnicity Bangladeshi 151 (95.0) 8 (5.0) <0.001
Black African 1642 (96.5) 59 (3.5)
Caribbean 1571 (96.0) 66 (4.0)
Chinese 561 (96.6) 20 (3.4)
Indian 2876 (95.8) 127 (4.2)
Other 2087 (96.1) 120 (3.9)
Other Asian 968 (97.2) 28 (2.8)
Pakistani 1065 (95.3) 53 (4.7)
White/not recorded 209102 (97.2) 6019 (2.8)

Smoking status Ex-smoker 84414 (97.3) 2307 (2.7) <0.001
Heavy smoker 10087 (96.3) 387 (3.7)
Light smoker 10662 (96.8) 347 (3.2)
Moderate smoker 6719 (96.6) 239 (3.4)
Non-smoker 107869 (97.3) 2971 (2.7)
(Missing) 1172 (82.5) 249 (17.5)

Alcohol intake Heavy drinker 16668 (97.4) 447 (2.6) <0.001
Light drinker 64624 (97.4) 1708 (2.6)
Moderate drinker 67726 (97.5) 1741 (2.5)
Non-drinker 13935 (96.3) 537 (3.7)
Trivial drinker 47429 (96.9) 1526 (3.1)
Very heavy drinker 10009 (97.0) 314 (3.0)
(Missing) 532 (70.1) 227 (29.9)

BMI Mean (SD) 97.8 (4.2) 28.1 (4.7) <0.001

Family History NO 190799 (97.3) 5334 (2.7)  0.843
YES 21044 (97.3) 594 (2.7)
(Missing) 9080 (94.1) 572 (5.9)

uC NO 219606 (97.2) 6252 (2.8)  0.140
YES 1163 (98.0) 24 (2.0)
(Missing) 154 (40.7) 224 (59.3)

Polyps NO 220078 (97.2) 6256 (2.8)  1.000
YES 601 (97.2) 20 (2.8)
(Missing) 154 (40.7) 224 (59.3)

Diabetes NO 205798 (97.3) 5754 (2.7) <0.001
YES 14988 (96.6) 525 (3.4)
(Missing) 137 (38.3) 221 (61.7)

Lung cancer NO 220386 (97.2) 6257 (2.8) 0.488
YES 143 (96.0) 6 (4.0)
(Missing) 304 (62.4) 237 (37.6)

Blood cancer NO 219229 (97.2) 6207 (2.8)  0.003
YES 1300 (95.9) 56 (4.1)
(Missing) 394 (62.4) 237 (37.6)

Oral cancer NO 219970 (97.2) 6246 (2.8) 0.880
YES 559 (97.0) 17 (3.0)
(Missing) 304 (62.4) 237 (37.6)

BMI - body mass index; UC - ulcerative colitis
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4. UK Biobank

Table 4.13: Missing data analysis for family history in females, n = 269,867

Missing data analysis: Family history Not missing Missing p

Case NO 262678 (97.3) 7189 (2.7)  0.234
YES 1622 (96.8) 53 (3.2)
(Missing) 470 (95.9) 20 (4.1)

Age Mean (SD) 56.3 (8.0)  56.5 (8.5)  0.040

Ethnicity Bangladeshi 65 (87.8) 9 (12.2)  <0.001
Black African 1563 (93.2) 114 (6.8)
Caribbean 2689 (94.2) 166 (5.8)
Chinese 926 (93.6) 63 (6.4)
Indian 2804 (95.6) 129 (4.4)
Other 4232 (93.4) 297 (6.6)
Other Asian 794 (92.6) 63 (7.4)
Pakistani 664 (92.7) 52 (7.3)
White/not recorded 251033 (97.5) 6369 (2.5)

Smoking status Ex-smoker 82794 (97.5) 2134 (2.5) <0.001
Heavy smoker 5431 (95.1) 277 (4.9)
Light smoker 9864 (97.1) 294 (2.9)
Moderate smoker 8041 (95.7) 361 (4.3)
Non-smoker 157715 (97.8) 3621 (2.2)
(Missing) 925 (61.7) 575 (38.3)

Alcohol intake Heavy drinker 4252 (97.2) 122 (2.8) <0.001
Light drinker 85438 (98.1) 1657 (1.9)
Moderate drinker 41902 (97.9) 893 (2.1)
Non-drinker 24802 (95.8) 1087 (4.2)
Trivial drinker 106593 (97.3) 2904 (2.7)
Very heavy drinker 1593 (96.8) 53 (3.2)
(Missing) 190 (25.8) 546 (74.2)

uc NO 263376 (97.4) 6967 (2.6)  0.607
YES 1347 (97.7) 32 (2.3)
(Missing) 47 (152) 263 (84.8)

Polyps NO 264037 (97.4) 6977 (2.6)  0.438
YES 686 (96.9) 22 (3.1)
(Missing) 47 (15.2) 263 (84.8)

Diabetes NO 955001 (97.5) 6539 (2.5) <0.001
YES 8835 (95.1) 459 (4.9)
(Missing) 34 (11.4) 264 (88.6)

Breast cancer NO 253755 (97.5) 6463 (2.5)  0.963
YES 10889 (97.5) 276 (2.5)
(Missing) 126 (19.4) 523 (80.6)

Uterine cancer NO 263490 (97.5) 6699 (2.5)  0.066
YES 1154 (96.6) 40 (3.4)
(Missing) 126 (19.4) 523 (80.6)

Ovarian cancer NO 263853 (97.5) 6719 (2.5)  1.000
YES 791 (97.5) 20 (2.5)
(Missing) 126 (19.4) 523 (80.6)

Cervical cancer NO 262732 (97.5) 6666 (2.5)  0.001
YES 1912 (96.3) 73 (3.7)
(Missing) 126 (19.4) 523 (80.6)

Genetics YES 255610 (97.4) 6793 (2.6) <0.001
NO 9160 (95.1) 469 (4.9)

UC - ulcerative colitis
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Table 4.14: Missing data analysis for imputed genetic data in females, n = 269,867

Missing data analysis: Genetics Not missing Missing p

Case NO 260326 (96.5) 9541 (3.5)  0.866
YES 1614 (96.4) 61 (3.6)
(Missing) 1463 (945) 27 (5.5)

Age Mean (SD) 56.3 (8.0)  55.9 (8.1) <0.001

Ethnicity Bangladeshi 67 (90.5) 7(9.5) <0.001
Black African 1545 (92.1) 132 (7.9)
Caribbean 2692 (94.3) 163 (5.7)
Chinese 937 (94.7) 52 (5.3)
Indian 2765 (94.3) 168 (5.7)
Other 4314 (95.3) 215 (4.7)
Other Asian 815 (95.1) 42 (4.9)
Pakistani 674 (94.1) 42 (5.9)
White/not recorded 248594 (96.6) 8808 (3.4)

Smoking status Ex-smoker 82120 (96.7) 2808 (3.3) <0.001
Heavy smoker 5461 (95.7) 247 (4.3)
Light smoker 9758 (96.1) 400 (3.9)
Moderate smoker 8089 (96.3) 313 (3.7)
Non-smoker 155683 (96.5) 5653 (3.5)
(Missing) 1292 (86.1) 208 (13.9)

Alcohol intake Heavy drinker 4224 (96.6) 150 (3.4)  <0.001
Light drinker 84262 (96.7) 2833 (3.3)
Moderate drinker 41451 (96.9) 1344 (3.1)
Non-drinker 24807 (95.8) 1082 (4.2)
Trivial drinker 105533 (96.4) 3964 (3.6)
Very heavy drinker 1580 (96.0) 66 (4.0)
(Missing) 546 (74.2) 190 (25.8)

uC NO 260937 (96.5) 9406 (3.5)  0.717
YES 1334 (96.7) 45 (3.3)
(Missing) 132 (42.6) 178 (57.4)

Polyps NO 261590 (96.5) 9424 (3.5)  0.700
YES 681 (96.2) 27 (3.8)
(Missing) 132 (42.6) 178 (57.4)

Diabetes NO 953413 (96.6) 9027 (3.4) <0.001
YES 8870 (95.4) 424 (4.6)
(Missing) 120 (40.3) 178 (59.7)

Breast cancer NO 251518 (96.7) 8700 (3.3) <0.001
YES 10442 (93.5) 723 (6.5)
(Missing) 443 (68.3) 206 (31.7)

Uterine cancer NO 260810 (96.5) 9379 (3.5)  0.746
YES 1150 (96.3) 44 (3.7)
(Missing) 443 (68.3) 206 (31.7)

Ovarian cancer NO 261180 (96.5) 9392 (3.5) 0.653
YES 780 (96.2) 31 (3.8)
(Missing) 443 (68.3) 206 (31.7)

Cervical cancer NO 260040 (96.5) 9358 (3.5) 0.674
YES 1920 (96.7) 65 (3.3)
(Missing) 443 (68.3) 206 (31.7)

UC - ulcerative colitis
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Table 4.15: Number of missing predictors per person in UK Biobank (n, %)

Missing predictors (N) Males Females
QCancer-10 predictors
0 214829 (94.63) 263062 (96.88)
1 11201 (4.93) 7675 (2.83)
2 320 (0.14) 135 (0.05)
3 75 (0.03) 26 (0.01)
4 38 (0.02) 92 (0.03)
5 13 (0.01) 33 (0.01)
6 199 (0.09) 17 (0.01)
7 37 (0.02) 254 (0.09)
8 13 (0.01) 3 (0.00)
9 96 (0.04) 6 (0.00)
10 196 (0.09) 239 (0.09)
11 1 (0.00) -
QCancer-10 predictors and imputed genetic data
0 209338 (92.21) 253977 (93.53)
1 15994 (7.05) 16446 (6.06)
2 976 (0.43) 445 (0.16)
3 110 (0.05) 29 (0.01)
4 42 (0.02) 83 (0.03)
5 13 (0.01) 41 (0.02)
6 190 (0.08) 19 (0.01)
7 37 (0.02) 227 (0.08)
8 18 (0.01) 28 (0.01)
9 90 (0.04) 6 (0.00)
10 26 (0.01) 86 (0.03)
11 183 (0.08) 155 (0.06)
12 1 (0.00) -

Taken in combination my evaluations of missingness suggest that predictors are
likely to be MAR rather than MCAR. It is possible that some QCancer-10 predictors
might be MNAR (i.e. influenced by the value that is missing), for example very
heavy drinkers or smokers might omit these questions for fear of judgement, but
testing for MNAR requires examination of the missing data. This is not possible

here, and so MNAR cannot be completely excluded.

Evaluation of per-person missingness (Table 4.15) shows that for QCancer-10
predictors, ~95% of males and females had complete data, which fell slightly when
genetic data was considered, with few individuals having more than one missing

predictor. In light of these findings, I used complete case analysis for my modelling.
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4.5.2 OQOutliers

On examination of the distribution of continuous predictors, there were no outlying
values for age or Townsend deprivation score. UKB aimed to recruit individuals aged
40-69, however there are a small number of participants aged between 37-39 and
70-73, who are not outliers by the criterion chosen, and I retained these individuals
in my modelling cohort. Figure 4.5 shows distributions of BMI in males and females.
I identified participants with outlying values for BMI, height or weight, and visually
inspected the values; one female was an extreme outlier for BMI and weight, and

this datapoint was set to missing. Remaining values were retained.

4.6 Definition and description of modelling co-
horts

4.6.1 PRS Cohorts

Figure 4.6 details the per-person QC exclusions (explained in further detail in
Section 5.2) and formation of the PRS modelling cohorts used in Chapter 5. The
Derivation dataset consisted of individuals of white-British ancestry, identified
through self-reported ethnicity and PCA by UKB [267], with imputed genetic data

passing QC measures, who were recruited in England and Wales.

I chose to use a cohort of UKB participants recruited in Scotland as my
Geographic Validation Cohort. This met case number requirements for model
validation (Table 4.16), and also represents a population with different demographics
to the remaining majority English cohort. The NHS, and cancer screening provision,
is devolved and thus healthcare also differs in this Validation Cohort. For example,
prescriptions are free, and bowel screening has started at 50 years of age since 2009.
This validation cohort comprised Scottish participants with European ancestry (UK
Biobank self-reported ethnicities of “British”, “Irish”, “White”, and “Any other
white background”) passing QC. Participants for the Minority Ethnic Validation
Cohort included individuals recruited from any centre, of self-reported minority

ethnicity and passing QC.
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Figure 4.6: UKB participant flow diagram

Table 4.16: Cancer cases (n, %) by region in UK Biobank for PRS modelling (including
prevalent and incident cases)

Region Overall Male Female
Wales 301 (1.5) 184 (2) 117 (L.1)
East Midlands 484 (1.5) 260 (1.7) 224 (1.2)
South West 587 (1.4) 313 (L.7) 274 (1.2)
Scotland 611 (1.8) 330 (2.1) 281 (1.5)
West Midlands 651 (1.5) 376 (1.8) 275 (1.2)
South East 667 (1.6) 336 (1.8) 331 (1.4)
London 841 (1.3) 463 (1.6) 378 (1)
North East 902 (1.6) 525 (2) 377 (1.2)
Yorkshire and Humber 1052 (1.4) 611 (1.8) 441 (1.1)
North West 1165 (1.6) 693 (2) 472 (1.2)




4. UK Biobank

For PRS training and evaluation of performance I used a nested case-control
dataset, in which prevalent and incident CRC cases were included. I also evaluated
PRS performance in a prospective cohort, with prevalent CRC cases and individuals
lost-to-follow-up within 5 years of enrolment excluded. Follow-up for all prospective
models began at date of enrolment, and was censored at the earliest of date of incident
CRC, loss to follow-up, death, or end of available registry follow-up (see Section

4.2.2). Table 4.17 show basic demographics for the different PRS modelling cohorts.
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Table 4.17: Basic demographics of PRS modelling cohorts
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Training Test Geographic Validation Minority Ethnic Validation
Controls Cases Controls Cases Controls Cases Controls Cases
Male (n, %) 13751 (46.5) 254 (57.0) 127823 (46.2) 2425 (57.3) 14851 (44.3) 330 (54.0) 12746 (46.8) 128 (50.2)

Female (n, %) 15803 (53.5) 192 (43.0) 148611 (53.8) 1805 (42.7) 18690 (55.7) 281 (46.0) 14502 (53.2) 127 (49.8)
Age (mean, SD) 56.82 (8.01) 61.64 (6.10) 56.84 (7.99) 61.41 (6.15) 56.31 (8.05) 61.00 (6.51) 52.75 (8.25) 58.25 (7.97)
Age (min-max) 40-70 40-70 39-72 40-70 40-70 40-70 39-72 40-70
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Figure 4.7: UKB participant flow diagram for Integrated Modelling Cohorts

4.6.2 Integrated modelling cohorts

Quality control exclusions and participant selection used to derive the Integrated
Modelling Cohort are described in Figure 4.7. For validation of QCancer-10 and
integrated modelling and I included all individuals with imputed genetic data
passing basic QC (i.e. with high levels of kinship, sex-chromosome aneupoloidy,
and mismatch between self-reported and genotyped sex), and excluded the 30,000
individuals used as the training PRS dataset (Section 5.2), prevalent CRC cases,
and individuals lost to follow-up within 5 years of enrolment. Censoring dates

were as defined for the PRS cohorts.

Table 4.18 describes the demographics of the Integrated Modelling Cohort by
sex. CRC incidence was 118.0 CRCs per 100,000 years follow-up in men and
79.3 in women. Comparison of the demographics of the Integrated Modelling
Cohort and the QCancer-10 derivation cohort (Table 4.19) demonstrates significant

differences between the two datasets.

1533



4. UK Biobank

Table 4.18: Demographics of the Integrated Modelling Cohort. Brackets show
percentages unless otherwise indicated

Males Females
Whole Cohort Cases Whole Cohort Cases
Numbers 196091 1895 238946 1458
Median (IQR) Follow-up (years) 7.08 (1.34) 3.7 (3.49) 7.1 (1.29) 3.84 (3.39)
Median (IQR) age (years) 58 (13) 63 (8) 57 (13) 61 (10)
East Midlands 13254 (6.8) 127 (6.7) 16175 (6.8) 88 (6.0)
London 25843 (13.2) 203 (10.7) 33080 (13.9) 150 (10.3)
) North East 22789 (11.6) 221 (11.7) 27688 (11.6) 174 (11.9)
Region North West 30250 (15.4) 325 (17.2) 35278 (14.8) 203 (13.9)
Scotland 14690 (7.5) 173 (9.1) 18729 (7.9) 150 (10.3)
South East 16812 (8.6) 165 (8.7) 21367 (9.0) 179 (12.3)
South West 16467 (8.4) 150 (7.9) 21086 (8.8) 136 (9.3)
Wales 8150 (4.2) 90 (4.7) 9942 (4.2) 63 (4.3)
West Midlands 18530 (9.4) 154 (8.1) 19783 (83) 128 (3.8)
Yorkshire and Humber 29297 (14.9) 287 (15.1) 35368 (14.8) 187 (12.8)
White/not recorded 185813 (94.8) 1848 (97.5) 224316 (94.6) 1399 (96.0)
Indian 2510 (1.3) 11 (0.6) 2601 (1.1) 12 (0.8)
Ethnicity Pakistani 903 (0.5) 1(0.1) 616 (0.3) 4(0.3)
Bangladeshi 132 (0.1) 0 (0.0) 61 (0.0) 0 (0.0)
Other Asian 841 (0.4) 2 (0.1) 748 (0.3) 2 (0.1)
Black African 1397 (0.7) 5 (0.3) 1412 (0.6) 6 (0.4)
Caribbean 1363 (0.7) 8 (0.4) 2498 (1.0) 10 (0.7)
Chinese 516 (0.3) 2 (0.1) 865 (0.4) 5 (0.3)
Other ethnic group 2616 (1.3) 18 (0.9) 3980 (1.7) 20 (1.4)
Median (IQR) Townsend deprivation index -2.18 (4.19)  -2.33 (4.19)  -2.17 (4.09)*  -2.38 (3.96)*
Median (IQR) BMI (kg/m2) 27.28 (5.04)  27.92 (5.11) 26.08 (6.23)* 26.42 (6.00)*
Non-smoker 97088 (49.5) 739 (39.0) 142569 (59.8) 820 (56.2)
Smoking status Ex-smoker 75100 (38.3) 035 (49.3) 74934 (3L4) 525 (36.0)
Light smoker 9361 (4.8) 84 (4.4) 8885 (3.7) 43 (2.9)
Moderate smoker 5816 (3.0) 43 (2.3) 7235 (3.0) 43 (2.9)
Heavy smoker 8726 (4.4) 94 (5.0) 4873 (2.0) 27 (1.9)
Non-drinker 11985 (6.1) 89 (4.7) 22415 (9.4) 171 (11.7)
Aleohol intake Trivial drinker 41810 (21.3) 335 (17.7) 96085 (40.3) 591 (40.5)
Light drinker 57817 (29.5) 521 (27.5) 76942 (32.3) 433 (20.7)
Moderate drinker 60694 (31.0) 624 (32.9) 37830 (15.9) 234 (16.0)
Heavy drinker 14960 (7.6) 205 (10.8) 3797 (L.6) 25 (1.7)
Very heavy drinker 8825 (4.5) 121 (6.4) 1427 (0.6) 4(0.3)
Ulcerative colitis 1053 (0.5) 17 (0.9) 1211 (0.5) 12 (0.8)
Colorectal polyps 616 (0.3) 11 (0.6) 612 (0.3) 6 (0.4)
Diabetes 12803 (6.6) 184 (9.7) 7885 (3.3) 62 (4.3)
Previous medical history Breast cancer B B 9448 (4.0) 71 (19)
Uterine cancer - - 1030 (0.4) 16 (1.1)
Ovarian cancer - - 724 (0.3) 11 (0.8)
Cervical cancer - - 1711 (0.7) 10 (0.7)
Lung cancer 125 (0.1) 1(0.1) - -
Blood cancers 1146 (0.6) 10 (0.5) - -
Oral cancer 483 (0.2) 12 (0.6) - -
Family history of CRC 19505 (9.9) 266 (14.0) 22252 (9.3) 169 (11.6)

134



4. UK Biobank

Table 4.19: Characteristics of the UKB Integrated Modelling Cohort compared with
the QCancer-10 derivation cohort

Males Females
IMC  QCancer-10 derivation P IMC  QCancer-10 derivation P
Number 196091 2447866 238946 2495899
Age (years), mean (SD) 56.7 (8.2) 44.3 (14.8) 56.3 (8.0) 44.9 (15.9)
White/not recorded 185813 (94.8) 2231 641 (91.2) <0.001 224316 (94.6) 2 271 520 (91.0) <0.001
Indian 2510 (1.3) 142771 (1.7) 2601 (1.1) 37773 (1.5)
Ethnicity Pakistani 903 (0.5) 17 169 (0.7) 616 (0.3) 16 893 (0.7)
Bangladeshi 132 (0.1) 17169 (0.7) 61 (0.0) 13170 (0.5)
Other Asian 841 (0.4) 24 494 (1.0) 748 (0.3) 27 750 (1.1)
Caribbean 1397 (0.7) 37 003 (1.5) 1412 (0.6) 140 742 (1.6)
Black African 1363 (0.7) 18 553 (0.8) 2498 (1.0) 23 920 (1.0)
Chinese 516 (0 3) 12 493 (0.5) 865 (0.4) 17702 (0.7)
Other 2616 (1.3) 41738 (1.7) 3980 (L.7) 46 429 (1.9)
Townsend deprivation index, mean (SD) -1.3 (3.1) 3 (3.6) 1.4 (3.0) 0.2 (3.6)
BMI (kg/m2), mean (SD) 27.8 (4.2) 26.3 (4.2) 27.0 (5.2) 25.7 (5.0)
Non-smoker 97088 (49.5) 1081822 (44.2) <0.001 142569 (59.8) 1433 446 (57.4)  <0.001
Smoking status Ex-smoker 75100 (38.3) 1448 480 (18.3) 74934 (31.4) 392 870 (15.7)
Light smoker 9361 (4.8) 351 559 (14.4) 8885 (3.7) 284 482 (11.4)
Moderate smoker 5816 (3.0) 167 089 (6.8) 7235 (3.0) 152 115 (6.1)
Heavy smoker 8726 (4.4) 139 985 (5.7) 4873 (2.0) 86 114 (3.5)
Non-drinker 11985 (6.1) 433 515 (17.7)  <0.001 22415 (9.4) 753 150 (30.2) <0.001
O Trivial drinker 11810 (21.3) 585 589 (23.9) 96085 (40.3) 819 731 (34.0)
Light drinker 57817 (20.5) 358 713 (14.7) 76942 (32.3) 205 009 (11.8)
Moderate drinker 60694 (31.0) 486 003 (19.9) 37830 (15.9) 176 644 (7.1)
Heavy drinker 14960 (7.6) 41 223 (1.7) 3797 (1.6) 5332 (0.2)
Very heavy drinker 8825 (4.5) 18 473 (0.8) 1427 (0.6) 3743 (0.1)
Ulcerative colitis 1053 (0.5) 8956 (0.4) <0.001 1211 (0.5) 8983 (0.4) <0.001
Colorectal polyps 616 ( 3) 3146 (0.1) <0.001 612 (0.3) 2447 (0.1)  <0.001
Diabetes 12893 (6.6) 68727 (2.8) <0.001 7885 (3.3) 53070 (2.1) <0.001
Medical history Breast cancer 9448 (4.0) 25 108 (1.0) <0.001
Uterine cancer 1030 (0.4) 1987 (0.1) <0.001
Ovarian cancer 724 (0.3) 2242 (0.1) <0.001
Cervical cancer 1711 (0.7) 3582 (0.1) <0.001
Lung cancer 125 (0.1) 1488 (0.1)  0.643
Blood cancers 1146 (0.6) 5953 (0.2) <0.001
Oral cancer 483 (0.2) 964 (0.0) <0.001
Family history of CRC 19505 (9.9) 20877 (12) <0.001 22252 (9.3) 43741 (1.8)  <0.001

Values are numbers (%) unless indicated; proportions given for QCancer-10 derivation cohort are for those with recorded data

4.7 Discussion

UK Biobank is a hugely powerful resource, and one of few with a sufficiently large
phenotyped and genotyped cohort to facilitate the evaluation of integrated risk
prediction models for CRC. However, my examination of the dataset raises several

key issues in CRC prediction modelling.

There are notable differences between the UKB dataset and the general pop-
ulation. For example, I confirmed that registry-based CRC rates were lower in
UKB than in ONS data, particularly at older ages, though in my derived Integrated

Modelling Cohort the directly standardised rate for women was close to that of the
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general population. Lower CRC rates in UKB reflect the known ‘healthy volunteer’
effect within UKB [266]. This is a form of selection bias commonly seen in cohort
studies relying on voluntary participation [437]. Research volunteers tend to be
healthier, with higher health-consciousness, higher educational attainment and

higher socioeconomic status than non-volunteers [438, 439].

The extent to which the UKB cohort differs from the UK population has been
described previously by Fry et al. [266]. Of the 9.2 million individuals invited to
participate in UKB, 5.5% attended the baseline assessment. Participation was
higher in older ages, females, white people, and those from less socioeconomically
deprived areas. There was also geographic variation, with lowest uptake in West
Scotland. Participants are taller and leaner than the population average, with
lower smoking prevalence, lower prevalence of common medical conditions (based

on self-report), and lower all-cause mortality.

There are implications of non-representative samples for prediction model
development. For example, as a consequence of the disparity in cancer risk, baseline
hazards calculated in in this work are likely to be lower than would be expected in the
general population, particularly for men, and so recalibration is likely to be needed
on application to a more general population. In addition, model performance varies
between populations with different prevalence or risk of a disease (the ‘spectrum
effect’). With a higher risk of CRC in the general population of screening age,
compared to UKB, sensitivity might be anticipated to increase in the general

population improving performance as a screening test [440].

This healthy volunteer bias [437] is also seen in my comparison of the integrated
modelling and QCancer-10 derivation cohorts. As discussed in Chapter 1, QCancer-
10 is a more population-based cohort. The Integrated Modelling Cohort is older
with a much narrower age range, is less ethnically diverse and more affluent. There
are fewer current smokers, and higher levels of alcohol consumption. Far more
participants in UKB report a positive family history of CRC, likely reflecting the
differences in ascertainment methods. Medical conditions included in the QCancer-

10 model are also more prevalent (except lung cancer), probably due to the different
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age distributions of the cohorts. As a result, particularly as age is such a strong
predictor of CRC risk, performance of QCancer-10 in UKB has been shown to be
lower than on validation in a population cohort [172, 182], with implications for

the relative performance of my integrated prediction models.

Several other forms of selection bias should also be considered. Informative
censoring is induced by differential loss to follow-up, that is, systematic differences in
exposures or outcomes between those lost and retained. The use of linked datasets
in UKB follow-up dramatically minimises this (~0.002% of UKB participants with
available genetic data were lost to follow-up within 5 years of enrolment), and thus
is unlikely to have a significant impact on my analysis. In my case/control PRS
analysis, the use of the all remaining unaffected participants as controls avoids

matching bias, where over-matching can lead to underestimation of associations.

Prevalence-incidence bias (or Neyman’s bias), results from the inclusion of
prevalent cases (as in my case-control cohort, and many other PRS studies [228, 441])
and distorts the frequency of the exposure in a dataset due to sampling of cases [437],
typically leading to underestimation of effect sizes. However this has been shown to
occur only if the exposure under consideration influences mortality [442]. Whilst a
PRS for CRC incidence may influence CRC survival (for example polymorphisms
may increase the chance of both cell proliferation and cancer development and of
metastatic spread) this has not been demonstrated in the literature. Of co-predictors
in the PRS models, age may also be subject to Neyman’s bias, as those diagnosed
at an older age may have a higher associated mortality due to co-morbidities. There

is the potential therefore for the effect sizes to be underestimated.

Lower rates of CRC in UKB, and subsequently the number of cases included
in UKB follow-up, also impacts sample size requirements. For PRS development,
it is the sample size of the base GWAS dataset that is key to determining PRS
performance, allowing separate validation cohorts to be created. This enables
testing of performance in a cohort of more diverse European ancestry than the

white-British derivation cohort, assessment of the portability of the models, and a
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more detailed analysis of performance in other ethnicities. I explore the participant

exclusions in my PRS modelling datasets in more detail in Chapter 5.

Sample size calculations for the Integrated Modelling Cohort showed that a
large number of events per predictor (42 EPP) and events (1569) are needed for
the model for women, which is unachievable in my modelling dataset. I continued
with model development, however the female integrated models may be at higher
risk of over-fitting, and risk estimates may be less precise [443]. External validation,
to confirm estimates of performance and risk estimates, would be essential prior
to planning clinical use of this model. True external validation is performed in an
entirely new dataset (and indeed by a separate research team for ‘fully independent
validation’ [284, pp. 308-309]) and was outside of the scope of this study. At the
time of this study, a mean of 7 years of follow-up was available due to right-censoring
of registry data. Extended registry follow-up has recently been made available (up
to July 2019 for most participants). An extension of this thesis work would be to
re-estimate my models with the extended follow-up (and increased case numbers)
available, which would improve accuracy of performance estimates, and permit

estimation of absolute risks over a longer time horizon.

The thorough phenotyping of the UKB dataset enabled closely matched coding
of all Qcancer-10 predictors. While the highly standardised and comprehensive
data collection used in UKB reduces the risk of information bias, some risk of bias
could persist. Misclassification biases occurs when exposures are misclassified
due to random measurement errors or non-random biases, and several forms
of misclassification bias are particularly relevant here. Reporting bias occurs
where participants give answers they feel are more likely to be of interest to
researchers, or under-report socially unacceptable exposures such as heavy smoking
(‘underreporting bias’). Quantitative/frequency exposures (for example for alcohol
here) tend to be underestimated, as participants tend to report modal rather
than mean exposures (‘mode for mean bias’). Recall bias, particularly in case
control studies, arises where knowledge of disease status influences recollection

and perception of potential causes. This is less problematic in prospective studies,
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particularly where prospective outcomes are obtained through linked registries.
Detection bias occurs when the measurement or recording of outcome differs
systematically between different exposure groups. The risk of this is low in UKB
due to the use of linked data for follow-up.

As data collection in UKB is blind to the outcome of interest any misclassification
bias should be ‘non-differential’, i.e. the risk of bias is the same in cases and controls.
In binary variables misclassification bias tends towards the null, however in predictors
with multiple categories the bias can tend in either direction [437].

A further type of information bias pertinent to cohort studies is regression-
dilution bias. The random error in exposure measurements which causes this bias is
due to natural biological variability (for example measurement of weight at different
times of the day) or measurement imprecision. Random error in exposures tend
to bias regression estimates downwards [426]. Few exposures considered in my
QCancer-10 or PRS modelling are likely to be subject to significant error (aside

from BMI), nor is my outcome measure.

Whilst T have not re-estimated the effect sizes of QCancer-10 predictors indi-
vidually in my analyses (instead validating the performance of the original model
with limited recalibration, see Chapter 6) biases in exposure measures could lead to
underestimation of the effect size QCancer-10 risk scores in the combined model

(as opposed to the PRS, which is at low risk of most forms of information bias).

High levels of missingness, and handling of this, can also introduce misinformation
and selection biases, and lead to inefficient analysis. Missingness was <1% for almost
all predictors in my study, aside from genetic data and family history of CRC,
which were still <5% missing. Different mechanisms of missingness require different
approaches in statistical analysis. Several options are available in handling missing
data, including complete case analysis and imputation methods. A complete case
analysis includes only individuals with data available for every predictor for each
analysis. The drawback of this is loss of data and resulting inefficiency, with
potential loss of statistical power. Available case analysis includes cases with

available data for the analysis in question. Each analysis is then based on different
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cohort sizes, which can make comparisons more difficult - for example changes
in hazard ratios may be due to differences in the model, but also potentially due

to the differing subject mix [284, p.117].

Alternatives to these complete case approaches include single imputation, in
which a single value (for example the mean) replaces missing values. This is
straightforward but does not take into account correlation between, and variability
of, predictor values. Multiple imputation, in which missing values are replaced
with plausible values based on relationships between the predictors amongst other
participants, is more comprehensive. In multiple imputation, the imputation
process is repeated n times to give n full datasets, with the analysis (i.e. model
fitting and estimation of model performance) completed on each imputed dataset.
Results are combined to obtain point estimates and variance for model coefficients
and performance across the dataset, incorporating uncertainty in the underlying
imputation process [284, pp.122-23]. Imputation methods are dependent on
missingness being at least MAR (i.e. are not MNAR).

Missingness of most predictors considered here appeared to be MAR rather than
MCAR. Notably, missing data of two key CRC predictors (genetic data and family
history of CRC), tended to be higher in participants from minority ethnicities, and
those with higher Townsend scores (which may be related to one another). It is
not possible to directly test that data are MNAR, as this requires collecting and
examining some of the missing information. For some predictors, the mechanism
of missingness may be MNAR. Overall, as the proportion of missingness for these

variables is low, the bias introduced by these values is likely to be small.

It is reasonable, where missingness is <5%, to perform complete-case analysis
[285], particularly in very large datasets, which was the approach I took. In the
development of QCancer-10, BMI, alcohol, and smoking status were imputed, but
these predictors were thoroughly recorded in UKB. Ideally, I would have undertaken
a sensitivity analysis with multiply imputed data, which would also potentially
have increased the available sample size for the female integrated model. However,

Steyerberg notes that one would not impute a predictor of primary interest [284,
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pp.131], and so I would not have imputed PRS into the dataset, and missingness for
most other predictors was lower in women than men. In addition, in QCancer-10
development for many predictors, absence of information was assumed to mean
absence of disease. In UKB all of these predictors are explicitly queried and so I
did not use this as my primary approach, however conducting a sensitivity analysis

with missing values set as no, would be useful further work.

A potential issue with complete case analysis is bias introduced when there
are systematic differences between participants with missing and complete data
[444]. T observed systematic differences between individuals with and without
missing family history and genetic data, particularly with regards to ethnicity. The
exclusion of a disproportionate number of minority ethnic participants is significant,
exacerbating the under-representation that already exists in UKB. This bias in
prediction modelling is particularly an issue when missingness is associated with
the outcome [284, p.117], which is highly unlikely with a prospective study such
as this. However, as a result of these exclusions, the power to evaluate model
performance in minority ethnic individuals is further reduced, which may mean

that accurate inferences about performance cannot be made.

In conclusion, the size of dataset, extensive and complete phenotyping and
genetic data, and reliable follow-up through data linkage afforded by UKB make
it a valuable dataset for risk model development and evaluation, as evidenced by
the number of predicting modelling studies already conducted using the resource
(discussed in Chapter 1). The risk of bias overall is low, but should be considered
in interpreting the results presented in the following chapters. UKB is arguably an
approporiate dataset for risk modelling in the context of bowel cancer screening.
The age range of UKB is similar to that of the bowel cancer screening programme.
In addition, although UKB is not completely representative of the UK population,
the same applies to bowel screening participants, in whom we see higher screening
uptake in less deprived areas (measured by Index of Multiple Deprivation), less
ethnically diverse areas, and among women [56, 445] - mimicking the healthy

response bias seen in UKB. Thus model performance estimated in this cohort may
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be reasonably representative of that of the current (though not an ideal) bowel

cancer screening cohort. The next chapter presents the risk modelling work in UKB,

with a specific focus on the development of polygenic risk scores.
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Polygenic risk scores for colorectal cancer

This chapter describes the derivation and evaluation of novel polygenic risk scores

in UK Biobank, based on the most recent GWAS meta-analyses.

5.1 Background

A number of PRS for colorectal cancer (CRC) have been published previously,
most containing a small number of GWAS-significant SNPs [215]. As discussed in
Chapter 1, the predictive power of PRS are limited by the size of the GWAS datasets
available, and the genetic architecture of the phenotype under consideration. As
GWAS sample sizes increase, the accuracy of effect size estimates, and the power

to detect rarer variants also increases [232].

Early studies of PRS used modelling to estimate the probable discrimination
achieved by known SNPs. Pharoah et al. [446] used SNP effect sizes and allele
frequency to estimate the variance of a PRS, assuming a log-normal distribution
of genetic risk, and derived relative risk distributions for breast cancer in the
general population. Subsequently, early polygenic risk scores comprised a simple
summation of risk alleles, typically weighted by their effect sizes from GWAS.
With the addition of more risk SNPs, predictive performance has improved. In a

recent external validation study of GWAS-significant PRS for CRC in UKB, models
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including a greater number of SNPs performed better [215], but discrimination

and explained variation remained poor.

A strong argument has recently been made for including a greater number of
genome-wide SNPs in PRS, including those below the GWAS-significance threshold
of p<5x1078. “Ignorance cannot be bliss”, state Wray et al. [232] - it must be
better to use all available information in this context. Many studies have since
demonstrated, across a variety of phenotypes, that the inclusion of thousands
or millions of SNPs, selected using a range of methodologies, achieve greater
predictive power (441, 447, 448].

Genomic prediction studies first need to identify the optimal set of predictive
SNPs to include, and then the weight for each SNP representing its contribution to
the predictive model [208]. The initial (and simplest) approach taken to expanding
PRS was to evaluate including SNPs across a range of significance thresholds,
retaining the weights from GWAS. However, this does not take into account
correlation between SNPs (linkage disequilibrium, LD), which exaggerates the
effect of a given locus if many SNPs in high LD are included. An extension of this
approach used ‘pruning and thresholding’, removing SNPs in LD with one another
at successive loci across the genome [447]. However, the most predictive SNPs can
be pruned away using this approach, and so pruning was replaced with clumping
(C+T). Here, the most strongly associated variant is selected, and correlated
variants located within a given genetic distance are excluded, in an iterative process
[207]. Clumped variants reaching a given association significance threshold, are
then retained, weighted by their GWAS effect size. A range of clumping R? and
thresholding significance values are compared, and the optimal parameters selected
based on the best correlation, or most significant association with, the phenotype
on testing in a regression model. The optimal threshold for inclusion is dependent

on both GWAS sample size and genetic architecture of the trait in question [447].

A limitation of this approach is the failure to allow joint estimation of SNP effect
sizes (that is, these analyses assume SNPs act independently). A range of statistical

methods for effect size estimation alongside SNP selection have been evaluated
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to account for this. Abraham et al. [208] demonstrated that sparse penalised
machine learning methods such as lasso and elastic-net had significantly better
predictive performance than traditional approaches, leveraging LD information to
improve their accuracy. Several early such methodologies required access to primary
GWAS data rather than summary statistics, limiting their implementation by most
researchers with access to only the summary data [209]. A number of publicly
available tools have since been developed utilising these approaches for wider use.
Mak et al. [209] developed Lassosum, using penalized regression for effect estimation.
Wray et al. [232] highlighted Bayesian approaches, incorporating information about
the prior assumptions of distribution of SNP effects, as an optimal approach, and
Vilhjélmsson et al. [210] developed LDpred, using Bayesian methods to estimate
SNP effect sizes based on summary statistics and an LD matrix, facilitating wider
use of this approach. This has subsequently been updated to LDpred2 [211]. Ge et

al’s PRS-CS method also uses a Bayesian approach with a continuous prior [212].

Two studies have examined genome-wide PRS for CRC, both using the Huyghe
et al. [222] meta-analysis as a ‘base’ dataset. Thomas et al. [228] compared a
GWAS-significant PRS with models derived using LDpred and machine learning
approaches. Their LDpred model, including 1.2 million SNPs, had the highest
discrimination. The area under the ROC curve (AUROC), adjusted for age and
sex, was 0.654 in external validation. Fritsche et al. [219] evaluated fixed thresholds,
C+T, and lassosum, examining performance in two different cohorts - UK Biobank,
and the Michigan Genomics Initiative (MGI). They compared a variety of different
base GWAS analyses, mostly derived in UKB. The top-performing CRC PRS in
the MGI cohort was obtained using lassosum but contained just 150 SNPs, and
achieved an AUROC of just 0.567 (95% CI 0.540-0.594).

A key issue in many PRS studies to date has been overlap between the base and
PRS modelling datasets. This results in over-estimation of the association between
the PRS and outcome in the training dataset [282], resulting in over-fitting to the

training dataset, and inflated performance estimates [232].
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In this chapter I aimed to develop and evaluate PRS for CRC using a number
of genome-wide approaches, and compare these with a GWAS-significant PRS. I
hypothesised that the use of a large base GWAS dataset, and recently developed PRS

methodologies, would produce PRS which outperformed those previously published.

5.1.1 Chapter Outline

As an initial evaluation of PRS, I use the risk distribution methodology of Pharoah
et al. [446] to model and evaluate a PRS and the impact of risk-stratified screening

on screening numbers.

I then develop 6 different PRS for CRC in the UKB dataset using 3 main
methodologies. Firstly, I derive a weighted GWAS-significant PRS model. Secondly,
I use two different C+T approaches - a standard approach, and an extension to
this, stacked clumping and thresholding (SCT), which has not previously been
evaluated in CRC, which learns an optimal combination of C+T across chromosomes.
Thirdly, I evaluate three different approaches using the LDpred2 programme. I use
the GWAS meta-analysis presented in Chapter 3, recalculated without the UKB
dataset (to remove overlap with UKB), as my base dataset, to produce less biased

performance estimates than those previously published.

I compare the apparent and internally validated performance of my PRS in a
white-British cohort of UKB participants from England and Wales, and externally
validate performance in both a white European Geographic Validation Cohort and
a Minority Ethnic Validation Cohort (see Section 4.6). I present subgroup analysis
of PRS performance by age, and in individuals with a family history of CRC. The
genome-wide PRS with the best predictive performance, and the GWAS-significant

PRS, are then used in combined modelling with QCancer-10 in Chapter 6.

5.2 Methods

Results of my polygenic risk modelling are presented according to PRS-RS guidelines
[171], and reporting of all modelling follows the TRIPOD guidelines [168].
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5.2.1 Modelling colorectal cancer risk from a polygenic log-
normal distribution

The potential utility of a PRS based on GWAS-significant SNPs can be evaluated by
comparing cancer cases detected using age-based screening with those detected using
a model based on calculated absolute risks in the population, as shown by Pashayan
et al. [449]. Here the polygenic relative risk distribution is estimated in cases and
controls (based on earlier work by Pharoah et al. [446]), and overlaid on the calculated

cancer-specific incidence of CRC, to derive polygenic risk based absolute risks.

In a polygenic model of complex disease, genetic risk distribution in the general
population is assumed to be log-normal, with mean p and standard deviation o,
[446]. The u is an arbitrary constant, which may be set to u = —0?/2, so that mean

2 is calculated from the

population relative risk at birth is unity. The variance, o
per-allele relative risk (taken from the GWAS-derived odds ratios) and the risk allele

frequency in the population, assuming a log-additive model of risk allele interactions:

02 = anpn(l - pn)ﬂi

where § and p correspond to the log odds ratio and risk allele frequency for
SNP r [446, 449]. The genetic risk distribution in cases is also log-normal with the
same variance, but with mean relative risk shifted to the right on a log scale by
02 [446]. From this calculated variance, percentile relative risks, and proportion
of cases occurring at these relative risks, can be calculated [449].

I manually curated a list of SNPs from meta-analyses in Law et al. [115] and
Huyghe et al. [222], and references within. Where SNPs had been identified in
both datasets the effect size (5) and MAF were taken from Law et al. [115]. I
excluded several conditional SNPs from Huyghe et al. as the conditioning SNPs
were in LD (r? >0.1) with existing SNPs in our meta-analysis, and it was unclear
how best to handle these. Fifteen SNPs identified in Huyghe et al. [222] but not
in Law et al. [115] were excluded. The rare variant on 5q21.1 from Huyghe et al.

[222] was also excluded. The final PRS included 97 SNPs.
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In GWAS, SNP effect size estimates are subject to the ‘winner’s curse’, a form
of ascertainment bias in which the effect estimates in discovery studies tend to be
biased upwards [450]. Signals with the greatest effect size are most affected by this
bias. I corrected SNP betas for the winner’s curse using the False Discovery Rate
Inverse Quantile Transformation (FIQT) method [451]. Whilst other methodologies

have been proposed for correction, the code was not available for these [452, 453].

I derived absolute risks for CRC from population data. I obtained data for
diagnosis from CRC registrations, deaths from CRC and all causes, and mid-year
population estimates for England from the ONS for the years 2012-2017 [454,
455]. T calculated mean cancer incidence rates, and cancer-related and all-cause
mortality rates across this time frame. Age-conditional 10-year absolute risks of
CRC diagnosis were then derived in 1-year age bands for men and women up to

the age of 75 using DevCan software vsn.6.7.6 [456].

I used percentile relative risks from the 97-SNP PRS to calculate the 10-year
absolute risk of CRC at 40-74 years of age across risk centiles. I then evaluated the
number of individuals eligible for screening and cases detected in a hypothetical
screening cohort of 100,000 individuals, in which the number of cases at each year
of age was based on CRC rates in the ONS data. I compared age-based screening
of 50-74 year olds with risk-based screening assuming participation in at a 10-year

absolute risk level equivalent to that of an average 50 year old.

5.2.2 Base genome-wide association study meta-analysis

In order to avoid overlap between base and target datasets in PRS development,
for the PRS base dataset I re-performed the meta-analysis described in Chapter 3,
excluding the UKB dataset. This included 14 GWAS cohorts, with 26,397 cases
and 41,481 controls of European ancestry based on PCA. I used the same software

and inclusion criteria as previously described in Section 3.3.1.
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5.2.3 GWAS-significant polygenic risk score

From the list of SNPs curated in Section 5.2.1 I excluded SNPs which did not
reach genome-wide significance (P gg50.<5X 10_8) in my base meta-analysis. 1 used
the effect sizes from my base dataset, again adjusting for the winner’s curse using
FIQT correction [451]. Where SNPs were reported at the same loci in different
studies and were correlated at r?>>0.1 I retained the most significantly associated
SNP. One SNP, rs9537521, was not present in UKB data, with no LD proxy

available, and so was excluded.

I used QCtool v2.0.1 [295] to extract SNP dosages from the UKB bgen format
imputed dataset, flipping dosages where required to match the effect allele. 1
weighted dosages by the effect sizes per SNP, and summed these to derive the
scores. The minimum INFO score for SNPs included in the GWAS-significant
model was 0.932.

5.2.4 Clumping and Thresholding

[ initially planned to use PRSice2 PRS software for C4+T approaches [457]. In this
analysis, I removed ambiguous SNPs, those failing imputation in >50% of dataset,
structural variants, and SNPs absent in the UKB dataset. I included SNPs passing
QC criteria of MAF (calculated on the target dataset only using QCTOOL) of
> 0.01 and INFO score of > 0.6. I then attempted to run PRSice2 using default
parameters of an additive model with mean imputation of missing values, clumping
72 of 0.2. Despite using the maximum available computational power available,
discussion with the author, and support from central computing services, I could
not successfully run PRSice2 on my dataset. I therefore subsequently used the
R package bigsnpr for C+T and SCT approaches [300].

Prior to C+T, SCT and LDpred2 modelling, I undertook further QC steps
beyond the standard QC described in Chapter 4. I followed the methodology
of Privé, Arbel, and Vilhjalmsson [211] and restricted the dataset to individuals
classed by UKB as of white-British ancestry (identified through a combination of

self-report and principal components analysis). I included individuals included in
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UKB PCA analysis (removing related individuals at 3 degrees of relatedness or
more) [267], and used computation of robust Mahalanobis distances to create a
more genetically homogeneous dataset, removing individuals with log-distance >5

[211]. This resulted in a dataset of 310664 individuals with 4676 cancer cases.

Following per-SNP QC steps suggested by Privé, Arbel, and Vilhjalmsson [211],
I restricted variants considered for genome-wide PRS calculated to those included
in HapMap3 (n = 1,117,493), which matched the 12,972,739 SNPs in the base
GWAS summary statistics. I removed ambiguous SNPs (i.e. A/T or G/C SNPs),
and further matched variants between the base dataset using chromosome, genetic
position and reference and alternate allele, leaving 1,117,002 SNPs. I then compared
standard deviations of genotypes in the summary statistics (SDs) and LDpred2 LD
Training Cohort (SD4,-), and removed variants where SDgs < 0.5 (SDjg-), SDgs
> 0.1 4+ SDygs, SDgs < 0.1 or SDygs- < 0.05 (see Figure 5.1). This left 1,104,409
SNPs for inclusion in the PRS. The minimum INFO score of these SNPs was 0.411,

and I performed no further filtering on this.

Both C+T and LDpred2 approaches require an LD matrix. I constructed
the LD matrix from 10,000 randomly selected individuals from the Derivation
Dataset (the LD training dataset), which calculates Pearson correlations between
SNPs within 500kb windows, calculating p-values using two-sided t-tests [211]. A
minimum of 1000 individuals is recommended for the LD reference panel [210].
To the 10,000 used in LD matrix calculation I added 20,000 randomly selected
individuals to generate the Training Cohort, used for parameter selection, which

included 30,000 participants with 446 cases.

I generated C+T scores across a grid of r* (0.01, 0.05, 0.1, 0.2, 0.5, 0.8, 0.95), 50
thresholds of -logl0(P-values) (spaced equally between the most significant p-value
and 0.1 on a log scale), and base clumping window size values (50, 100, 200 and 500)
[211]. The actual window size in kb is the base size divided by clumping 72, so that
for an 72 of 0.1, window sizes would be 500, 1000, 2000 and 5000kb; this adjustment
is made as LD between variants is inversely proportional to genetic distance [458,

459]. Clumping used data on 10,000 individuals from the LD training dataset for
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Figure 5.1: Quality control based on genotype matching between summary statistics
and Training Cohort

computational efficiency; thresholding was performed using the expanded 30,000
person Training Cohort. From this grid of 1,400 C+T PRS, the top-performing

C+T score was selected based on AUROC in linear regression.

I also evaluated stacked clumping and thresholding (SCT), developed by Privé,
Aschard, and Blum [460], which develops C+T by learning the optimal linear
combination of C+T scores generated through efficient penalised logistic regression,
and outperforms C+T in other phenotypes [458]. This facilitates joint estimation of
effect sizes which can improve predictive performance [460]. Stacked clumping and
thresholding uses the vectors of C4+T polygenic scores per chromosome (therefore
here 22 x 1400 = 30,800 scores) as explanatory variables in a penalised regression,
in which weights are fitted for each score. A single vector of effect sizes is then

derived from the linear combination of these scores [458].
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5.2.5 LDpred2

LDpred2 [211], a recent update of LDpred [210], uses a Bayesian approach to SNP
selection and shrinkage for PRS, based on an LD matrix and GWAS summary
statistics, implemented in the R package bigsnpr [300]. The prior for the effect
sizes includes two parameters - the heritability explained by the included genotypes,

h?, and the proportion of causal SNPs, propeeusai-

The updated version of LDpred [210] provides higher predictive performance,
particularly with large GWAS sample size [211], corrects previous instability issues
[461], and evaluates more hyper-parameters (126 different iterations instead of
7 in LDpred). A larger window of 3¢M (using genetic distance rather than the
number of bases) improves performance particularly for causal variants in regions
of long-range LD (for example HLA regions). Colorectal cancer-associated variants
in HLA regions have recently been reported [115, 222] and this improvement may
therefore be of benefit in CRC-prediction. The authors provide a tutorial and code

accompanying their paper [462], on which my analysis was based.

There are multiple options for PRS construction within LDpred2:

 An infinitesimal model (LDpred2-inf) assumes all markers are causal;

o Grid models (LDpred2-grid) require hyper-parameters SNP heritability, h?,
(calculated from constrained LD score regression), proportion of causal variants,
ProPeausal; and sparsity (allowing variant effects to be zero), are tuned in a
training set (called the validation set in the original paper);

e An auto model (LDPred2-auto) which automatically estimates sparsity and

SNP heritability, removing the need for a training set.

I evaluated LDpred2-inf and LDpred2-grid models (sparse and non-sparse),
running these genome-wide (rather than by chromosome) as recommended. My
grid of tuning parameters for LDpred2-grid models included 3 heritability estimates
(0.1121, 0.1602, 0.2243), 21 values for prop.usa evenly spaced between 0.00005

and 1 on the log scale, and sparse/non-sparse. I then selected the optimally
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performing sparse and non-sparse models based on the best Z-score for the logistic
regression slope, adjusted for array platform and first 4 principal components
(PCs). The use of Z-score is recommended in this context by the authors as being

more robust than AUROC [211].

5.2.6 Apparent polygenic risk score performance and in-
ternal validation

Logistic regressions models, using prevalent and incident cases, have commonly
been used in other PRS studies to assess PRS performance [228, 441]. In addition,
I was interested in performance for prospective prediction of absolute risk, as this
is preferred in decision making, and is also the methodology used for QCancer-10
models [182]. For each PRS I therefore evaluated the association with CRC risk
in both logistic regression models and Cox proportional hazards (Cox) models

(see Section 2.8).

Prediction models included the PRS, age (taken at enrolment in to UKB, equal
to the study entry time point), sex, genotyping array and 4 principal components
(PCs), with apparent performance evaluated in the Test Cohort (280,664 individuals,
with 4,230 cases; case prevalence was 1.5% in both Training and Test Cohorts). Age
and sex were included as key co-variates known to be independent predictors of CRC
risk. The inclusion of PCs accounts for population stratification due to underlying
population genetic structure (see Section 2.8.3), and genotyping array accounts for
possible differential genotyping between the two platforms. Age, PRS, and PCs were

modelled as continuous variables, assuming a linear relationship (on the log scale).

For Cox models I confirmed proportional hazards assumptions held through
visual inspection of plots of log(—log)survival against log(survival) [284, pp. 78,
285], which form parallel lines if the model has a constant hazard ratio, and through
statistical testing of proportional hazards, per variable and overall, with inspection

and plotting of Schoenfeld residuals.

I evaluated interactions between age and PRS by fitting an interaction term along

with other predictors in both logistic regression and Cox models, and examining the
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strength and significance of Wald y? statistics (using a stringent p-value cut-off for
interaction terms of < 0.01 to account for multiple testing) for these interactions

[284, pp.217]. T also examined plots of marginal effects of PRS in the interaction.

PRS model performance was compared to a reference model which included age,
sex, array, and 4 PCs, in order to evaluate the contribution of PRS to performance.
In addition, I evaluated models which did not include age and sex, to evaluate the
contribution which these factors (known to be independent predictors for CRC

risk) made to the performance of the full model [282].

I plotted distributions of the PRS in each cohort, standardised to a mean of
0 and standard deviation of 1 in the Derivation Test Cohort. Assuming PRS
are based on a summation of independent SNPs with the same distributions, the
central limit theorem indicates the PRS in a sample should follow an approximately
normal distribution. Deviation from this can indicate that either included SNPs
are correlated, or the inclusion of SNPs with different distributions (for example in
divergent ancestries) [282]. I calculated odd ratios and hazard ratios per-standard
deviation of PRS for each model. (These standardised scores were used for the
plots of marginal effects if PRS in interaction with age; all other analyses used

non-standardised scores).

Overall model performance was assessed using the scaled Brier Score (see Section
2.8.8). I assessed discrimination using the C-statistic and Somers’ D, for logistic
regression models, and Harrell’s c-index and Royston and Sauerbrei’s D statistic
for Cox models. For Cox models I additionally plotted Kaplan Meier cumulative
incidence plots in four risk groups (Section 2.8.8). To assess explained variation,
for logistic regression models I used Nagelkerke’s R?, and calculated Nagelkerke’s
R? attributable to the PRS (R? of the full model minus R? of the null model).
For Cox models, T used Royston and Sauerbrei’s R%.

I used 500 bootstrap samples to generate confidence intervals and for internal
validation [463]. This randomly samples from the original data with replacement
to generate new datasets, estimating performance in each, permitting estimation

of the distribution of performance measures, and optimism within these estimates.
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I evaluated the significance of the differences in performance of the models using
paired t-tests. I used the optimism-adjusted calibration slope as a global shrinkage
factor to adjust the linear predictor for the models, and re-estimated the intercept
for logistic regression models, and Sy(t) for survival models [285], by refitting
the models with the adjusted LP as an offset (i.e. as the model covariate with

the coefficient constrained to 1).

5.2.7 External validation and subgroup analysis

Performance of the adjusted models was validated in the Geographic Validation
Cohort and Minority Ethnic Validation Cohort. In addition to measures described
above, I evaluated the calibration slope and calibration in the large (CITL),
and visually assessed calibration plots (see Section ref(meth-modelcalibration)).
Notably, whilst the Hosmer-Lemeshow goodness of fit test is often used to report
calibration, this is over-sensitive in large sample sizes [169], and was not used
here. I used recalibration-in-the-large (Section 2.8.11) to recalibrate the models

in the external datasets.

I examined model performance in males and females separately in the Geographic
Validation Cohort to facilitate comparison with the sex-specific models developed in
Chapter 6, and in individuals with a family history of CRC. I also plotted calibration
by age by plotting expected and observed risk in 5-year age bands.

5.3 Modelling polygenic risk scores from the log-
normal polygenic distribution

Following the publication of the most recent CRC GWAS meta-analyses [115, 222],
I evaluated the potential for a PRS derived from discovered GWAS,,,.;, significant
SNPs to discriminate CRC risk, and of a PRS containing all common variation,
following the methodology of Pharoah and colleagues [446].

The 97 SNPs of this PRS (listed in Appendix A) result in a log-normal
distribution of relative risk with o2 of 0.34 (Figure 5.2 A). For a PRS including
all known possible variants, 02 is 1.164 (Figure 5.2 D). The 97-SNP PRS confers
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Figure 5.2: Performance of PRS models derived from modelling of log-normal
distributions. Plots show density distributions of relative risk (A), cumulative population
risk (B) and AUC (C) for a PRS containing 97 GWAS-significant SNPs, and for a PRS

assuming all common variants are known (D-F).

a 3.9 fold difference in RR between those in the 99th and 50th centiles; and a 2.1
fold difference in risk between top decile and median risk for 97 SNPs. Including

all common variation results in a 12.3-fold increase in risk at the 99th centile. The

AUROC:s for the 97-SNP PRS, and all-known PRS are shown in (Figure 5.2 C,F).

The age conditional 10-year absolute risk of CRC from birth to 75 is shown in
Figure 5.3. Ten-year absolute risk of CRC on entry to the screening programme

at 50 is 0.48% for women and 0.65% for men.

Plots of 10-year absolute risks across PRS centile thresholds (Figure 5.4) illustrate
the wide variation in risk for different groups of polygenic risk, and the marked
difference between males and females: women in the 95th centile have broadly

the same risk as men in the 80th centile of risk.
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Figure 5.3: 10-year absolute risk of CRC in males and females aged 0-90 years, derived
from 2012-2017 ONS data
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Figure 5.4: 10-year absolute risk of CRC in males and females by PRS centile

5.3.1 Modelling the impact of risk-stratification on a hypo-
thetical screening cohort

Based on ONS data, the screening-age (50-74) population in England in between
2012-2017 included an average of 7,734,486 women and 7,407,102 men, with 6,938
cases of CRC in women (overall crude incidence rate 90 per 100,000 person years
at risk), and 10,388 cases of CRC in men (overall crude incidence rate 140 per

100,000 person years at risk).
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If a broader age range of 40-74 was considered for risk-based screening, 11,549,934
women would be eligible for screening with 7,572 cases of CRC (overall incidence rate
66 per 100,000 person years at risk), and 11,148,784 men with 11,073 cases of CRC

(overall incidence rate 99 per 100,000 person years at risk) in men in this age group.

Applying risk-based screening, including individuals with a threshold of over
0.57% ten-year risk to the current screening programme would result in 11,990,321
individuals (6,139,016 women and 5,851,907 men) being eligible for screening, with
16,729 cancer cases (6,784 in women and 9,949 in men). This is a 3.4% reduction
in cancers detected for a 20.8% reduction in numbers of screening participants
compared to age-based screening.

Extending risk-based screening to 40 year olds would result in 13,008,636
individuals (6,654,379 women and 6,355,476 men) participating in screening, with
17,432 detectable cancer cases (7,024 in women and 10,409 in men). This results
in 0.6% fewer cancers detected for a 14.1% reduction in numbers of screening
participants compared to age-based screening.

Thus both of these risk-based approaches would reduce numbers participating in
screening compared to the current age-based screening programme, with extension
of the age range to 40 years having essentially no impact on the total number

of cancers detected.

5.4 Polygenic risk scores in UK Biobank

5.4.1 Polygenic risk score construction

5.4.1.1 GWAS-significant polygenic risk scores

Of SNPs previously reported as associated with CRC at p<5x10~8 in European
populations, 50 SNPs replicated at GWAS-significance in my meta-analysis and
included in the GWAS-sig PRS. Table 5.1 lists these SNPs with their risk alleles

and adjusted betas and odds ratios.
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Table 5.1: Risk alleles and adjusted effect sizes of SNPs included in the GWAS-significant
PRS

Locus rsID Chromosome  Position  Risk Allele Base P value Adjusted Beta Adjusted OR
1p34.3  rs61776719 1 38461319 C 4.13e-08 0.0711379 1.073729
1p32.3  rs12143541 1 55247852 G 3.39¢-08 0.0950466 1.099710
1925.3 rs4546885 1 183025555 G 1.72e-11 0.0834519 1.087033
1g41 rs6658977 1 222049820 T 3.97¢-08 0.0693903 1.071854
2435 rs13020391 2 219184436 C 2.78e-10 0.0805173 1.083848
3p22.1  1s35470271 3 40915239 G 3.15e-09 0.0994733 1.104589
3q13.2 1812635946 3 112916918 C 4.16e-12 0.0873575 1.091287
4924 1s17035289 4 106048291 T 7.03e-10 0.0998087 1.104960
4g31.21  rs75686861 4 145621328 A 1.89e-08 0.1177675 1.124982
5p13.1  rs1445011 5 40280202 C 7.05e-13 0.0947643 1.099400
5q31.1 5639933 5 134467751 C 3.44e-08 0.0720464 1.074705
6p21.31 rs16878812 6 35569562 A 4.34e-08 0.1062480 1.112098
6p21.2  rs1321310 6 36623124 C 7.65e-10 0.0864985 1.090350
6pl2.1  1s62404966 6 55712124 C 2.88e-08 0.0790045 1.082209
6q21 156928864 6 105966894 C 1.37e-08 0.1253851 1.133585
7pl2.3  rs3801081 7 47511161 G 6.28e-09 0.0753624 1.078275
8q23.3  rs16892766 8 117630683 C 7.35e-28 0.2259679 1.253535
8q24.21  rs6983267 8 128413305 G 7.59¢-39 0.1566475 1.169583
9p21.3  rs1412834 9 22110131 T 4.56e-15 0.0931829 1.097662
10p14 rs7894531 10 8734761 G 2.91e-21 0.1225597 1.130387
10g22.3  rs704017 10 80819132 G 1.13e-14 0.1020743 1.107466
10q24.2 152193352 10 101346609 G 2.4e-13 0.1090038 1.115167
11q13.4  1s57796856 11 74338355 T 6.25e-13 0.0860008 1.089807
11q13.4  1rs4944940 11 74415252 G 2.49e-16 0.2617104 1.299150
11g23.1  rs3087967 11 111156836 T 9.41e-28 0.1418661 1.152422
12p13.31 1rs10849438 12 6412036 G 2.17e-08 0.1117075 1.118186
12q13.12  rs11169572 12 51216890 C 1.49e-12 0.0866486 1.090513
12q24.12  1s597808 12 111973358 G 1.09e-12 0.0864705 1.090319
12q24.21  rs7315438 12 115891403 T 4.02e-11 0.0808168 1.084172
13q13.3  1s12427600 13 37460648 C 1.71e-09 0.0844332 1.088100
13¢22.1  1rs45597035 13 73649152 A 1.26e-08 0.0733021 1.076056
13g22.3  rs1330889 13 78609615 C 2.05e-08 0.1029962 1.108487
14¢22.2  1s35107139 14 54419106 C 1.11e-10 0.0848918 1.088599
15q13.3 1516969681 15 32993111 T 1.07e-20 0.1909614 1.210413
15q13.3  rs73376930 15 33012502 G 3.24e-25 0.1512445 1.163281
15q13.3  rs17816465 15 33156386 A 1.38e-10 0.0969737 1.101831
15¢26.1  rs7495132 15 91172901 T 7.74e-09 0.1078986 1.113935
16¢23.2  1s61336918 16 80007266 A 1.57e-11 0.0918747 1.096227
16q24.1 rs899244 16 86700030 T 8.13e-09 0.0849503 1.088663
17p12 rs1078643 17 10707241 A 8.25e-09 0.0894635 1.093587
18g21.1  rs7226855 18 46454048 A 2.44e-57 0.1937059 1.213739
19q13.11 1rs73039434 19 33524919 T 5.9e-15 0.2636508 1.301674
19q13.33 1rs12979278 19 49218602 T 8.18e-09 0.0716786 1.074310
20p12.3 rs961253 20 6404281 A 4.23e-17 0.1036345 1.109195
20p12.3  rs994308 20 6603622 C 2.55e-10 0.0778976 1.081012
20p12.3  1rs6085661 20 6693128 T 1.45e-12 0.0863733 1.090213
20q13.13  rs6066825 20 47340117 A 7.02e-12 0.0870635 1.090966
20q13.13  rs4811050 20 48980670 A 1.63e-10 0.0998156 1.104967
20q13.13  rs6091213 20 49384745 C 3.75e-08 0.0775145 1.080598
20q13.33  rs1741640 20 60932414 C 5.38e-25 0.1615189 1.175295
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Figure 5.5: Z-scores across tuning parameters for LDpred2 grid models

5.4.1.2 Clumping and Thresholding polygenic risk scores

The top performing C+T PRS was obtained with clumping 72 of 0.5, clumping
window of 1000kb, and p value threshold of 0.01897556. The C+T PRS includes
13,446 SNPs with an AUROC in the Training Cohort of 0.608. The SCT model
includes 194,756 SNPs.

5.4.1.3 LDpred2 polygenic risk scores

The heritability estimate (on the observed scale) from dataset is 0.1602065.
Figure 5.5 shows the Z-scores across the range of tuning parameters for LDpred2-
grid models. The optimal parameters for these models were prope,usa 0.0056, and
h? of 0.1121 for the non-sparse model, which contained all 1,104,409 SNPs and
Propeausar 0.0056, h? 0.1602 and sparsity 0.44137 for the sparse model, which
contained 616,956 SNPs.

5.5 Evaluation of polygenic risk scores in logistic
regression models

Figure 5.6 shows the standardised distribution plots of the 6 PRS scores in the Test,

Geographic Validation and Minority Ethnic Validation Cohorts; Table 5.2 shows
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Table 5.2: Standardised Mean (SD) PRS in Test, Geographic Validation and Minority
Ethnic Validation Cohorts

Test Geographic Validation Minority Ethnic Validation
models Controls Cases A Mean  Controls Cases A Mean  Controls Cases A Mean
LDpred2-inf -0.01 (1.00) 0.35 (1.03) 0.36 0.10 (1.05) 0.72 (1.18) 0.62 -1.33 (1.23) -0.95 (1.33) 0.38
LDpred2-grid -0.01 (1.00) 0.44 (1.00) 0.45 0.09 (1.02) 0.70 (1.07) 0.61 -0.80 (1.00) -0.36 (1.00) 0.44
LDpred2-grid-sp -0.01 (1.00) 0.44 (1.00)  0.45  0.09 (1.03) 0.71 (1.09)  0.62  -0.83 (1.01) -0.38 (1.01)  0.45
SCT -0.01 (1.00) 0.34 (1.02) 0.35 0.07 (1.02) 0.60 (1.09) 0.53 -1.19 (1.36) -0.83 (1.38) 0.36
C+T 0.01 (1.00) 0.34 (1.00) 035  0.10 (1.03) 0.65 (1.13) 055  -0.56 (1.02) -0.19 (1.03)  0.37
GWAS-sig 0.00 (1.00) 0.32(0.99) 032  0.01 (1.00) 040 (1.00) 039  -0.55 (1.03) -0.31(1.12)  0.24

Table 5.3: Wald Chisq values for interactions between PRS and age in logistic regression
model

Chi-Square (P)

model PRS age PRS * age
LDpred2-inf 529 (0.000) 1254 (0.000) 8 (0.004)
LDpred2-grid 860 (0.000) 1254 (0.000) 3 (0.065)
LDpred2-grid-sp 829 (0.000) 1254 (0.000) 3 (0.068)
SCT 500 (0.000) 1254 (0.000) 2 (0.136)
C+T 509 (0.000) 1252 (0.000) 3 (0.064)
GWAS-sig 447 (0.000) 1248 (0.000) 1 (0.457)

the corresponding values. As anticipated the PRS follow the normal distribution
in the Test Cohort; deviation from the normal distribution in the Minority Ethnic
Validation Cohort reflects the differences in allele frequencies and effects. The
greater separation of mean PRS scores between cases and controls in the Geographic
Validation cohort indicates greater discrimination in this cohort compared to the
Test Cohort. The globally lower PRS in both cases and controls in the Minority
Ethnic Validation cohort are indicative of the differences in allele frequency in
these populations, while the increase in range likely represents the increased genetic

diversity of this population.

Plots of marginal effects of PRS in interaction with age (Figure 5.7) indicate a
negative interaction, suggesting a smaller effect of PRS with increasing age. This is
less marked for the GWAS-significant model. Interaction terms between age and
sex, fitted in a full model with all other predictors (Table 5.3), had a small x?, and
was significant (at p<0.01) for LDpred2-inf model alone. Given the weakness of

the interactions, I did not include the interaction term in the models.
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Figure 5.6: Distribution of standardised PRS scores in modelling cohorts. Blue lines
represents controls, green lines cases
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Figure 5.7: Plots of marginal effects of standardised PRS in logistic regression models
interaction with age

Table 5.4 shows the adjusted effect sizes for predictors in the PRS logistic
regression models. LDpred2 grid-based PRS have greatest effect size, with an OR of
~1.5. Being female reduces odds by around 1/3, whilst age increases risk by about

9% per year. Model specifications for these models are in Appendix B.

5.5.1 Apparent polygenic risk score performance in logistic
regression and internal validation

Apparent and internally validated performance of the logistic regression PRS models
and Reference model are shown in Table 5.5. The top-performing models across
all metrics are those derived using LDpred2 grid approaches. The odds ratio per
SD of the LDpred2-grid PRS was 1.584 (95% CI 1.536-1.633), with top C-statistics
of 0.717 (0.711-0.725) and explained variation of 6.3% (5.9-6.8%). The sparse
and non-sparse LDpred2 grid models performed similarly despite the sparse model
having almost half the number of SNPs. All models performed significantly better
than the Reference model containing age, sex, array and four PCs, demonstrating
that PRS improves CRC prediction above age and sex alone. Internal validation

showed minimal bias in all measures.
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Table 5.4: Adjusted effects of PRS logistic regression model predictors

Term Beta OR P

LDpred2-inf

PRS (per SD) 0.361 1.435 (1.391 - 1.480)  0.000
Sex = Female -0.401  0.670 (0.629 - 0.712)  0.000
Age (per year)  0.086  1.090 (1.085 - 1.095)  0.000
Array = UKBL ~ 0.053  1.055 (0.959 - 1.159)  0.271
PC1 -0.011  0.989 (0.969 - 1.009)  0.262
PC2 0.000  1.000 (0.979 - 1.020) 0.965
PC3 -0.007 0.993 (0.974 - 1.013)  0.504
PC4 -0.012  0.988 (0.977 - 0.999)  0.039

LDpred2-grid

PRS (per SD) 0.460  1.584 (1.536 - 1.633)  0.000
Sex = Female -0.404  0.668 (0.628 - 0.710) 0.000
Age (per year) 0.086  1.090 (1.085 - 1.095)  0.000
Array = UKBL  0.053  1.054 (0.959 - 1.159)  0.274
PC1 -0.012 0.988 (0.969 - 1.008)  0.243
PC2 0.000  1.000 (0.979 - 1.020)  0.965
PC3 -0.007 0.993 (0.973 - 1.013)  0.484
PC4 -0.009  0.991 (0.980 - 1.002)  0.112

LDpred2-grid-sp
PRS (per SD) 0.452  1.571
Sex = Female -0.404  0.668 (0.628 - 0.710)  0.000
Age (per year) 0.086  1.090 (1.085 - 1.095)  0.000

(1.524 - 1.620)  0.000
(
(
Array = UKBL ~ 0.052  1.054 (0.959 - 1.158)  0.278
(
(
(
(

PC1 -0.012  0.988 (0.969 - 1.008) 0.251
PC2 0.000 1.000 (0.979 - 1.020) 0.964
PC3 -0.007  0.993 (0.974 - 1.013) 0.488
PC4 -0.010  0.990 (0.979 - 1.001) 0.082
SCT
PRS (per SD)  0.349  1.417 (1.375 - 1.461)  0.000
Sex = Female -0.405 0.667 (0.627 - 0.710) 0.000
Age (per year) 0.086  1.090 (1.085 - 1.095)  0.000
Array = UKBL 0.058 1.060 (0.964 - 1.165) 0.229
PC1 -0.012  0.988 (0.968 - 1.008) 0.225
PC2 0.000 1.000 (0.980 - 1.021) 0.990
PC3 -0.007  0.993 (0.974 - 1.013) 0.489
PC4 -0.003  0.997 (0.986 - 1.009) 0.647
C+T
PRS (per SD)  0.354  1.425 (1.382 - 1.470)  0.000
Sex = Female -0.403  0.668 (0.628 - 0.711) 0.000
Age (per year) 0.086  1.090 (1.085 - 1.095)  0.000
Array = UKBL 0.054 1.055 (0.960 - 1.160) 0.266
PC1 -0.012  0.988 (0.968 - 1.008) 0.223
PC2 0.000 1.000 (0.980 - 1.021) 0.999
PC3 -0.009 0.991 (0.972 - 1.011) 0.388
PC4 -0.007  0.993 (0.982 - 1.005) 0.258
GWAS-sig
PRS (per SD) 0.329 1.390 (1.348 - 1.433) 0.000
Sex = Female -0.405 0.667 (0.627 - 0.709) 0.000
Age (per year)  0.086  1.090 (1.085 - 1.095)  0.000
Array = UKBL 0.056 1.058 (0.962 - 1.162) 0.244
PC1 -0.014  0.986 (0.966 - 1.006) 0.161
PC2 -0.001  0.999 (0.978 - 1.020) 0.908
PC3 -0.009  0.991 (0.971 - 1.010) 0.353
PC4 0.008 1.008 (0.997 - 1.020) 0.145
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Table 5.5: Apparent and internally validated performance of PRS in logistic regression models in the Test Cohort.

LDpred2-inf LDpred2-grid  LDpred2-grid-sp SCT C+T GWAS-sig Reference
Number of SNPs 1,104,409 1,104,409 616,956 194,756 13,446 50 0
Apparent performance (95% CI)
1.435 1.584 1.571 1.417 1.425 1.390
PRS OR per SD (1.391 - 1.480)  (1.536 - 1.633)  (1.524 - 1.620)  (1.375 - 1.461)  (1.382- 1.470)  (1.348 - 1.433) )
O statistic 0.704 0.717 0.716 0.702 0.704 0.700 0.680
(0.697 - 0.712)  (0.711 - 0.725)  (0.710 - 0.723)  (0.695 - 0.711)  (0.697 - 0.711)  (0.693 - 0.707)  (0.672 - 0.687)
Somers' D 0.407 0.435 0.432 0.404 0.407 0.400 0.359
oy (0.394 - 0.423)  (0.422 - 0.451)  (0.419 - 0.446)  (0.389 - 0.422)  (0.394 - 0.423)  (0.386 - 0.414)  (0.344 - 0.374)
R 5.5 6.3 6.2 5.4 5.4 5.3 4.2
Nagelkerke’s 12~ (%) (5.1-5.9) (5.9 - 6.8) (5.8 - 6.7) (5.0 - 5.9) (5.1 - 5.9) (4.9 - 5.7) (3.8 - 4.6)
By (%) 1.3 2.1 2.0 1.2 1.2 1.1
e (1.1-1.5) (1.9 - 2.4) (1.8 - 2.3) (1.0 - 1.4) (1.0 - 1.5) (0.9 - 1.3) )

Scaled Brier Score (%) 0.87 1.05 1.03 0.86 0.85 0.83 0.6
Internally validated performance

C statistic 0.703 0.717 0.716 0.701 0.703 0.700 0.679

Somers’ Da, 0.406 0.434 0.432 0.403 0.406 0.400 0.358

Nagelkerke’s R? (%) 5.4 6.3 6.2 5.4 5.4 5.3 4.2

Calibration slope 0.996 0.997 0.998 0.996 0.995 0.999 0.996

Scaled Brier Score (%) 0.85 0.94 1.06 0.84 0.76 0.85 0.58

LDpred2-inf — LDpred2 infinitesimal model; LDpred2-grid — LDpred2 grid model; LDpred2-grid-sp — LDpred2 sparse grid model;
SCT - stacked clumping and thresholding; C+T — clumping and thresholding; GWAS-sig — GWAS significant.
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5. Polygenic risk scores

Without adjusting for sex and age in the models, performance is considerably
poorer, as would be anticipated (Table 5.6). The top C-statistic is 0.626 (95% CI
0.618-0.634), explained variation is 2.1% (1.8-2.4%), and scaled Brier score is 0.34%.
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Table 5.6: Apparent performance of PRS in LR models in the Test Cohort with and without adjustment for sex and age. Internal validation

used 500 bootstrap samples.

Index LDpred2-inf LDpred2-grid  LDpred2-grid-sp SCT C+T GWAS-sig
With sex and age
. 0.704 0.717 0.716 0.702 0.704 0.700
C statistic (0.697 - 0.712)  (0.711- 0.725)  (0.710 - 0.723)  (0.695 - 0.711)  (0.697 - 0.711)  (0.693 - 0.707)
Somers’ D 0.407 0.435 0.432 0.404 0.407 0.400
2y (0.394 - 0.423) (0422 - 0.451)  (0.419 - 0.446)  (0.389 - 0.422)  (0.394 - 0.423)  (0.386 - 0.414)
- 5.5 6.3 6.2 5.4 5.4 5.3
Nagelkerke's £ (%) (5.1 - 5.9) (5.9 - 6.8) (5.8 - 6.7) (5.0 - 5.9) (5.1 - 5.9) (4.9 - 5.7)
Scaled Brier Score (%) 0.87 1.05 1.03 0.86 0.85 0.83
Without sex and age
O statistic 0.597 0.626 0.623 0.594 0.597 0.592
(0.589 - 0.606) (0.618 - 0.634)  (0.614 - 0.632)  (0.587 - 0.603)  (0.589 - 0.606)  (0.584 - 0.601)
Somers’ D 0.194 0.251 0.247 0.189 0.193 0.185
@y (0.178 - 0.212)  (0.235- 0.268)  (0.229 - 0.264)  (0.175 - 0.206)  (0.178 - 0.211)  (0.169 - 0.202)
s 1.3 2.1 2.0 1.2 1.3 1.1
Nagelkerke’s K= (%) (1.1-1.5) (1.8 - 2.4) (1.8 - 2.3) (1.0 - 1.5) (1.1-1.5) (0.9 - 1.3)
Scaled Brier Score (%) 0.21 0.34 0.33 0.19 0.19 0.17

LDpred2-inf — LDpred2 infinitesimal model; LDpred2-grid — LDpred2 grid model; LDpred2-grid-sp — LDpred2 sparse grid model;
SCT - stacked clumping and thresholding; C+T — clumping and thresholding; GWAS-sig — GWAS significant.
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5. Polygenic risk scores

5.5.2 External validation of polygenic risk score logistic
regression models

In the Geographic Validation Cohort, logistic regression PRS models show improved
discrimination, explained variation and overall fit compared to the Test Cohort
(Table 5.7). The highest performance statistics are seen with the LDpred-grid-sp
model, with a C-statistic of 0.733 (95% CI 0.710-0.753), explained variation of
7.6% (6.1-8.9%) and scaled Brier score of 1.66%. Whilst confidence intervals for
many of the PRS models overlap, paired t-tests suggest statistically significant
differences between models across almost all metrics.

In terms of calibration, all models under-predict CRC risk, with CITL >0. This
is particularly evident in the highest risk groups (Figure 5.8A), and is improved by
recalibration (Figure 5.8B). Genome-wide PRS models also tend to be overfitted
(i.e. show insufficient variation at the extremes, indicated by calibration slopes >1),

though confidence intervals span 1 for all but the LDpred2-inf model.
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Table 5.7: Performance of PRS in logistic regression models in Validation Cohorts. Values show performance indices plus 95% confidence
intervals.

Index LDpred2-inf LDpred2-grid  LDpred2-grid-sp SCT C+T GWAS-sig Reference
Geographic Validation Cohort
C statistic 0.726 0.732 0.733 0.718 0.719 0.703 0.677
(0.704 - 0.748)  (0.710 - 0.752)  (0.710 - 0.753)  (0.696 - 0.739)  (0.696 - 0.740)  (0.679 - 0.724)  (0.654 - 0.699)
Somers’ D 0.452 0.464 0.466 0.436 0.438 0.405 0.353
2y (0.408 - 0.496)  (0.420 - 0.504)  (0.421 - 0.507)  (0.392 - 0.477)  (0.392 - 0.480)  (0.358 - 0.447)  (0.308 - 0.397)
. 9 7.0 7.6 7.6 6.4 6.6 5.4 3.8
Nagelkerke's £ (%) (5.7 - 8.4) (6.1 - 8.9) (6.1 - 8.9) (5.0 - 7.7) (5.2 - 7.9) (4.0 - 6.7) (2.6 - 5.0)
Calibration slope 1.137 1.091 1.104 1.076 1.098 0.994 0.936
(1.010 - 1.268)  (0.967 - 1.199)  (0.980 - 1.213)  (0.946 - 1.200)  (0.958 - 1.222)  (0.861- 1.113)  (0.795 - 1.075)
CITL 0.206 0.198 0.199 0.194 0.195 0.191 0.191
(0.120 - 0.272)  (0.113 - 0.262) (0.115 - 0.264) (0.107 - 0.260)  (0.110 - 0.261)  (0.104 - 0.258)*  (0.105 - 0.257)*
Scaled Brier Score (%) 1.48 1.64 1.66 1.27 1.38 1.08 0.67
Minority Ethnic Validation Cohort
C statistic 0.588 0.602 0.601 0.589 0.597 0.587 0.585
(0.545 - 0.627)  (0.558 - 0.640)  (0.550 - 0.640)  (0.546 - 0.626) (0.554 - 0.636)  (0.543 - 0.624)  (0.542 - 0.623)
Somers’ D.. 0.176 0.203 0.203 0.179 0.195 0.174 0.171
=y (0.090 - 0.254)  (0.116 - 0.279)  (0.118 - 0.281)  (0.093 - 0.253)  (0.108 - 0.271)  (0.086 - 0.247)  (0.084 - 0.245)
Calibration slope 0.175 0.204 0.208 0.161 0.195 0.143 0.144
(0.096 - 0.258)  (0.122 - 0.288) (0.126 - 0.294) (0.088 - 0.240)  (0.110 - 0.281) (0.071 - 0.213) (0.069 - 0.217)
CITL 1.299 1.336 1.325 1.360 1.310 1.392 1.343
(1.155 - 1.417)  (1.194 - 1.456)  (1.183 - 1.446)  (1.217 - 1.479) (1167 - 1.429)  (1.251 - 1.511)  (1.200 - 1.459)
Scaled Brier Score (%) -0.02 0.04 0.03 -0.06 -0.06 -0.07 -0.15

LDpred2-inf — LDpred?2 infinitesimal model; LDpred2-grid — LDpred2 grid model; LDpred2-grid-sp — LDpred2 sparse grid model;
SCT - stacked clumping and thresholding; C+T — clumping and thresholding; GWAS-sig — GWAS significant.
Pairwise comparisons of performance metrics in validation cohorts were all significantly different P<0.001 except comparisons marked *P=0.6.

R? for all models in the Minority Ethnic Validation Cohort <0 (indicating poorer performance than a model with no explanatory variables)
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5. Polygenic risk scores

In the Minority Ethnic Validation Cohort, all models perform poorly. As a
baseline, the Reference model also performs poorly, with a C-statistic of 0.585 (95%
CI 0.542-9.623). Only LDpred2 grid models show any marked improvement above
this (C-statistic 0.602 (0.558-0.640) for the LDpred2-grid model). The models are
highly under-fitted (calibration slope far below 1) and systematically under-predict
CRC risk, as demonstrated by CITL>0 and calibration plots showing predictions
lying above the reference line (Figure 5.8C). Following recalibration of the intercept,
models are markedly over-fitted (under-predicting risk in lower risk groups, and

over-predicting in higher risk groups) (Figure 5.8D).

5.5.3 Subgroup analysis of polygenic risk score logistic re-
gression models

Examination of model performance by sex in the Geographic Validation Cohort
shows that models have higher discrimination and explain a greater proportion
of variation in males compared to females (Table 5.8). The C-statistics for the
LDpred2-grid-sp model in men and women are 0.741 (95% CI 0.715-0.768) and
0.714 (0.684-0.743) respectively, with an additional 2% of variation explained in
men (R? 8.3% (0.066-0.101) compared to 6.1% (4.3-7.8%)). Measures of calibration
by sex are variable: calibration slopes are closer to 1 in women in genome-wide
models, however calibration plots show that risk is under-predicted to a greater
extent in women in the top tenth of risk compared to men (Figure 5.9), and

CITL is further from 0 in women.

In individuals with a first degree family history in the Geographic Validation
Cohort, discrimination is poorer than the cohort overall (LDpred2-grid-sp C-
statistic of 0.706 (95% CI 0.647-0.758) compared to 0.733 (0.710-0.753)), with
a lower proportion of variation explained (3.6% (-0.9-7.5%) compared to 7.6%
(6.1-8.9%), Table 5.9), and scaled Brier score of 1.45 compared to 1.66 (see Table
5.8). Calibration is also poorer, with predictions systematically too low (CITL
>0, Figure 5.10).
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Figure 5.8: Calibration plots for PRS in logistic regression models in the Geographic
Validaiton Cohort before (A) and after (B) recalibration, and in the Minority Ethnic
Validation Cohort before (C) and after (D) recalibration.

Figure 5.11 demonstrates that calibration by age is near-identical for all models,
and shows that whilst models are well calibrated in younger age bands, they under-
predict risk to a greater extent in the oldest age group. I observed a jump in observed

risk for 55-59 year olds which results in apparent miscalibration in this age group.
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Table 5.8: Performance of PRS logistic regression models by sex in the Geographic Validation Cohort
Index LDpred2-inf LDpred2-grid  LDpred2-grid-sp SCT C+T GWAS-sig Reference
Males
C statistic 0.731 0.740 0.741 0.728 0.726 0.716 0.686
(0.705 - 0.760)  (0.716 - 0.767)  (0.715 - 0.768)  (0.702 - 0.753)  (0.702 - 0.755)  (0.689 - 0.743)  (0.662 - 0.714)
Somers’ D, 0.463 0.481 0.481 0.455 0.453 0.433 0.372
@ (0.410 - 0.519)  (0.433 - 0.534)  (0.431 - 0.536)  (0.404 - 0.507)  (0.403 - 0.510)  (0.378 - 0.486)  (0.324 - 0.428)
Nagelkerke’s 2 7.6 8.3 8.3 7.2 7.2 6.6 4.6
(6.0 - 9.3) (6.6 - 10.1) (6.6 - 10.1) (5.5 - 8.7) (5.6 - 8.9) (5.0 - 8.2) (3.2 - 6.1)
Scaled Brier Score (%) 1.731 1.895 1.904 1.473 1.606 1.374 0.839
CITL 0.186 0.178 0.180 0.174 0.176 0.170 0.171
(0.075 - 0.287)  (0.068 - 0.279)  (0.070 - 0.281)  (0.067 - 0.275)  (0.066 - 0.278)  (0.061 - 0.273)  (0.064 - 0.275)
1.216 1.171 1.182 1.178 1.187 1.137 1.067

Calibration Slope
Females
C statistic

Somers’ Dy

Nagelkerke’s R?
Scaled Brier Score (%)
CITL

Calibration Slope

(1.047 - 1.409)

0.709
(0.680 - 0.739)
0.419
(0.360 - 0.477)
5.7
(4.0 - 7.4)
1.039
0.230
(0.111 - 0.352)
1.102
(0.919 - 1.292)

(1.025 - 1.343)

0.712
(0.682 - 0.741)
0.423
(0.365 - 0.481)
6.0
(4.1-7.7)
1.201
0.221
(0.100 - 0.343)
1.035
(0.881 - 1.196)

(1.034 - 1.357)

0.714
(0.684 - 0.743)
0.427
(0.368 - 0.486)
6.1
(4.3-78)
1.221
0.223
(0.101 - 0.344)
1.055
(0.896 - 1.214)

(1.006 - 1.354)

0.694
(0.666 - 0.723)
0.387
(0.331 - 0.447)
4.8
(3.2 - 6.6)
0.896
0.217
(0.098 - 0.339)
1.002
(0.839 - 1.185)

(1.026 - 1.371)

0.699
(0.669 - 0.731)
0.397
(0.338 - 0.462)
5.2
(3.3-6.9)
0.978
0.218
(0.098 - 0.340)
1.041
(0.863 - 1.236)

(0.968 - 1.320)

0.673
(0.643 - 0.703)
0.346
(0.287 - 0.406)
3.4
(1.8-5.1)
0.588
0.215
(0.097 - 0.342)
0.862
(0.700 - 1.036)

(0.900 - 1.277)

0.648
(0.621 - 0.674)
0.295
(0.242 - 0.348)
2.2
(0.8 - 3.5)
0.336
0.213
(0.093 - 0.336)
0.804
(0.642 - 0.976)
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Figure 5.9: Calibration plots for PRS in logistic regression models in males (A) and females (B) in the Geographic Validation Cohort
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Table 5.9: Performance of PRS logistic regression models in individuals with a family history of CRC in the Geographic Validation Cohort
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LT

Index LDpred2-inf LDpred2-grid  LDpred2-grid-sp SCT C+T GWAS-sig Reference
C statistic 0.697 0.701 0.706 0.685 0.703 0.668 0.653
(0.637 - 0.748)  (0.642 - 0.754)  (0.647 - 0.758)  (0.625 - 0.738)  (0.646 - 0.752)  (0.608 - 0.721)  (0.593 - 0.703)
Somers’ D 0.394 0.402 0.412 0.369 0.406 0.335 0.306
w (0.275 - 0.496)  (0.283 - 0.509)  (0.293 - 0.515)  (0.251 - 0.475)  (0.292 - 0.504) (0.217 - 0.443)  (0.186 - 0.406)
Nagelkerke’s 2 2.4 3.4 3.6 1.8 2.9 0.5 1.1
(-2.2 - 6.0) (-1.1 - 7.4) (-0.9 - 7.5) (-2.8 - 5.8) (-1.7 - 6.6) (-4.1 - 4.6) (-5.4 - 2.5)¢
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Figure 5.10: Calibration plots for PRS in logistic regression models in individuals with
a family history of CRC in the Geographic Validation Cohort

5.6 Evaluation of polygenic risk scores in Cox
regression models

Tests for adherence to Cox proportional hazards assumptions indicate that propor-
tional hazards assumptions hold. In log(—log(survival)) plots (Figure 5.12) parallel
lines are evident for the majority of predictors (though for the C+T model and age
these were less convincing). These plots can be unreliable for continuous variables,
and 2 tests for deviation from proportional hazards were not significant, with plots
indicating fulfilment of proportional hazards assumptions (see Appendix C).
Wald x? tests of significance of interactions between age and PRS in Cox models
(Table 5.10) show significant interactions (P<0.01) for LDpred2-grid, LDpred2-
grid-sp and C+T models. However, given the weakness of the interaction terms
relative to the other predictors, and consistency of effect, I elected not to include

these in the models.

Plots of marginal effects of PRS in interaction with age (Figure 5.13) show a

negative quantitative interaction between PRS and age (this is, PRS increase across
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Risk of CRC (%)

= observed = = predicted

Figure 5.11: Calibration plots for PRS in logistic regression models by age in the
Geographic Validation Cohort

Table 5.10: Wald Chi-Square values for interactions between PRS and age in Cox models

Chi-Square (P)

model PRS age PRS * age
LDpred2-inf 207 (0.000) 575 (0.000) 4 (0.038)
LDpred2-grid 428 (0.000) 578 (0.000) 9 (0.003)
LDpred2-grid-sp 405 (0.000) 577 (0.000) 8 (0.005)
SCT 922 (0.000) 576 (0.000) 4 (0.035)
C+T 242 (0.000) 576 (0.000) 9 (0.003)
GWAS-sig 225 (0.000) 574 (0.000) 7 (0.011)

all age ranges, but to a lesser extent as age increases).

Table 5.11 shows the effect sizes for Cox PRS model predictors. As with logistic
regression models, LDpred2-grid PRS have greatest effect size, with HR of 1.563
(95% CI 1.498-1.631), whilst age increases risk by 8.3% per year, and being female

reduces risk by just over 1/3. Model specifications for Cox models are in Appendix B.
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Table 5.11: Adjusted effects of PRS Cox model predictors

Term Beta HR P

LDpred2-inf

PRS (per SD)  0.313  1.368 (1.310 - 1.428)  0.000
Sex = Female  -0.457  0.633 (0.581 - 0.690)  0.000
Age (per year)  0.079  1.083 (1.076 - 1.090)  0.000
Array = UKBL  0.074  1.077 (0.946 - 1.228)  0.263
PC1 -0.012  0.988 (0.961 - 1.016)  0.405
PC2 0.000  1.000 (0.971 - 1.029)  0.988
PC3 -0.007  0.993 (0.966 - 1.021)  0.635
PC4 -0.008  0.992 (0.977 - 1.008)  0.345

LDpred2-grid

PRS (per SD) 0.447  1.563 (1.498 - 1.631)  0.000
Sex = Female -0.460  0.631 (0.579 - 0.688)  0.000
Age (per year) 0.080  1.083 (1.076 - 1.090)  0.000
Array = UKBL  0.074  1.076 (0.945 - 1.226)  0.269
PC1 -0.012 0.988 (0.961 - 1.016)  0.405
PC2 0.000  1.000 (0.971 - 1.029) 0.984
PC3 -0.007  0.993 (0.966 - 1.021) 0.638
PC4 -0.007  0.993 (0.977 - 1.009)  0.361

LDpred2-grid-sp

PRS (per SD)  0.435  1.545 (1.480 - 1.612)  0.000
Sex = Female -0.460  0.632 (0.579 - 0.689) 0.000
Age (per year) 0.080  1.083 (1.076 - 1.090)  0.000
Array = UKBL 0.073 1.076 (0.944 - 1.226) 0.272
PC1 -0.012 0.988 (0.961 - 1.016) 0.413
PC2 0.000 1.000 (0.971 - 1.029) 0.984
PC3 -0.007  0.993 (0.966 - 1.021) 0.638
PC4 -0.008  0.992 (0.976 - 1.008) 0.321
SCT
PRS (per SD)  0.321  1.378 (1.321 - 1.438)  0.000
Sex = Female -0.461  0.631 (0.579 - 0.688) 0.000
Age (per year) 0.080  1.083 (1.076 - 1.090)  0.000
Array = UKBL 0.078 1.081 (0.949 - 1.232) 0.242
PC1 -0.012  0.988 (0.960 - 1.015) 0.379
PC2 0.000 1.000 (0.972 - 1.029) 0.984
PC3 -0.007  0.993 (0.966 - 1.021) 0.626
PC4 0.000 1.000 (0.984 - 1.016) 0.978
C+T
PRS (per SD) 0.335 1.397 (1.338 - 1.459) 0.000
Sex = Female -0.459  0.632 (0.580 - 0.689) 0.000
Age (per year) 0.079  1.083 (1.076 - 1.090)  0.000
Array = UKBL  0.074 1.077 (0.945 - 1.227) 0.265
PC1 -0.012  0.988 (0.961 - 1.016) 0.381
PC2 0.000 1.000 (0.972 - 1.029) 0.987
PC3 -0.008  0.992 (0.965 - 1.019) 0.553
PC4 -0.004 0.996 (0.980 - 1.012) 0.601
GWAS-sig
PRS (per SD) 0.320 1.377 (1.320 - 1.436) 0.000
Sex = Female -0.461  0.631 (0.578 - 0.688) 0.000
Age (per year)  0.079  1.083 (1076 - 1.090)  0.000
Array = UKBL 0.076 1.079 (0.947 - 1.230) 0.252
PC1 -0.014  0.986 (0.959 - 1.014) 0.318
PC2 -0.001  0.999 (0.971 - 1.028) 0.948
PC3 -0.009  0.991 (0.964 - 1.019) 0.529
PC4 0.010 1.010 (0.994 - 1.026) 0.218
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Plots of log(—log(Survival)) against log(Survival) for PRS model

5.6.1 Apparent polygenic risk score performance in Cox
regression model and internal validation

Apparent and internally validated performance of Cox PRS models and the Reference

model are detailed in Table 5.12. These closely reflect those of the logistic regression

analysis with top performance across all metrics observed with the LDpred2-grid

model, and minimal bias in all measures. The C-index for the LDpred2-grid model is

0.714 (0.704-0.726) and the model explains 25.6% (95% CI 23.8-27.7%) of observed

variation. Performance of the sparse and non-sparse LDpred2 grid models is again
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Marginal Effect Marginal Effect

Marginal Effect

Figure 5.13: Plots of marginal effects of PRS in interaction with age in Cox models

similar. As for the logistic regression models, performance of Cox PRS models
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unadjusted for age and sex is poor (Table 5.13).
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Table 5.12: Apparent and internally validated performance of PRS in Cox models in the Test Cohort

Index LDpred2-inf LDpred2-grid  LDpred2-grid-sp SCT C+T GWAS-sig Reference
Apparent performance (95% CI)
C index 0.696 0.714 0.712 0.695 0.698 0.695 0.675
(0.685 - 0.707)  (0.704 - 0.726)  (0.702 - 0.723)  (0.685 - 0.706)  (0.689 - 0.709)  (0.685 - 0.706)  (0.665 - 0.687)
Somers’ D 0.391 0.427 0.424 0.391 0.396 0.390 0.350
oy (0.370 - 0.414)  (0.409 - 0.451)  (0.403 - 0.447)  (0.370 - 0.412)  (0.378 - 0.417)  (0.370 - 0.412)  (0.331 - 0.373)
D statistic 1.085 1.201 1.190 1.096 1.099 1.094 0.961
(1.027 - 1.150)  (1.143 - 1.268)  (1.132-1.255)  (1.034- 1.163) (1.043 - 1.162)  (1.031-1.162)  (0.902 - 1.021)
RQD (%) 22.0 25.6 25.3 22.3 22.4 22.2 18.1
(20.1 - 24) (23.8 - 27.7) (23.4 - 27.3) (20.3 - 24.4)  (20.6-24.4)  (20.2-244) (163 - 19.9)
Scaled Brier Score (%) 0.448 0.564 0.550 0.485 0.474 0.505 0.390
Internally validated performance
C index 0.694 0.713 0.711 0.694 0.697 0.694 0.674
Somers’ Dy, 0.389 0.425 0.422 0.389 0.393 0.387 0.347
D statistic 1.078 1.194 1.183 1.089 1.091 1.088 0.954
R% (%) 21.7 25.4 25.1 22.1 22.1 22.0 17.8
Scaled Brier Score (%) 0.437 0.551 0.537 0.474 0.463 0.495 0.381
Calibration Slope 0.992 0.994 0.995 0.994 0.992 0.992 0.992

$9.4008 YS14 21uabfijo g ¢
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Table 5.13: Apparent performance of PRS in Cox models in the Test Cohort with and without adjustment for sex and age

Index LDpred2-inf LDpred2-grid  LDpred2-grid-sp SCT C+T GWAS-sig
With sex and age
C index 0.696 0.714 0.712 0.695 0.698 0.695
(0.685 - 0.707)  (0.704 - 0.726)  (0.702 - 0.723)  (0.685 - 0.706)  (0.689 - 0.709)  (0.685 - 0.706)
Somers’ D 0.391 0.427 0.424 0.391 0.396 0.390
w (0.370 - 0.414)  (0.409 - 0.451)  (0.403 - 0.447)  (0.370 - 0.412)  (0.378 - 0.417)  (0.370 - 0.412)
D statistic 1.085 1.201 1.190 1.096 1.099 1.094
(1.027 - 1.150)  (1.143 - 1.268)  (1.132-1.255)  (1.034- 1.163) (1.043 - 1.162) (1.031 - 1.162)
R (%) 22.0 25.6 25.3 22.3 22.4 22.2
(20.1 - 24) (23.8 - 27.7) (23.4 - 27.3) (20.3 - 24.4)  (20.6-24.4) (202 - 24.4)
Scaled Brier Score (%) 0.448 0.564 0.550 0.485 0.474 0.505
Without sex and age
C index 0.588 0.622 0.620 0.587 0.592 0.589
(0.577 - 0.603)  (0.611 - 0.634)  (0.608 - 0.633)  (0.577 - 0.601) (0.581 - 0.606) (0.578 - 0.603)
Somers’ D 0.176 0.245 0.240 0.174 0.183 0.179
w (0.154 - 0.206) (0.223 - 0.268)  (0.216 - 0.267)  (0.153 - 0.203)  (0.162 - 0.211)  (0.157 - 0.206)
D statistic 0.496 0.709 0.690 0.509 0.530 0.513
(0.437 - 0.570)  (0.647 - 0.773)  (0.629 - 0.756)  (0.451 - 0.581)  (0.472 - 0.601)  (0.445 - 0.581)
RS (%) 5.5 10.7 10.2 5.8 6.3 5.9
(4.4-17.2) (9.1 - 12.5) (8.6 - 12) (4.6 - 7.5) (5.1-7.9) (4.5 - 7.5)
Scaled Brier Score (%) 0.05 0.16 0.15 0.08 0.08 0.10

$9.4008 YS14 21uabfijo g ¢
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5.6.2 External validation of polygenic risk score Cox re-
gression models

In external validation of Cox PRS models in the Geographic Validation Cohort (Table
5.14), discrimination and explained variation are greater than in the Derivation
Cohort, as was seen in logistic regression models. The top C-index is seen with
the LDpred-grid-sp model, 0.725 (95% CI 0.696-0.752), explaining 28.5% (23.4-
33.7%) of observed variation.

Model fit is generally good as measured by the calibration slope, though the
LDpred-inf model in particular is slightly overfitted (calibration slope 1.123 (0.950-
1.291)), though confidence intervals spanned 1 for all models.
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Table 5.14: Performance of PRS in Cox models in Validation Cohorts

Index LDpred2-inf LDpred2-grid LDpred2-grid-sp SCT C+T GWAS-sig Reference
Geographic Validation Cohort
C index 0.715 0.724 0.725 0.713 0.707 0.701 0.673
(0.686 - 0.743) (0.696 - 0.751) (0.696 - 0.752) (0.686 - 0.740) (0.681 - 0.734) (0.675 - 0.729) (0.644 - 0.702)
Somers’ D 0.430 0.448 0.450 0.426 0.415 0.402 0.345
i (0.372 - 0.485) (0.391 - 0.501) (0.393 - 0.504) (0.372 - 0.480) (0.361 - 0.468) (0.350 - 0.458) (0.288 - 0.404)
1.243 1.285 1.293 1.184 1.182 1.145 0.945

D statistic

R}, (%)

Scaled Brier Score (%) 0.75
1.123

(0.950 - 1.291)

Minority Ethnic Validation Cohort

(1.075 - 1.406)

Calibration Slope

. 0.647
C index (0.593 - 0.700)
7 0.293
Somers’ Dy, (0.185 - 0.399)
o 0.931
D statistic (0.650 - 1.273)
17.2
R% (%) (9.2 - 27.9)
Scaled Brier Score (%) 0.16
0.262

Calibration Slope (0.161 - 0.397)

26.9 (21.6 - 32.1)

(1.124 - 1.448)
28.3 (23.2 - 33.3)
0.76
1.058
(0.911 - 1.204)

0.666
(0.610 - 0.720)
0.331
(0.221 - 0.440)
1.033
(0.736 - 1.374)

20.3 (11.5 - 31.1)

0.26
0.314
(0.205 - 0.452)

(1.130 - 1.460)
28.5 (23.4 - 33.7)
0.78
1.073
(0.925 - 1.220)

0.664
(0.609 - 0.718)
0.329
(0.219 - 0.437)
1.030
(0.734 - 1.363)

20.2 (11.4 - 30.7)

0.26
0.318
(0.207 - 0.455)

(1.029 - 1.346)
25.1 (20.2 - 30.2)
0.63
1.070
(0.919 - 1.234)

0.650
(0.596 - 0.705)
0.300
(0.192 - 0.410)
0.940
(0.640 - 1.281)
174
(8.9 - 28.1)
0.16
0.252
(0.154 - 0.384)

(1.023 - 1.348)
25.0 (20.0 - 30.3)
0.61
1.054
(0.897 - 1.223)

0.658
(0.606 - 0.710)
0.316
(0.212 - 0.420)
0.981
(0.682 - 1.320)

18.7 (10.0 - 29.4)

0.21
0.297
(0.188 - 0.442)

(0.992 - 1.319)
23.8 (19.0 - 29.4)
0.59
1.023
(0.869 - 1.204)

0.659
(0.605 - 0.715)
0.319
(0.210 - 0.430)
0.995
(0.693 - 1.335)

19.1 (10.3 - 29.9)

0.19
0.251
(0.151 - 0.389)

(0.790 - 1.113)
17.6 (13.0 - 22.8)
0.37
0.947
(0.774 - 1.142)

0.647
(0.595 - 0.702)
0.293
(0.189 - 0.403)
0.889
(0.610 - 1.229)
15.9
(8.2 - 26.5)
0.14
0.232
(0.136 - 0.366)

$9.4008 YS14 21uabfijo g ¢
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Kaplan Meier cumulative incidence curves of the Geographic Validation Cohort
plotted alongside the Test Cohort indicate a degree of miscalibration, particularly
in the highest risk groups, where the curves deviate significantly between the

two datasets (Figure 5.14).

In calibration plots of PRS Cox models (Figure 5.15A) over 5-8 years of follow-
up, genome-wide models under-predict risk in the highest risk groups, echoing the
findings of the Kaplan Meier curves. This miscalibration is well corrected with

recalibration-in-the-large for all but the LDpred2-inf model (Figure 5.15B).

In the Minority Ethnic Validation Cohort performance overall is poorer across
all metrics (Table 5.14), with a top C-index of 0.666 (95% CI 0.610-0.720) and
explained variation of 20.3% (11.5-31.1%) seen with the LDpred2-grid model. Models
were highly underfitted with calibration slopes of between 0.251 and 0.318. This
miscalibration is seen in the Kaplan Meier cumulative incidence curves (Figure
5.16) which demonstrate lack of overlap between the Test and Validation cohorts

across both high and low risk groups.

Calibration plots show marked miscalibration across all risk groups (Figure
5.17A), which was significantly improved with recalibration-in-the-large. This is
particularly improved for the GWAS-sig model, and also much better for the C+T,
LDpred2-grid and LDpred2-grid-sp models, particularly over a longer follow-up
period (Figure 5.17B).

5.6.3 Subgroup analysis of polygenic risk score Cox regres-
sion models

Subgroup analysis of Cox PRS model performance by sex in the Geographic
Validation Cohort shows that models have higher discrimination and explain a
greater proportion of variation in males compared to females (Table 5.8). For
example, for the LDpred2-grid model the C-index in men and women are 0.724
(0.691-0.761) and 0.711 (0.671-0.746) respectively, with an additional 1.5% of
variation explained in men (R? 27.9% (21.5-34.5%) compared to 26.4% (18.8-

33.7%)). Calibration slopes are closer to 1 in women indicating better fit of the
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before (A) and after (B) recalibration
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Figure 5.16: Kaplan-Meier curves of Cox PRS models in Test and Geographic Validation
Cohorts across four risk groups (where Group 1 is lowest risk)
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Cohort before (A) and after (B) recalibration
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models, however calibration plots show that risk is under-predicted to a greater
extent in women in the top risk groups compared to men (Figure 5.18).
Calibration by age is near-identical for all models (Figure 5.19). Though well
calibrated in younger age bands, models under-predict risk to a greater extent in the
oldest age group. The jump in observed risk seen in analysis of logistic regression
models is again evident, here in 55-64 year olds, resulting in apparent miscalibration
in this age group. There are too few incident cases (n=>55) in individuals with

positive family history of CRC in this cohort to examine performance separately.
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Table 5.15: Performance of PRS in Cox models by sex in the Geographic Validation Cohort

Index LDpred2-inf LDpred2-grid  LDpred2-grid-sp SCT C+T GWAS-sig
Males
C index 0.709 0.724 0.723 0.711 0.704 0.707
(0.675 - 0.747)  (0.691 - 0.761)  (0.691 - 0.760)  (0.677 - 0.745)  (0.668 - 0.740)  (0.675 - 0.740)
Somers’ D 0.419 0.448 0.446 0.422 0.408 0.414
w (0.349 - 0.493)  (0.382 - 0.522) (0.382 - 0.520) (0.354 - 0.489)  (0.337 - 0.481) (0.350 - 0.481)
D statistic 1.197 1.272 1.271 1.149 1.156 1.185
(0.989 - 1.430) (1.072 - 1.486) (1.063 - 1.499) (0.963 - 1.359)  (0.938 - 1.383)  (0.991 - 1.394)
R2D (%) 25.5 27.9 27.8 24.0 24.1 25.1
(18.9-328) (215 - 34.5) (21.2 - 34.9) (18.1-30.6)  (17.3-31.3)  (19.0 - 31.7)
Scaled Brier Score (%) 0.82 0.84 0.85 0.67 0.67 0.72
1.172 1.120 1.128 1.139 1.117 1.157

Calibration Slope

Females

C index
Somers’ Dy
D statistic

R} (%)

Scaled Brier Score (%)
Calibration Slope

(0.954 - 1.431)

0.707
(0.670 - 0.745)
0.414
(0.340 - 0.490)
1.244
(0.994 - 1.492)
27.0
(19.1 - 34.7)
0.55
1.171
(0.912 - 1.460)

(0.942 - 1.327)

0.711
(0.671 - 0.746)
0.421
(0.342 - 0.492)
1.227
(0.985 - 1.459)
26.4
(18.8 - 33.7)
0.52
1.053
(0.827 - 1.278)

(0.944 - 1.350)

0.713
(0.673 - 0.749)
0.427
(0.345 - 0.498)
1.250
(1.005 - 1.485)
27.2
(19.4 - 34.5)
0.56
1.080
(0.847 - 1.304)

(0.947 - 1.370)

0.700
(0.657 - 0.738)
0.399
(0.313 - 0.476)
1.142
(0.882 - 1.398)
23.8
(15.7 - 31.8)
0.44
1.076
(0.822 - 1.354)

(0.896 - 1.365)

0.696
(0.655 - 0.731)
0.393
(0.309 - 0.461)
1.133
(0.887 - 1.377)
23.5
(15.8 - 31.1)
0.41
1.058
(0.802 - 1.312)

(0.950 - 1.390)

0.680
(0.638 - 0.720)
0.360
(0.276 - 0.439)
1.004
(0.769 - 1.245)
19.4
(12.4 - 27.0)
0.30
0.944
(0.708 - 1.203)

$9.4008 YS14 21uabfijo g ¢
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5.7 Discussion

In this chapter I evaluate a range of genome-wide approaches to developing PRS
and compared these with a “standard” GWAS-significant model. I demonstrate
that models derived using an LDpred2 grid-based approach perform best in both
logistic and Cox regression models, providing greater discrimination, and explaining
a greater proportion of variation in risk. These models also tend to be the better-
calibrated of the genome-wide approaches. There was little difference in performance
metrics for sparse and non-sparse LDpred2-grid models, despite the sparse model
containing just over half the number of SNPs. I have demonstrated portability
of these models through validation in a geographically external cohort and shown
that miscalibration in a new population can be improved by recalculating the

baseline risk (recalibration-in-the-large).

My first evaluation of PRS, modelling relative and absolute risk from the log-
normal distribution of the PRS (following modelling approaches used by Pashayan
et al. [449]) predicted an AUROC of 0.66 achieved with 97 SNPs. This is a marked
improvement on the AUROC of 0.63 predicted by Frampton et al’s 37 SNP PRS
[157], but as demonstrated by my subsequent modelling in UKB and the work
of others [215, 219], represents a significant over-estimate of PRS performance
achieved in “real life” datasets. Including all potential common variants in the
model increased the AUROC to 0.78, and significantly increased relative risk
discrimination. As noted by Wray et al. [232], there is an upper limit to the possible
predictive performance of a polygenic predictor. This is limited by the genetic
architecture and heritability (h?) of the condition, which is the upper limit of
the phenotypic variation in complex traits arising from genetics; the remaining
variation is due to non-genetic factors [232, 233]. The C-statistic for a genetic
risk prediction test reports the accuracy of prediction of disease status, which is
influenced by many additional non-genetic risk factors, rather than the accuracy
of the genetic risk test for predicting true genetic risk [233]. Thus a PRS will

never be able to achieve “perfect” prediction.
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Figure 5.18: Calibration plots of Cox PRS models in the Geographic Validation Cohort
in males (A) and females (B)
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Figure 5.19: Predicted and observed risk of CRC in 5 year age bands over 5-8 years of
follow-up in the Geographic Validation Cohort

My modelling of absolute risk variation using the 97-SNP PRS demonstrated
the significant variation in risk by PRS, sex, and age. I show that compared to
the UK Bowel Cancer Screening Programme screening approach currently adopted
of screening men and women aged 50-74, a risk-based approach would result in a
significant reduction in screening burden, with only a small reduction in the number
of cancers detected. Though quite a crude evaluation, this demonstrates the potential

for risk-modified screening to improve the efficiency of a bowel screening programme.

As noted in Chapter 1, most previously published PRS for CRC have included
GWAS-significant SNPs alone, with two previous evaluations of genome-wide
approaches using LDPred, machine learning, C+T, and Lassosum [219, 228]. Time
constrains meant that whilst there now are many statistical approaches available for
PRS, I selected a more limited number of methodologies for my own evaluation of
genome-wide PRS. At the time I began the work presented here, no studies had been
published evaluating genome-wide methodologies. I resolved to evaluate C+T-based

approaches, which was the most commonly used genome-wide methodology at the
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time. I initially attempted to use PRSice software, which extends manual C+T
approaches to evaluate many thousands of thresholds. This programme has been
used in UKB for other phenotypes using smaller case-control studies [464], but
failed to run with the size of dataset and computational power available to me.
On discussion with other researchers and the authors it became clear that this
limitation was not unique to me; I subsequently used C+T and SCT implemented
in bigsnpr. LDpred2 was published during this time, and had been shown to out-
perform multiple other methodologies (including another commonly used package,
lassosum), across a range of phenotypes [211]. T therefore evaluated this in addition.

An extension of this project would be to evaluate other available methods.

With regard to the relative performance of my models, the optimal performance
of LDpred2 was in line with existing studies [228]. Initial work on C+T method-
ologies had suggested that SCT out-performed C+T methods except where highly
underpowered. Here SCT and C+T methods performed equally well, as was the case
for many phenotypes in comparisons made by Privé, Arbel, and Vilhjalmsson [211].
The absolute differences in performance between models presented here, though
statistically significant, are small. On external validation the improvement in C-
statistic in the LDpred2-grid-sp model over GWAS-sig model in logistic regression
analysis was just 0.029, with an improvement in R? of 2.2%. Calibration was worst
for the LDpred2-inf model, which might be anticipated as this approach is likely
to be most prone to over-fitting in the Training Cohort. The GWAS-sig model
was less prone than genome-wide models to over-predict risk in the upper risk
groups, a reflection of the fact that these SNPs were selected from meta-analysis

of external datasets, rather than using UKB data.

The base GWAS dataset chosen is of prime importance in PRS studies. The
GWAS meta-analysis by Huyghe et al. [222] has supplied the base data for a number
of studies of PRS in CRC, many of which have been undertaken in UKB. As noted
previously, including the same individuals in the base GWAS (used to identify SNPs
and derive weights) and the derivation dataset used to train PRS models, results

in over-estimation of the association between the PRS and outcome [282], and so
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the model is over-fitted to the training dataset, and performance estimates are
inflated. The extent of inflation is proportional to the fraction of the training dataset
overlapping the base (GWAS) dataset [232]. Examining the methods of previously
published CRC GWAS, and UKB-based studies PRS studies, almost all of the UKB
training cases will have been present in the base meta-analysis. This overfitting will

also contribute to poor relative performance of PRS when applied elsewhere.

The optimism conferred by this approach is evident in several published studies.
Using the Huyghe et al. [222] base dataset and a number of other UKB-derived
GWAS studies, Fritsche et al. [219] generated multiple PRS using clumping and
thresholding and lassosum approaches, for 35 common phenotypes including CRC.
They evaluated their PRS, adjusting for age, sex, array, and first 4 PCs, in both
UKB and in the MGI cohort. There are clear differences in performance between
the cohorts. Their top CRC model in UKB containing 87 SNPs (using a C+T
approach) has an AUROC of 0.617 (95% CI 0.605-0.630). In the MGI cohort, which
does not overlap with the base dataset, the maximal PRS performance was lower
(AUROC 0.567 (0.540-0.594)). Similarly, in external validation of existing PRS in
UKB, Saunders et al. [215] reported that the PRS from Huyghe et al. [222] was the
top-performing, with an unadjusted AUROC of 0.64 in men and 0.62 in women.
However, this was the only PRS to be derived from data which included UKB;
other PRS, without overlap, resulted in AUROCs <0.6.

Ideally, samples present in the training dataset should be removed from the
base meta-analysis to avoid this overlap, though this comes at a cost of reduced
power to detect new variants [282]. As I had access to individual GWAS summary
statistics I was able to take this approach, reducing this bias in this study. Notably,
the UKB dataset contains a small number of individuals who are also present
in, or have relatives in, the Scottish GWAS cohort (n = 185 in the UKB case-
control dataset used for GWAS in Law et al. [115]). I was unable to identify
these individuals, but there may still be a small remaining overlap between base
and derivation dataset which could lead to slight over-fitting. The cost of this

approach is that the reduction in the size of the base GWAS resulted in a smaller
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GWAS-significant PRS (50 SNPs) compared to other recent studies which have
used ~140 SNPs. For my GWAS-significant PRS, correction for ‘winners curse’
reduces potential bias in the PRS further.

A further strength of this work is the use of genotype dosages rather than allele
counts, which incorporates uncertainty around imputation into the PRS. Whilst I
followed a similar approach to previously published studies in fitting my adjusted
PRS models [e.g. 441, 238], several amendments to the methodology might have
improved model fit. Steyerberg [284] recommends setting outlying values of a
continuous predictor to the outer bounds, as these outlying values can have an
overweighted effect on the effect size, which may affect model fit. This approach
might have improved model calibration, and I would have undertaken a sensitivity

analysis evaluating this approach had I had more time.

Overall my study provides a relatively unbiased estimation of the performance
of the PRS compared with previous studies. The use of a geographic validation
cohort further improves the robustness of performance estimates, and demonstrates
generalisability of the models [465]. Estimates of model performance tend to be
optimistic in their original datasets. On external validation therefore, performance
metrics are often lower. A model can perform less well in external validation but
still be clinically useful, depending on context and clinical judgement [169, 466]. T
observed an improvement in performance in the Geographic Validation Cohort in
comparison to the Derivation Test Cohort. This is likely to be a result of the relative
homogeneity of the Derivation Dataset (as a result of the QC measures used in
my analysis), in comparison to the Validation Cohort. The Geographic Validation
Cohort included proportionally more women than the Derivation Cohort, though
they were well-matched in terms of age distribution. Colorectal cancer prevalence
was also greater in the Geographic Validation Cohort (1.79% compared to 1.51%).

Calibration was reasonable in the Geographic Validation Cohort however all
models under-predicted risk in the highest risk group, most probably due to
demographic differences between the two cohorts. This is more evident in women,

suggesting that the differences between the two cohorts may be greater for women.
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Models could be recalibrated for male and female populations separately prior
to implementation. Given this miscalibration, one would need to be cautious in
giving risk estimates to individuals in the highest risk group on the basis of PRS.
However, risk counselling is challenging even in speciality cancer genetics clinics,

and giving ranges of risk is a standard approach.

Polygenic risk scores may not perform uniformly across all age groups. Previous
studies in CRC found a 95-SNP PRS to be more strongly predictive of CRC risk in
early onset than late onset CRC, with an almost linear decrease in log-OR of 0.06
with each decade of age [467, 468]. Similar reductions in predictive strength across
age groups were seen in Thomas et al’s study [228, 469], but not in PRS derived by
Li et al. [216]. Other phenotypes also show a reduction in predictive strength of
PRS with age [470]. Evaluating this interaction in my dataset, I found that the
effect size of PRS did decrease with age, but the interaction was only significant for
one LDpred2 PRS in logistic regression models. I ultimately chose not to include
this in my evaluation of PRS models given the relative weakness of the interaction,
particularly as the unnecessary inclusion of interaction terms can lead to overfitting
and may not improve model performance [284]. Had time permitted, I would have

undertaken a sensitivity analysis including this interaction.

In the Geographic Validation Cohort, I noted miscalibration in 55-59 year olds
in logistic regression analysis, and in 55-59 and 60-64 year old age groups in Cox
regression, due to a jump in observed risk. This step in observed risk could perhaps
be due to increased diagnosis of asymptomatic CRC as participants enter to the
bowel screening programme, which begins at 50 years of age in Scotland (and did so
at the time of UKB recruitment). Notably I didn’t see this step in observed risk in

the integrated modelling cohort in my evaluation of combined models in Chapter 6.

As was seen in measures of calibration, PRS generally performed less well for
women across all performance metrics. However, the confidence intervals around
these risk estimates are wide and these results should be interpreted with caution.
Hypothetically it is possible that, were there to be an interaction between sex

and effect size of risk alleles, the demographics of the Base GWAS datasets (for
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example, disproportionally large numbers of men) could result in miscalibration

of these models in women.

Models were poorly calibrated in individuals with a first degree family history of
CRC, systematically underpredicting risk (CITL ~ 0.6 for all models), seen across
most risk groups in calibration plots (Figure 5.10). This is likely to be in part due
to lack of characterisation of individuals with Mendelian syndromes, and inclusion
of Mendelian genes in a genetic prediction model would almost certainly improve
risk prediction accuracy overall. Whole exome data was not available in UKB at
the time of my analysis, but this would be a natural extension to this work. In
recent evaluations of exome sequencing data within UKB, 0.15-0.2% of the initial
release of 50,000 exomes from UKB carried pathogenic or likely pathogenic variants
for Lynch Syndrome [471, 472]. Modelling of Lynch mutation status (pathogenic or
likely pathogenic variants in any Lynch gene) alongside a 95-SNP PRS in 48,812
individuals with exome sequencing data in UKB found odds ratios for CRC ranging
between 8 to 117 in Lynch carriers (n=76) across percentiles of PRS, compared
to 0.3-3.8 for non-carriers (compared to a non-carrier with median PRS). Similar
findings were noted for BRCA1/2 carriers [472]. However, in an evaluation of
PRS risk modulation in Lynch syndrome in much larger cohort of Lynch mutation
carriers (n==826, with 504 CRC cases), a 107-SNP PRS was not associated with
CRC risk [473]. Further work is needed to clarify the impact of PRS on risk in
both Lynch syndrome, and other familial CRC syndromes. A potential use of PRS

could be to inform risk estimates for those with hereditary cancers.

In this study, the base dataset included individuals of European ancestry, and
I restricted the UKB Derivation Cohort to white-British individuals. This is an
approach taken by other studies [211], but potentially limits portability to other
settings. Were I to repeat this work I would use a broader genetic mix of northern-
European individuals in PRS training, which might improve PRS portability further.
My PRS perform well in individuals of European ancestry, and one might expect
performance in a screening cohort of Northern European individuals to be reasonably

similar to that seen in the Geographic Validation Cohort.
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Poor performance of PRS in individuals from minority ethnicities is a well-
recognised issue in PRS, which stems largely from biases introduced by Eurocentric
GWAS studies when transferred to other populations. The genetic architecture of
populations of differing ancestries differs significantly, with fundamental differences
in LD and allele frequencies. European GWAS will miss-estimate effect sizes and
miss causal loci from other populations. As a result, PRS based on European data
do not reliably and accurately transfer to other populations [474]. I discuss this

issue and implications in more detail in my Discussion chapter.

Demographic differences may also have contributed to poorer performance
in the Minority Ethnic Validation Cohort. Whilst 43% of CRC cases in the
Derivation Dataset were female, in the Minority Ethnic Validation Cohort this
figure was 50%, despite a similar proportion of the overall cohort being female
(~53%). This may suggest a higher CRC risk for minority ethnic women, reasons
for which might include differences in screening uptake by sex in the two groups,
or differences in environmental exposures leading to increased risk in women. The
mean age of both cases and controls was also lower in the Minority Ethnic Validation
Cohort, potentially indicating that older minority ethnic invitees were less likely

to participate than older white participants.

The Minority Ethnic Validation Cohort is heterogeneous, including all par-
ticipants not identifying as White. It would have been useful to evaluate model
performance in a more granular way, for example evaluating cohorts from South
Asia separately from those with Caribbean or Black African heritage. However
given the small size of these populations and low case numbers within them such
analyses would have been highly underpowered. Significant efforts are currently
underway to improve representation in GWAS and PRS research, which I explore

further in my Discussion Chapter.

The work of this chapter demonstrates that genome-wide PRS out-perform
GWAS-significant PRS in CRC, though the extent of this improvement is relatively
small. T selected LDpred2-grid-sp as the top-performing PRS, based on the C-

statistic and R? in external validation, given its near equivalent performance with the
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LDpred2-grid score, favouring sparsity for its advantages in terms of computational
burden and biological plausibility. The differences in PRS performance by sex, and
in individuals of divergent ancestry, highlight some of the ethical implications of
clinical use of PRS which will need to be addressed prior to implementation. In

the next chapter I evaluate the performance of combined models integrating the

LDpred2-grid-sp and GWAS-sig PRS with the QCancer-10 risk score.
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Integrated risk models for colorectal
cancer risk

This chapter describes the development of integrated risk scores for colorectal cancer
within UK Biobank, based on the polygenic risk scores derived in Chapter 5 and
the QCancer-10 (Colorectal) non-genetic risk model, and the evaluation of the
improvement in model performance and potential clinic impact of an integrated

model compared to QCancer-10 (Colorectal) alone.

6.1 Background

As discussed in Chapter 1, multiple integrated models have previously been
developed to predict colorectal cancer (CRC) risk. Nine were externally validated
in UKB in a previous study by Saunders et al. [215] (Table 1.4), and following
this publication several more have been published [238]. Whilst these models
have incorporated varied non-genetic predictors, only GWAS-significant PRS have
been included. The number of SNPs included has increased over time with the
publication of larger sized GWAS studies, with the largest based on the meta-
analysis by Huyghe et al. [222]. As several of these integrated models have been
derived in UKB, overlapping with the data included in Huyghe et al’s meta-analysis,

PRS performance may be over-estimated, as discussed in the previous chapter.
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Given the number of existing non-genetic models, and good discrimination on
external validation of several, there is an argument for using an existing model
as the basis for the non-genetic risk modelling in my own study. Of externally
validated existing models, QCancer-10 (Colorectal) [182] was the best performing,
with an AUROC of 0.70 (95% CI: 0.69-0.72) in men and 0.66 (95% CI: 0.64-0.68)
in women in external validation within the UKB cohort [172]. There are additional
benefits of using QCancer-10 (Colorectal) (hereafter, QCancer-10) in a risk score
for use in bowel screening. It is derived from electronic health-records (EHR),
and so could be quite easily integrated with bowel screening data, and potentially
embedded at point of care in GP surgeries. In addition, QCancer-10 has already
been recommended as a tool to help guide patient-informed screening decisions

[475]. T therefore used QCancer-10 as my baseline epidemiological model.

The differences in demographics between the QCancer-10 derivation set and
UKB have implications for likely model performance. QCancer-10 is derived from a
population based cohort, and so in the healthier volunteer cohort of UKB could
over-predict cancer risk due to the lower prevalence of incident cancers in the
UKB. Conversely the combined model developed in UKB will be calibrated to
this population, and so might be expected to under-predict risk when applied to
the general population. Notably, the population of the bowel cancer screening
programme (BCSP) is itself biased. In the first 5 years of the screening programme,
among 60-64 year olds screening uptake was graded across area-level socio-economic
status (SES), with lower participation in lower SES groups, by ethnicity, with lower
participation in more ethnically diverse areas, and by sex, with lower uptake in men
[445]. These participation biases echo those seen in participation in UKB, and thus
UKB may be reasonably representative of the current bowel screening population,
though not of the ideal bowel screening cohort. Although efforts are being made to
reduce these disparities in uptake, and the introduction of faecal immunochemical

testing (FIT) may lessen them further, they are unlikely to be mitigated completely.

The aim of this chapter was to evaluate whether the addition of PRS (developed

in Chapter 5) to QCancer-10 would improve performance of the models in a clinically
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meaningful way. I also aimed to evaluate whether incorporating the genome-wide

PRS would have a greater impact than the GWAS-significant PRS.

6.1.1 Chapter Outline

The chapter starts with the external validation of QCancer-10 [182] in UKB. I
then develop integrated models including either LDPred2-grid-sp PRS, identified
in Chapter 5 as the top performing genome-wide PRS, or the GWAS-significant
PRS, and compare the performance of these with QCancer-10 alone. I assess model
performance using standard metrics as used in Chapter 5, and also evaluate the

potential clinical impact of any incremental improvement in model performance.

6.2 Methods

All modelling in this chapter was undertaken using the Integrated Modelling
Cohort, comprising 238,496 women (1,458 cases) and 196,091 men (1,895 cases)
(see Section 2.8.8).

6.2.1 Validation of QCancer-10

Prior to developing the integrated models, I validated the performance of QCancer-
10 in UKB for comparison. This provides comparable evidence of performance in
a dataset of bowel screening age. As with all other modelling presented here, the
model outcome (incident CRC) was as defined in Section 4.2.1, and as previously
noted, I did not include anal cancer, although these were included in the original
QCancer-10 model. Definition of QCancer-10 predictors, handling of outlying data

and missingness, are described in Chapter 4.

Initially I evaluated performance of the original model, details of which can
be found at https://qcancer.org/15yr/colorectal/ [270], in the UKB dataset.
The same performance metrics were used for all models in this chapter and are
described in Section 4.2.1 and 6.2.3). I then recalibrated the model to the UKB

dataset through recalibration-in-the-large (Section 2.8.11).
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6.2.2 Integrated model specification

I derived separate integrated Cox regression risk models for men and women
including two predictors for each: the QCancer-10 risk score, and a PRS risk score.
I compared models including the top-performing genome-wide PRS, LDpred2-grid-
sp, and the GWAS-significant PRS. Each of the scores were modelled as continuous
predictors. I examined the distributions of each score in the Integrated Modelling
Cohort, and visualised outliers using boxplots (Figure 6.1) and subsequently followed
Steyerberg’s recommendation to set 0.5% of outliers at each end of the distribution
to the outer bounds, truncating the distribution [284, 476]. This improves model

fitting, as values at the extremes can have an outsized impact on effect estimation.

I evaluated proportional hazards assumption as described in Section 5.2.6. I
evaluated the forms of continuous variables using linear forms and multiple fractional
polynomials (MFP, [477]) using the R package ‘mfp’. T initially evaluated these in
univariable analysis, evaluating MFPs with 2 and 4 degrees of freedom, plotting

the forms for each predictor.

However, the forms of MFPs can be affected by other predictors and should
therefore be evaluated together, and I subsequently evaluated potential MFP forms
in combination for each model using the mfp programme, which uses an iterative
analysis of model performance with differing MFPs to select the optimal form based

on the best Akaike information criterion (AIC).

I also assessed interaction between the predictors by visual inspection of plots
of marginal effects of the QCancer-10 risk score by PRS, and used the Wald x?

statistic to assess the prognostic strength and significance of interaction terms.

6.2.3 Measures of model performance

I compared performance of the recalibrated QCancer-10 model with integrated
prediction models, calculating apparent and internally validated performance for
the integrated models. I again used 500 bootstrap samples for confidence intervals

and internal validation (see Section 5.2.6).
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Figure 6.1: Boxplots of QCancer-10 (Colorectal) score and polygenic risk score

distributions in males (A) and females (B) before and after removal of outiers in the
Integrated Modelling Cohort
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As for Cox PRS models, I reported discrimination using Harrell’s C-index,
and Royston and Sauerbrei’s D statistic, and visually assessed discrimination
through Kaplan-Meier cumulative incidence curves over 4 risk groups (see Section
2.8.8). T assessed explained variation using Royston and Sauerbrei’s k%, T assessed
calibration using calibration plots of observed vs. predicted probability of CRC
with loess-based smoothing methods, and expected to observed ratios (E/O) over

follow-up times of 5-8 years.

I undertook a sensitivity analysis excluding cases diagnosed within the first
two years of follow-up to assess possible reverse causality (i.e. the possibility that
the outcome - colorectal cancer - has occurred before and caused the measured

exposure variable).

6.2.4 Subgroup analysis

I compared calibration by analysis of observed and predicted outcomes in individuals
from minority ethnicities, and with a family history of CRC in pre-specified subgroup
analysis [169]. As I had observed some miscalibration by age in the PRS evaluation
(underpredicting risk in the 55-59 and 65-70 year olds, see Section 5.7), I undertook
a post-hoc analysis of model performance across 3 age groups - under 50 year

olds, 50-59 year olds, and over 60 year olds.

6.2.5 Assessment of clinical performance

I calculated a number of measures of clinical performance at centile risk thresholds

for absolute and relative risk, and present these across the top 25 risk groups:

« sensitivity (proportion of CRC cases correctly identified)

o specificity (true negatives/(true negatives + false positives))

« detection rate (number of cases identified in the tested population, as a
percentage)

« false positive rate (false positives/(true negatives + false positives))
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I calculated relative risk as risk in comparison to an individual of the same sex and
age, with mean PRS by sex, white ethnicity, BMI of 25, mean Townsend Deprivation

Score, and no CRC risk factors, representing a ‘healthy’ average reference individual.

6.2.6 Decision curve analysis

Decision curve analysis (DCA) was developed by Andrew Vickers and Elena Elkin,
as a way of applying decision analysis methodologies to prediction models [478].
They noted that traditional measures of model performance, such as discrimination
and calibration, were insufficient in evaluating whether risk models improved
clinical decision making [479]. In decision analysis, the consequences of testing are
incorporated into performance evaluation, to assess whether a test or model is worth
using. The “best” model is the one that maximises the outcome. Decision curve
analysis is recommended in the TRIPOD guidelines [168] as a measure of assessing
prediction model performance. In DCA, the outcome of interest is measured as
net benefit, and this is plotted across a range of clinically relevant risk thresholds.
The possible theoretical range of net benefit is negative infinity to disease incidence

[478], therefore for a less common disease, maximal net benefit will be lower.

In this analysis, I assume that the decision concerned is whether a person should
have a screening colonoscopy, based on risk assessment, and compare the performance
of the QCancer-10, QCancer-10+LDP and QCancer-10+GWS in guiding these
decisions. In order to make a treatment decision, one must identify a risk threshold
above which we would choose to undertake a colonoscopy, i.e. the level above
which concern for potentially missing a diagnosis outweighs the risks or costs of the
procedure (financial or otherwise). This ought to be the threshold level at which
one feels neutrally towards the intervention [480]. For example, if we are willing to
undertake colonoscopy on 100 individuals to detect one CRC, but no more than

this, then the harm-to-benefit ratio is 1:99, equating to a risk threshold of 1% [480].

The net benefit (NB) is a balance of true positives and false positives i.e. colorectal
cancers correctly detected minus unnecessary colonoscopies. Benefit (here detecting

cancer) and harm (an unnecessary colonoscopy) are not on the same scale, and so
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an “exchange rate” is used to address this balance [479]. The false positives are
weighted by the odds at a given risk threshold (for example, if the risk threshold
were 1% as above the weight would be 1/99, or 0.0101), and subtracted from the
true positives to give the “net true positives”. The net true positives are then
divided by the sample size to obtain the NB, the unit of which is true positives.
As per Vickers and Elkin [478],

NB — TruePositives  FalsePositives Dy

where N is the number of individuals in the integrated modelling cohort and p;
is the probability (or risk) threshold (ie, at p,=1%, we are willing to perform

colonoscopy for 100 individuals to detect one cancer).

For a survival model, the estimation of true and false positives necessitates
conversion of survival data to binary outcomes at a given time-point. As described
by Vickers et al. [481], if the individual’s predicted probability from the model is
> py x=1, otherwise x=0; s(t) is defined as the Kaplan-Meier probability at the
chosen time-point, and n is the size of the dataset. The number of true positives
is then [1 - (s(t) | x = 1)] x P(x = 1) x n, and false positives is (s(t) | x = 1) x
P(x = 1) x n [481]. This can then be used to calculate NB as above. I used the

probability of the event at 8 years derived from each of the three models.

It is recommended that NB is calculated over a range of reasonable thresholds,
as the acceptable threshold will vary between individuals and contexts [482], and
here plots are extremely useful. The modelling strategies used are usually plotted
alongside two default strategies - one in which everyone receives the intervention
(i.e. colonoscopy for the whole population) and one in which nobody is treated
(i.e. no screening, and therefore no benefit). One can also focus on the true
negatives ascertained with the model, rather than the true positives, by evaluating
the unnecessary interventions avoided. I therefore plotted NB and unnecessary
interventions avoided over the range of risk thresholds for which the models

showed benefit.
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To identify relevant thresholds to report NB at, I looked at the risk of cancer
in which one might proceed with a screening procedure in other studies. Vickers
notes that the threshold probability may also be considered as the acceptable
number needed to test, or in the case of this study, number needed to screen (NNS)
[483]. T examined the published literature for thresholds already deemed to be
clinically acceptable. The NNS in previous randomised trials of colonoscopy-based
screening is variable, at 1000 in two studies from the USA [484] and Spain [39],
202 in a multi-nationality European study [38], and 182 in a Dutch trial [485].
In a UK trial of screening sigmoidoscopy [55], the NNS to prevent cancer over
11 years was 191 (and to prevent one death, 489). These results correspond to
probability thresholds of between 0.1% and 0.5%.

These numbers reflect immediate risk, rather than longer term risk, and addition-
ally, a significant part of colonoscopy benefit is gained from carcinoma prevention
through advanced adenoma removal. This is not reflected here, and could not
readily be assessed in this study due to the absence of high resolution data on
colorectal polyp diagnosis in UKB. The NNS for advanced neoplasia overall in these
studies (i.e. advanced adenoma and CRC combined) is 9-49, equivalent to probability

thresholds of 2-10%, which reflects the higher prevalence of advanced adenoma.

In choosing clinically relevant risk thresholds a holistic approach is needed,
incorporating the potential risks and benefits for a patient, and potentially including
wider considerations such as potential financial and logistical implications of
implementing a test. Concern over the ‘cost’ of colonoscopy, both financially
and in terms of opportunity costs in a capacity-limited healthcare system, will
be greater in a population-based screening programme compared to a randomised
controlled trial. In addition, for individual-level informed decision making, patient
and clinician risk preferences will vary based on their level of concern about possible
cancer, and around colonoscopy itself. It is recommended to evaluate net benefit

metrics over a range of threshold, and I therefore report metrics across pre-specified

threshold probabilities of 0.5%, 1%, 1.5% and 2%.
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Whilst the strategy which obtains the highest NB across the relevant thresholds
is the “best” strategy, when comparing prediction models which have different
implications in terms of implementation (for example the requirement to undertake
PRS, with blood draw, genotyping etc., compared to risk score calculation using
routine health data), it is also useful to consider whether the increase in NB is
worthwhile. An assessment of whether the increase in net-benefit would be worth the
additional costs of using the model, the test trade-off, can be calculated as 1/ANB,
which gives the minimum number of tests (i.e. PRS) required for one more true
positive CRC diagnosis in the extended model [479]. If the financial and practical
costs of these additional tests were deemed reasonable by policymakers then the
added benefit of the integrated model would be considered worthwhile. I calculated
the increase in NB achieved by adding the LDpred2 PRS to the QCancer-10 model,

and the test trade-off at the pre-specified thresholds above.

6.3 Validation of QCancer-10

The performance of QCancer-10 is consistent with previous validation studies
(Table 6.2) [172]. The model for women show poorer performance than that for
men. Both of the models tend to slightly over-predict risk in the highest risk groups.
Recalibration corrects this in men, but in women there was a persistent though

lesser over-prediction of risk in the top risk group (Figure 6.2).

Subgroup analysis is discussed later in the chapter, in comparison with the

integrated models (see Section 6.5).

6.4 Specification of integrated QCancer-10+PRS
models

Plots of score distributions show a right-skew in the distribution of the QCancer-10
score in this dataset (Figure 6.3). Plots of log(—log(Survival)) against log(Survival)
show that the proportional hazard assumption holds (Figure 6.4). There is little

difference in prediction when comparing MFP terms across each of the scores in
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Figure 6.2: Calibration of QCancer-10 in males and females, before (A) and after (B)
recalibration

men (Figure 6.5), and when modelled in combination no polynomial terms were
selected for either model. However, in women, a polynomial term for LDpred2-

grid-sp was selected.

Plots of marginal effects of QCancer-10 across PRS scores (Figure 6.6) indicate
that there is a tendency for the QCancer-10 score to have a lesser effect at higher PRS.
Wald y? statistics for the terms indicate that there are no significant interactions
(Table 6.1). Given the weakness of the interaction terms relative to the two scores,

I elected not to include this in the model.
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Figure 6.3: Histogram of QCancer-10 score distributions in males (A) and females (B)
in the Integrated Modelling Cohort

Table 6.1: Wald Chi2 statistic for interactions between QCancer-10 score and PRS

QCancer-10+LDP  QCancer-10+GWS

Males
QCancer-10 LP 635.85 (<0.001) 652.88 (<0.001)
PRS 390.82 (<0.001) 264.36 (<0.001)
Interaction term 6.29 (0.012) 8.50 (0.004)
Females
QCancer-10 LP  293.43 (<0.001)  302.90 (<0.001)
PRS 207.96 (<0.001)  135.83 (<0.001)
Interaction term 0.15 (0.699) 1.53 (0.216)
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PRS in men (A) and women (B)

6.5 Evaluation and comparison of model perfor-

manmnce

Integrated models combining LDpred2-grid-sp PRS (QCancer-10+LDP), or the
GWAS-significant PRS (QCancer-10+GWS), both perform better than the QCancer-

10 model alone (Table 6.2), with best performance obtained with the addition of

the genome-wide PRS. Internal validation showed that there was minimal optimism

in performance estimates. As with the QCancer-10 model, integrated models for

women perform less well than integrated models for men, though the incremental

improvement in performance with the addition of PRS is greater for women.
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Table 6.2: Apparent and internally validated performance of QCancer-10+LDP and QCancer-10+GWS, compared to external validation of
QCancer-10.

QCancer-10+LDP QCancer-10+GWS QCancer-10

Gle

Apparent Internally validated  Apparent Internally validated
Males
QCancer-10 HR per SD  2.309 (2.164 - 2.464) - 2.334 (2.187 - 2.490) - -
PRS HR per SD 1.592 (1.520 - 1.668) - 1.453 (1.388 - 1.521) - -
C statistic 0.730 (0.720 - 0.741) 0.730 0.717 (0.707 - 0.727) 0.716 0.693 (0.682 - 0.704)
Somers’ Dy 0.460 (0.440 - 0.481) 0.460 0.433 (0.414 - 0.455) 0.433 0.847 (0.841 - 0.852)
D statistic 1.282 (1.224 - 1.341) 1.280 1.209 (1.156 - 1.267) 1.207 1.058 (0.987 - 1.121)
R% (%) 28.2 (26.3 - 30.0) 28.100 25.9 (24.2 - 27.7) 25.800 21.1 (18.9 - 23.1)
Scaled Brier Score (%) 0.81 0.800 0.81 0.800 0.59
Calibration Slope - 0.998 - 0.998 0.995 (0.914 - 1.063)
Females
QCancer-10 HR per SD * - 1.764 (1.655 - 1.881) - -
PRS HR per SD * - 1.359 (1.290 - 1.431) - -
C statistic 0.686 (0.672 - 0.701) 0.685 0.668 (0.655 - 0.683) 0.668 0.645 (0.631 - 0.659)
Somers’ Dy 0.372 (0.345 - 0.402) 0.370 0.337 (0.310 - 0.366) 0.335 0.822 (0.816 - 0.830)
D statistic 1.056 (0.979 - 1.136) 1.055 0.925 (0.850 - 1.000) 0.924 0.769 (0.695 - 0.847)
R% (%) 21.0 (18.6 - 23.5) 21.000 17.0 (14.7 - 19.3) 16.900 12.4 (10.3 - 14.6)
Scaled Brier Score (%) 0.34 0.340 0.29 0.280 0.2
Calibration Slope - 0.996 - 0.996 0.805 (0.724 - 0.899)

SJPPOUL-YS1L-PIIDLOLIIUT 9

Values are performance metrics withs 95% confidence intervals. HR per SD — adjusted hazard ratio per standard deviation. Pairwise
comparisons of performance metrics were all significantly different P<0.001. *modelled using multiple fractional polynomial and therefore not
presented.
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Table 6.3:

Apparent performance of QCancer-10+LDP, QCancer-10+GWS, and

QCancer-10, excluding CRC cases diagnosed within 2 years of enrolment

QCancer-10+LDP

QCancer-10+GWS

QCancer-10

Males
C statistic
Somers’ Dy,
D statistic
R} (%)
Calibration Slope
Females
C statistic
Somers’ Dy,
D statistic
R} (%)
Calibration Slope

0.733 (0.721 - 0.745)
0.867 (0.861 - 0.872)
1.289 (1.219 - 1.358)
28.4 (26.2 - 30.6)
1.013 (0.943 - 1.077)

0.683 (0.666 - 0.698)
0.841 (0.833 - 0.849)
1.036 (0.946 - 1.124)
20.4 (17.6 - 23.2)
0.981 (0.892 - 1.068)

0.721 (0.708 - 0.731)
0.860 (0.854 - 0.865)
1.224 (1.155 - 1.290)
26.3 (24.1 - 28.4)
1.019 (0.950 - 1.086)

0.663 (0.646 - 0.677)
0.831 (0.823 - 0.838)
0.900 (0.805 - 0.985)
16.2 (13.4 - 18.8)
0.969 (0.855 - 1.070)

0.693 (0.682 - 0.704)
0.847 (0.841 - 0.852)
1.058 (0.987 - 1.121)
21.1 (18.9 - 23.1)
0.995 (0.914 - 1.063)

0.645 (0.631 - 0.659)
0.822 (0.816 - 0.830)
0.769 (0.695 - 0.847)
12.4 (10.3 - 14.6)
0.805 (0.724 - 0.899)

Kaplan Meier cumulative incidence curves (Figure 6.7), plotting incidence across
four risk groups defined by integrated models compared to QCancer-10, also indicates
better discrimination when PRS are included, with greater separation of risk groups.

Again, the improvement was greatest with the genome-wide PRS.

A sensitivity analysis in which I excluded CRC cases occurring within two years of

enrolment, suggested that reverse causality did not have a major impact (Table 6.3).

6.5.1 Subgroup analysis

Table 6.4 shows expected/observed ratios for each model in subgroup analysis of
those with a first degree family history, and in minority ethnic and white participants
separately. In individuals with a first-degree family history of CRC, all models
appear to be well calibrated for men. However, models for women tend to over-

predict risk, particularly in the highest risk groups (Figure 6.8).

In participants of minority ethnic background, all models underpredict risk but
this is exacerbated by the addition of PRS, to a greater degree with the genome-wide
model. The caveat to these results are the low number of incident cases in this
group, and I did not plot calibration plots for minority ethnic participants for this

reason. Calibration for white participants is excellent.
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Table 6.4: Expected/observed risk ratio for QCancer-10+LDP, QCancer-10+GWS, and
QCancer-10 models in subgroup analysis

Follow-up (years) QCancer-10+LDP  QCancer-10+GWS  QCancer-10

Family history

5 1.06 1.05 1.02

6 1.04 1.02 0.99

Male 7 1.08 1.06 1.04
8 0.97 0.95 0.93

5 1.28 1.25 1.31

Fernal 6 1.22 1.19 1.25
emate 7 1.26 1.23 1.30
8 1.19 1.16 1.23

Minority Ethnicity

5 0.50 0.60 0.73

6 0.57 0.68 0.82

Male 7 0.60 0.71 0.86
8 0.70 0.83 1.01

5 0.65 0.73 0.74

Femmale 6 0.58 0.65 0.65
7 0.54 0.61 0.62

8 0.49 0.55 0.56

White British Ethnicity

5 1.02 1.02 1.01

6 1.02 1.02 1.01

Male 7 1.02 1.02 1.01
8 1.02 1.02 1.02

5 1.01 1.01 1.01

Fernal 6 1.02 1.02 1.02
emate 7 1.02 1.02 1.02
8 1.02 1.02 1.02

Initial evaluation of model performance by age (Figure 6.9) shows that each model

is well calibrated, with slight under-prediction of risk in women in the top age bracket.

I subsequently undertook a post-hoc analysis of performance by age, prompted
by the finding that calibration by age in the PRS scores (see Figure 5.19) appeared
to be miscalibrated in the middle age groups. As shown in Table 6.5, performance
metrics are lower in all age bands compared to model performance overall. Each
model performs best in the <50 age group, particularly for proportion of explained
variation (RpD). The improvement in performance offered by the addition of PRS
is also greatest in this age group. Of note, the calibration slope is particularly poor

in women over the age of 60, in both QCancer-10 and the integrated models.
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Figure 6.9: Calibration of prediction models by age in males (A) and females (B)

6.5.2 Model sensitivity and specificity

Sensitivity and specificity across the top 25 risk centiles of absolute risk are given
in Tables 6.6, 6.7, and 6.8. The addition of PRS improves the sensitivity of the
model, with QCancer-10+LDP having the greatest sensitivity. As an example,
using a threshold of 20%, the sensitivity for QCancer-10+LDP is 47.6% in men
and 42.4% in women, compared to 44.8% and 38.6% for QCancer-10+GWS, and
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Table 6.5: Performance of QCancer-10+LDP, QCancer-10+GWS and QCancer-10 by

age group
Age (years) Index QCancer-10+LDP  QCancer-10+GWS QCancer-10
Males
C statistic 0.671 (0.615 - 0.723)  0.694 (0.649 - 0.747) 0.621 (0.559 - 0.676)
Somers’ D, 0.835 (0.807 - 0.862) 0.847 (0.825 - 0.874) 0.810 (0.779 - 0.838)
<50 D statistic 1.088 (0.760 - 1.417) 1.110 (0.822 - 1.440) 0.678 (0.370 - 0.979)
R2, (%) 92,0 (12.1- 32.4)  22.7 (13.9 - 33.1) 9.9 (3.2 - 18.6)
Calibration Slope 0.989 (0.686 - 1.293) 1.120 (0.832 - 1.445) 0.865 (0.461 - 1.269)
C statistic 0.672 (0.649 - 0.694) 0.646 (0.622 - 0.669) 0.590 (0.565 - 0.615)
Somers’ D, 0.836 (0.825 - 0.847) 0.823 (0.811 - 0.835) 0.795 (0.782 - 0.807)
50-59 D statistic 1.010 (0.870 - 1.142) 0.831 (0.694 - 0.966) 0.516 (0.382 - 0.655)
R% (%) 19.6 (15.3 - 23.7) 14.2 (10.3 - 18.2) 6.0 (3.4 -9.3)
Calibration Slope 1.049 (0.898 - 1.192) 0.969 (0.803 - 1.126) 0.849 (0.623 - 1.089)
C statistic 0.656 (0.641 - 0.672) 0.638 (0.622 - 0.654) 0.608 (0.592 - 0.623)
Somers’ D, 0.828 (0.821 - 0.836) 0.819 (0.811 - 0.827) 0.804 (0.796 - 0.812)
>60 D statistic 0.859 (0.776 - 0.943) 0.776 (0.694 - 0.874) 0.578 (0.490 - 0.664)
R2 (%) 15.0 (12.6 - 17.5) 12,6 (10.3 - 15.4) 7.4 (5.4 - 9.5)
Calibration Slope 0.980 (0.883 - 1.080) 1.020 (0.911 - 1.147) 1.163 (0.986 - 1.327)
Females
C statistic 0.674 (0.627 - 0.724)  0.640 (0.596 - 0.688) 0.594 (0.540 - 0.644)
Somers’ D, 0.837 (0.813 - 0.862) 0.820 (0.798 - 0.844) 0.797 (0.770 - 0.822)
<50 D statistic 1.055 (0.765 - 1.343)  0.755 (0.510 - 1.004) 0.483 (0.189 - 0.773)
R (%) 21.0 (12.3 - 30.1) 12.0 (5.8 - 19.4) 5.3 (0.8 - 12.5)
Calibration Slope 1.185 (0.885 - 1.480) 1.032 (0.698 - 1.374) 0.729 (0.289 - 1.158)
C statistic 0.623 (0.592 - 0.649) 0.629 (0.602 - 0.653) 0.573 (0.547 - 0.599)
Somers’ D, 0.811 (0.796 - 0.825) 0.815 (0.801 - 0.826) 0.787 (0.773 - 0.800)
50-59 D statistic 0.770 (0.581 - 0.937) 0.705 (0.549 - 0.846) 0.438 (0.280 - 0.597)
R2 (%) 12.4 (7.5 - 17.3) 10.6 (6.7 - 14.6) 44 (1.8-7.8)
Calibration Slope 0.966 (0.751 - 1.151) 1.049 (0.816 - 1.269) 0.800 (0.500 - 1.095)
C statistic 0.626 (0.606 - 0.643) 0.595 (0.575 - 0.616) 0.549 (0.530 - 0.569)
Somers’ D, 0.813 (0.803 - 0.822) 0.797 (0.788 - 0.808) 0.775 (0.765 - 0.785)
>60 D statistic 0.696 (0.588 - 0.801) 0.509 (0.406 - 0.619) 0.257 (0.158 - 0.365)
R% (%) 10.4 (7.6 - 13.3) 5.8 (3.8 - 8.4) 1.5 (0.6 - 3.1)

Calibration Slope

0.906 (0.777 - 1.029)

0.847 (0.674 - 1.032)

0.563 (0.328 - 0.804)

41.2% and 34.6% with QCancer-10. Detection rates followed the same pattern, with
rates of 0.46%, 0.43%, 0.40% in men for QCancer-10+LDP, QCancer-10+GWS,
and QCancer-10 respectively, and 0.26%, 0.24% and 0.21% for women.

We can see that, as with other performance measures, the incremental im-
provement is greater in women - an improvement in sensitivity of 8.2% for women
compared to 6.4% for men, and a 1.24-fold increase in detection rate compared
to 1.15-fold respectively. Differences in specificity and false positive rates between

the models were minimal.
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Table 6.6: Sensitivity and specificity of QCancer-10+LDP models for CRC diagnosis for
males and females across the top 25 centiles of absolute risk

. Population  Absolute 5-year Cases Cumulative % cases based on e ‘
Centile per centile risk threshold (%) per centile absolute risk(sensitivity) Specificity DR (%) FPR (%)
Males

1 1960 2.75 64 3.4 99.0 0.03 1.0

2 1961 2.34 61 6.6 98.0 0.06 2.0

3 1961 2.10 70 10.3 97.1 0.10 2.9

4 1961 1.94 56 13.3 96.1 0.13 3.9

5 1961 1.81 55 16.2 95.1 0.16 4.9

6 1961 1.71 57 19.2 94.1 0.19 5.9

7 1961 1.63 60 22.4 93.1 0.22 6.9

8 1961 1.55 41 24.6 92.2 0.24 7.8

9 1961 1.49 41 26.8 91.2 0.26 8.8

10 1961 1.43 48 29.3 90.2 0.28 9.8
11 1961 1.38 48 31.8 89.2 0.31 10.8
12 1960 1.33 35 33.6 88.2 0.32 11.8
13 1961 1.29 44 35.9 87.2 0.35 12.8
14 1961 1.25 31 37.5 86.2 0.36 13.8
15 1961 1.21 35 39.3 85.2 0.38 14.8
16 1961 1.17 33 41.0 84.2 0.40 15.8
17 1961 1.14 35 42.8 83.3 0.42 16.7
18 1961 1.11 32 44.5 82.3 0.43 17.7
19 1961 1.08 30 46.1 81.3 0.45 18.7
20 1961 1.05 29 47.6 80.3 0.46 19.7
21 1961 1.02 25 48.9 79.3 0.47 20.7
22 1961 1.00 32 50.6 78.3 0.49 21.7
23 1960 0.97 37 52.6 77.3 0.51 22.7
24 1961 0.95 27 54.0 76.3 0.52 23.7
25 1961 0.93 24 55.3 75.3 0.54 24.7
Females

1 2384 1.53 58 4.0 99.0 0.02 1.0

2 2385 1.27 50 7.4 98.0 0.05 2.0

3 2385 1.13 48 10.7 97.0 0.07 3.0

4 2385 1.04 37 13.2 96.1 0.08 3.9

5 2385 0.97 37 15.7 95.1 0.10 4.9

6 2385 0.91 31 17.8 94.1 0.11 5.9

7 2385 0.87 39 20.5 93.1 0.13 6.9

8 2385 0.83 33 22.8 92.1 0.14 7.9

9 2385 0.80 29 24.8 91.1 0.15 8.9

10 2385 0.77 40 27.5 90.1 0.17 9.9
11 2385 0.74 26 29.3 89.1 0.18 10.9
12 2385 0.72 25 31.0 88.1 0.19 11.9
13 2385 0.70 19 32.3 87.1 0.20 12.9
14 2385 0.68 24 33.9 86.1 0.21 13.9
15 2385 0.66 22 35.4 85.1 0.22 14.9
16 2385 0.64 24 37.0 84.1 0.23 15.9
17 2385 0.63 14 38.0 83.1 0.23 16.9
18 2385 0.61 23 39.6 82.1 0.24 17.9
19 2385 0.60 22 41.1 81.1 0.25 18.9
20 2385 0.59 19 424 80.1 0.26 19.9
21 2385 0.57 17 43.6 79.1 0.27 20.9
22 2385 0.56 19 44.9 78.1 0.28 21.9
23 2385 0.55 20 46.3 7.1 0.28 22.9
24 2385 0.54 29 48.3 76.1 0.30 23.9
25 2385 0.53 15 49.3 75.1 0.30 24.9

DR - Detection Rate; FPR - False Positive Rate

222



6. Intergrated-risk-models

Table 6.7: Sensitivity and specificity of QCancer-10+GWS models for CRC diagnosis
for males and females across the top 25 centiles of absolute risk

. Population  Absolute 5-year Cases Cumulative % cases based on e ‘
Centile per centile risk threshold (%) per centile absolute risk(sensitivity) Specificity DR (%) FPR (%)
Males

1 1960 2.46 74 3.9 99.0 0.04 1.0

2 1961 2.15 65 7.3 98.1 0.07 1.9

3 1961 1.97 44 9.6 97.1 0.09 2.9

4 1961 1.83 54 124 96.1 0.12 3.9

5 1961 1.72 47 14.9 95.1 0.14 4.9

6 1961 1.63 39 17.0 94.1 0.16 5.9

7 1961 1.56 53 19.8 93.1 0.19 6.9

8 1961 1.50 37 21.8 92.1 0.21 7.9

9 1961 1.44 43 24.1 91.1 0.23 8.9

10 1961 1.39 47 26.6 90.2 0.26 9.8
11 1961 1.34 36 28.5 89.2 0.27 10.8
12 1960 1.30 42 30.7 88.2 0.30 11.8
13 1961 1.27 27 32.1 87.2 0.31 12.8
14 1961 1.23 47 34.6 86.2 0.33 13.8
15 1961 1.20 30 36.2 85.2 0.35 14.8
16 1961 1.17 28 37.7 84.2 0.36 15.8
17 1961 1.14 37 39.7 83.2 0.38 16.8
18 1961 1.11 22 40.9 82.2 0.39 17.8
19 1961 1.08 35 42.7 81.2 0.41 18.8
20 1961 1.06 39 44.8 80.2 0.43 19.8
21 1961 1.03 24 46.1 79.2 0.44 20.8
22 1961 1.01 31 47.7 78.2 0.46 21.8
23 1960 0.99 31 49.3 77.3 0.48 22.7
24 1961 0.96 32 51.0 76.3 0.49 23.7
25 1961 0.94 32 52.7 75.3 0.51 24.7
Females

1 2384 1.18 37 2.5 99.0 0.02 1.0

2 2385 1.06 39 5.2 98.0 0.03 2.0

3 2385 0.98 35 7.6 97.0 0.05 3.0

4 2385 0.93 31 9.7 96.0 0.06 4.0

5 2385 0.88 28 11.6 95.0 0.07 5.0

6 2385 0.85 30 13.7 94.0 0.08 6.0

7 2385 0.82 29 15.7 93.1 0.10 6.9

8 2385 0.79 34 18.0 92.1 0.11 7.9

9 2385 0.77 24 19.6 91.1 0.12 8.9

10 2385 0.75 25 21.3 90.1 0.13 9.9
11 2385 0.73 30 23.4 89.1 0.14 10.9
12 2385 0.71 35 25.8 88.1 0.16 11.9
13 2385 0.70 28 27.7 87.1 0.17 12.9
14 2385 0.68 20 29.1 86.1 0.18 13.9
15 2385 0.67 22 30.6 85.1 0.19 14.9
16 2385 0.65 21 32.0 84.1 0.20 15.9
17 2385 0.64 25 33.7 83.1 0.21 16.9
18 2385 0.63 22 35.2 82.1 0.22 17.9
19 2385 0.62 26 37.0 81.1 0.23 18.9
20 2385 0.61 23 38.6 80.1 0.24 19.9
21 2385 0.60 27 40.5 79.1 0.25 20.9
22 2385 0.59 26 42.3 78.1 0.26 21.9
23 2385 0.58 22 43.8 7.1 0.27 22.9
24 2385 0.57 20 45.2 76.1 0.28 23.9
25 2385 0.56 21 46.6 75.1 0.29 24.9

DR - Detection Rate; FPR - False Positive Rate
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Table 6.8: Sensitivity and specificity of QCancer-10 models for CRC diagnosis for males
and females across the top 25 centiles of absolute risk

. Population  Absolute 5-year Cases Cumulative % cases based on e ‘
Centile per centile risk threshold (%) per centile absolute risk(sensitivity) Specificity DR (%) FPR (%)
Males

1 1960 1.90 49 2.6 99.0 0.02 1.0

2 1961 1.71 44 4.9 98.0 0.05 2.0

3 1961 1.60 51 7.6 97.0 0.07 3.0

4 1961 1.53 48 10.1 96.1 0.10 3.9

5 1961 1.47 51 12.8 95.1 0.12 4.9

6 1961 1.42 43 15.1 94.1 0.15 5.9

7 1961 1.38 35 16.9 93.1 0.16 6.9

8 1961 1.34 52 19.7 92.1 0.19 7.9

9 1961 1.31 36 21.6 91.1 0.21 8.9

10 1961 1.28 41 23.7 90.1 0.23 9.9
11 1961 1.25 37 25.7 89.1 0.25 10.9
12 1960 1.22 42 27.9 88.2 0.27 11.8
13 1961 1.20 38 29.9 87.2 0.29 12.8
14 1961 1.18 28 31.4 86.2 0.30 13.8
15 1961 1.16 39 33.5 85.2 0.32 14.8
16 1961 1.14 28 34.9 84.2 0.34 15.8
17 1961 1.12 36 36.8 83.2 0.36 16.8
18 1961 1.10 33 38.6 82.2 0.37 17.8
19 1961 1.08 27 40.0 81.2 0.39 18.8
20 1961 1.07 23 41.2 80.2 0.40 19.8
21 1961 1.05 27 42.6 79.2 0.41 20.8
22 1961 1.03 31 44.3 78.2 0.43 21.8
23 1960 1.01 25 45.6 77.2 0.44 22.8
24 1961 1.00 36 47.5 76.2 0.46 23.8
25 1961 0.98 22 48.7 75.2 0.47 24.8
Females

1 2336 1.10 24 1.6 99.0 0.01 1.0

2 2344 0.98 38 4.3 98.1 0.03 1.9

3 2364 0.91 22 5.8 97.1 0.04 2.9

4 2422 0.86 21 7.2 96.1 0.04 3.9

5 2375 0.82 34 9.5 95.1 0.06 4.9

6 2203 0.80 18 10.8 94.1 0.07 5.9

7 2598 0.78 24 124 93.1 0.08 6.9

8 1827 0.76 25 14.1 92.3 0.09 7.7

9 2991 0.75 24 15.8 91.0 0.10 9.0

10 900 0.74 8 16.3 90.7 0.10 9.3
11 3846 0.72 38 18.9 89.1 0.12 10.9
12 2392 0.71 22 20.4 88.1 0.12 11.9
13 1543 0.70 20 21.8 87.4 0.13 12.6
14 2417 0.69 35 24.2 86.4 0.15 13.6
15 3216 0.68 33 26.5 85.1 0.16 14.9
16 2294 0.67 26 28.3 84.1 0.17 15.9
17 2328 0.66 23 29.8 83.1 0.18 16.9
18 2499 0.65 16 30.9 82.1 0.19 17.9
19 2306 0.64 23 32.5 81.1 0.20 18.9
20 2434 0.63 30 34.6 80.1 0.21 19.9
21 2418 0.62 15 35.6 79.1 0.22 20.9
22 2058 0.61 27 37.4 78.2 0.23 21.8
23 2388 0.60 16 38.5 7.2 0.24 22.8
24 2542 0.59 19 39.8 76.2 0.24 23.8
25 2539 0.58 27 41.7 75.1 0.25 24.9

DR - Detection Rate; FPR - False Positive Rate
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Figure 6.10: Change in absolute risk compared to the median, across the top 50 centiles
of risk, for QCancer-10+LDP, QCancer-10+GWAS, and QCancer-10 models

In looking at centiles of relative risk we see a similar pattern of greater sensitivity
with QCancer-10+LDP (Table 6.9) compared to QCancer-10+GWS (Table 6.10). I
have not presented the results for relative risk for QQCancer-10 alone, as the model did

not produce sufficient variation in risk to divide the population into centile groupings.

Figure 6.10 shows the increase in predicted absolute risk threshold relative to
the 50th centile for those at elevated risk. This demonstrates that it is in those
at very high risk where the addition of PRS has the greatest potential to increase
risk discrimination, with the QCancer-10+LDP model able to identify men at
5-fold increased risk, and women at 4-fold increase risk in the highest risk centile,
compared to an approximately 3-fold increase discerned using QCancer-10. Table
6.11 gives the respective values for the 99th, 95th, and 80th centiles.

However, the corresponding changes in absolute risk between models are small.
For the 95th centile, the difference in 5-year absolute risk predicted by QCancer-
10+LDP compared to QCancer-10 is approximately 0.3% for men, and 0.15% for
women, whilst there is no difference at the 80th centile threshold (Table 6.12).

As a further illustration of clinical utility, in current clinical practice in the

UK individuals with more than one first degree relative with CRC, equating to an
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Table 6.9: Sensitivity and specificity of QCancer-10+LDP models for CRC diagnosis for
males and females across the top 25 centiles of relative risk

. Population  Absolute 5-year Cases Cumulative % cases based on e ‘
Centile per centile risk threshold (%) per centile relative risk(sensitivity) Specificity DR (%) FPR (%)
Males

1 1960 4.81 55 2.9 99.0 0.03 1.0

2 1961 4.14 49 5.5 98.0 0.05 2.0

3 1961 3.78 36 7.4 97.0 0.07 3.0

4 1961 3.51 47 9.9 96.1 0.10 3.9

5 1961 3.32 32 11.6 95.1 0.11 4.9

6 1961 3.15 35 134 94.1 0.13 5.9

7 1961 3.01 38 154 93.1 0.15 6.9

8 1961 2.89 29 16.9 92.1 0.16 7.9

9 1961 2.79 40 19.0 91.1 0.18 8.9

10 1961 2.70 31 20.6 90.1 0.20 9.9
11 1961 2.62 36 22.5 89.1 0.22 10.9
12 1960 2.55 35 24.3 88.1 0.24 11.9
13 1961 2.48 40 26.4 87.1 0.26 12.9
14 1961 2.42 27 27.8 86.1 0.27 13.9
15 1961 2.36 27 29.2 85.1 0.28 14.9
16 1961 2.31 27 30.6 84.1 0.30 15.9
17 1961 2.26 22 31.8 83.1 0.31 16.9
18 1961 2.21 31 33.4 82.2 0.32 17.8
19 1961 2.17 26 34.8 81.2 0.34 18.8
20 1961 2.12 29 36.3 80.2 0.35 19.8
21 1961 2.08 28 37.8 79.2 0.37 20.8
22 1961 2.04 33 39.5 78.2 0.38 21.8
23 1960 2.01 30 41.1 77.2 0.40 22.8
24 1961 1.97 29 42.6 76.2 0.41 23.8
25 1961 1.94 29 44.1 75.2 0.43 24.8
Females

1 2199 3.89 46 3.2 99.1 0.02 0.9

2 2570 3.26 34 5.5 98.0 0.03 2.0

3 2384 2.90 41 8.3 97.0 0.05 3.0

4 2385 2.66 28 10.2 96.0 0.06 4.0

5 2386 2.48 29 12.2 95.0 0.07 5.0

6 2385 2.34 29 14.2 94.1 0.09 5.9

7 2385 2.23 25 15.9 93.1 0.10 6.9

8 2384 2.14 22 174 92.1 0.11 7.9

9 2386 2.06 26 19.2 91.1 0.12 8.9

10 2385 1.99 27 21.1 90.1 0.13 9.9
11 2385 1.92 26 22.9 89.1 0.14 10.9
12 2384 1.86 33 25.2 88.1 0.15 11.9
13 2385 1.81 21 26.6 87.1 0.16 12.9
14 2385 1.77 17 27.8 86.1 0.17 13.9
15 2386 1.72 14 28.8 85.1 0.18 14.9
16 2385 1.69 15 29.8 84.1 0.18 15.9
17 2385 1.65 17 31.0 83.1 0.19 16.9
18 2384 1.62 20 324 82.1 0.20 17.9
19 2386 1.58 19 33.7 81.1 0.21 18.9
20 2384 1.55 25 35.4 80.1 0.22 19.9
21 2385 1.52 18 36.6 79.1 0.22 20.9
22 2386 1.50 20 38.0 78.1 0.23 21.9
23 2385 1.47 21 39.4 7.1 0.24 22.9
24 2385 1.45 21 40.8 76.1 0.25 23.9
25 2385 1.42 19 42.1 75.1 0.26 24.9

DR - Detection Rate; FPR - False Positive Rate
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Table 6.10: Sensitivity and specificity of QCancer-10+GWS models for CRC diagnosis
for males and females across the top 25 centiles of relative risk

. Population  Absolute 5-year Cases Cumulative % cases based on e ‘
Centile per centile risk threshold (%) per centile relative risk(sensitivity) Specificity DR (%) FPR (%)
Males

1 1960 4.08 36 1.9 99.0 0.02 1.0

2 1961 3.54 45 4.3 98.0 0.04 2.0

3 1961 3.26 47 6.8 97.0 0.07 3.0

4 1961 3.06 41 9.0 96.0 0.09 4.0

5 1961 2.90 33 10.7 95.1 0.10 4.9

6 1961 2.78 33 124 94.1 0.12 5.9

7 1961 2.68 33 14.1 93.1 0.14 6.9

8 1961 2.58 36 16.0 92.1 0.16 7.9

9 1961 2.50 38 18.0 91.1 0.17 8.9

10 1961 2.43 43 20.3 90.1 0.20 9.9
11 1961 2.37 30 21.9 89.1 0.21 10.9
12 1960 2.31 26 23.3 88.1 0.22 11.9
13 1961 2.26 23 24.5 87.1 0.24 12.9
14 1961 2.21 26 25.9 86.1 0.25 13.9
15 1961 2.16 23 27.1 85.1 0.26 14.9
16 1961 2.12 18 28.0 84.1 0.27 15.9
17 1961 2.08 36 29.9 83.1 0.29 16.9
18 1961 2.04 25 31.2 82.1 0.30 17.9
19 1961 2.01 25 32.5 81.1 0.31 18.9
20 1961 1.98 28 34.0 80.1 0.33 19.9
21 1961 1.94 25 35.3 79.1 0.34 20.9
22 1961 1.91 25 36.6 78.1 0.35 21.9
23 1960 1.89 26 38.0 77.1 0.37 22.9
24 1961 1.85 24 39.3 76.1 0.38 23.9
25 1961 1.83 21 40.4 75.2 0.39 24.8
Females

1 2383 2.63 19 1.3 99.0 0.01 1.0

2 2386 2.36 35 3.7 98.0 0.02 2.0

3 2384 2.23 22 5.2 97.0 0.03 3.0

4 2386 2.12 24 6.8 96.0 0.04 4.0

5 2385 2.02 20 8.2 95.0 0.05 5.0

6 2385 1.95 22 9.7 94.0 0.06 6.0

7 2384 1.89 19 11.0 93.0 0.07 7.0

8 2385 1.84 20 124 92.0 0.08 8.0

9 2385 1.79 17 13.6 91.0 0.08 9.0

10 2385 1.75 33 15.9 90.0 0.10 10.0
11 2386 1.72 26 17.7 89.0 0.11 11.0
12 2385 1.68 20 19.1 88.0 0.12 12.0
13 2385 1.65 18 20.3 87.0 0.12 13.0
14 2385 1.62 21 21.7 86.0 0.13 14.0
15 2385 1.60 25 23.4 85.1 0.14 14.9
16 2385 1.57 19 24.7 84.1 0.15 15.9
17 2385 1.55 22 26.2 83.1 0.16 16.9
18 2385 1.53 19 27.5 82.1 0.17 17.9
19 2385 1.51 32 29.7 81.1 0.18 18.9
20 2384 1.49 21 31.1 80.1 0.19 19.9
21 2386 1.47 21 32.5 79.1 0.20 20.9
22 2384 1.45 21 33.9 78.1 0.21 21.9
23 2386 1.43 17 35.1 7.1 0.22 22.9
24 2384 1.41 19 36.4 76.1 0.22 23.9
25 2386 1.40 13 37.3 75.1 0.23 24.9

DR - Detection Rate; FPR - False Positive Rate
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Table 6.11: Fold-increase in absolute risk compared to the 50th centile, for QCancer-
10+LDP, QCancer-10+GWS, and QCancer-10 models

Risk Centile QCancer-10+LDP  QCancer-10+GWS  QCancer-10

Males
99 5.30 4.49 3.06
95 3.49 3.14 2.37
80 2.02 1.93 1.71
Females
99 4.36 3.16 2.78
95 2.75 2.37 2.06
80 1.67 1.62 1.58

Table 6.12: 5-year absolute risk predicted by QCancer-10+LDP, QCancer-10+GWS,
and QCancer-10 models

Risk Centile QCancer-10+LDP  QCancer-10+GWS  QCancer-10

Males
99 2.75 2.46 1.90
95 1.81 1.72 1.47
80 1.05 1.06 1.07
Females
99 1.53 1.18 1.10
95 0.97 0.88 0.82
80 0.59 0.61 0.63

approximately 2.2-fold risk increase [486], are often offered enhanced colonoscopic
screening. Table 6.13 shows the proportion of the study population with RR > 2.2,

showing that the addition of PRS improves identification of these individuals.

6.5.3 Decision curve analysis

Decision curve analyses demonstrate that all models outperform the default strate-
gies across most relevant thresholds, and that the QCancer-LDP model has the
highest net benefit (NB) across most risk thresholds considered (Figure 6.11).
However, the NB is quite small. At a threshold probability of 0.5% (i.e. willing
to perform colonoscopy for 200 individuals to detect 1 cancer, or NNS of 200) the
NB for QCancer-10+LDP in men is 0.00701 true positives, or 0.7 net detected
cancers without unnecessary colonoscopies per 100 patients. At a threshold of
1% NB is 0.00429, or 0.4 true positives per 100 screened. In women, NB at
threshold probability of 0.5% is 0.00271 (0.2 true positives per 100 screened), and
at a threshold probability of 1% this was 0.00090, or 0.09 true positives per 100

228



6. Intergrated-risk-models

Table 6.13: Percentage of study population and CRC cases with relative risk >2.2 for
QCancer-10+LDP, QCancer-10+GWS, and QCancer-10 models

QCancer-10+LDP  QCancer-10+GWS QCancer-10

Males Females  Males Females Males Females

% population with RR > 2.2 18.2 7.2 14.2 3.2 4.1 1.2
% of individuals with RR > 2.2 without FDRCRC  75.9 69.6 70.8 44.8 29.4 30.3
% cases with RR > 2.2 34.0 16.5 26.3 6.0 4.9 1.6

RR - relative risk; FDRCRC - first-degree relative with colorectal cancer

screened. In comparison to these, the default strategy of colonoscopy for all has
a lower NB of 0.00620 in men and 0.00186 in women at a probability threshold
of 0.5%, and the NB is negative for both sexes at a threshold probability of 1%,

indicating that this strategy would be harmful.

The slightly lower net benefit than the default treat all strategy at the lowest
threshold probabilities (below 0.05% in men and 0.1% in women) represents
slight miscalibration of the model at this level, as do the curves falling below
no intervention at the very highest risk thresholds (Van Calster et al. [479] note
that models cannot be harmful, i.e. perform worse than the default strategy, unless

they are miscalibrated).

At a threshold probability of 1.0%, the difference in net benefit (ANB) for men
with the addition of the LDPred2 PRS is 0.00067, with a test trade-off of 1504. If we
are happy to accept doing PRS on 1504 people for one additional cancer detected,
then the added utility of the addition of PRS is worth the cost. In women, at a
threshold probability of 1.0% ANB was 0.00058, and test trade-off 1731. Values
at thresholds of 0.5% to 2% are presented in Table 6.14.

One may also look at the unnecessary interventions avoided to consider whether
the addition of PRS is worthwhile (Figure 6.11). At a threshold of 1%, using the
QCancer-10 model avoids approximately 24.2 colonoscopies per 100 men compared
to a colonoscopy for all strategy. The addition of the LDpred2 PRS results in 30.8
avoided procedures. Thus an additional 6.6 colonoscopies are saved per 100 men at
this threshold. Values for other thresholds are shown in Table 6.15. The additional
interventions avoided by adding the LDpred2 PRS, above using QQCancer-10 alone,

range from 3.1 to 6.6 in men and 0.9 to 5.7 in women, depending on threshold chosen.

229



6. Intergrated-risk-models

A B [
b \
\‘\ \
0.010 0.006 %,
\, Y
\ AY
X \
0.008 N \
NS \,
o Y, 4 0.004 Y
$ 0.006 X b N,
c c \
o] o] N,
@ . o N
0.004 S N
Ml 0.002 3,
RN s
0.002 T TN
0,000 ST EmaL 0.000 — e
0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 0.0 0.5 1.0 . 2.0 2.5
Threshold Probability (%) Threshold Probability (%)
C & D 4
el T
B =" 3 2=
260 T Su 60 =T
=] e oc T
>3 P > o T
o2 T © 5 s
w5 PAcae «n © s
c2 Rots ca Pt
2 o 7
SE 40 7 So 40 P
53 57 =1 7
— e R
> L S L
o 2 58 i
< g 20 S = 720 Z7
£ i kS s
e /
0 /
7 7
e L
7
04~ [ R —
0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 0.0 0.5 1.0 1.5 2.0 2.5

Figure 6.11:
follow-up

Threshold Probability (%) Threshold Probability (%)

QCancer-10 --- QCancer-10+GWS --- QCancer-10+LDP

Decision curve analysis and interventions saved, calculated at 8 years of

Table 6.14: Net benefit and test trade-off for QCancer-10+PRS and QCancer-10 models

Net Benefit
Threshold QCancer-10 QCancer-10 ANB with addition
Probability (%)  +LDP taws  QCancer-100 7 ey hp ppg Test trade-off
Males
0.5 0.00701 0.00695 0.00682 0.00020 5076
1.0 0.00429 0.00408 0.00362 0.00067 1503
1.5 0.00252 0.00224 0.00168 0.00084 1185
2.0 0.00137 0.00110 0.00075 0.00062 1604
Females
0.5 0.00271 0.00270 0.00253 0.00018 5493
1.0 0.00099 0.00079 0.00042 0.00058 1731
1.5 0.00037 0.00012 -0.00004 0.00041 2451
2.0 0.00013 0.00001 -0.00006 0.00019 5228

230



6. Intergrated-risk-models

Table 6.15: Unnecessary interventions avoided QCancer-10+PRS and QCancer-10
models

Interventions avoided

Threshold QCancer-10  QCancer-10 QCancer-10 A with addition
Probability (%) +LDP +GWS of LDP PRS
Males

0.5 16.2 14.9 12.3 3.9
1.0 30.8 28.7 24.2 6.6
1.5 42.1 40.2 36.5 5.5
2.0 50.9 49.5 47.8 3.1
Females
0.5 16.6 16.3 13.0 3.5
1.0 40.6 38.6 34.9 5.7
1.5 56.0 54.4 53.4 2.7
2.0 66.0 65.4 65.1 0.9

6.6 Discussion

In this chapter, I report the first risk models for colorectal cancer to incorporate
genome-wide PRS with non-genetic risk predictors. I demonstrate that integrating
PRS with the QCancer-10 non-genetic model modestly improves model perfor-
mance, and that genome-wide models developed using LDpred2 conferred the best
performance. Models combining non-genetic risk predictors with GWAS-significant
PRS have previously shown that these outperform either PRS or non-genetic risk
models used in isolation [215, 238]. The work presented here shows a step-wise
improvement on this with the use of genome-wide PRS in integrated models.

The sensitivities achieved with QCancer-104+PRS models exceeded those of
QCancer-10 alone, and of previously published evaluations of integrated models in
UKB [215]. For the top 20% at risk, sensitivity with QCancer-10+LDP is 47.6% for
men and 42.4% for women, very close to the sensitivity of faecal immunochemical
testing (FIT) currently in use in the BCSP (47.8% at a FIT threshold of 120ugm/g)
[487]. For the QCancer-10 model, the same sensitivity is reached by including
the top ~25% at risk.

In addition to this, decision curve analysis, in terms of both net benefit and
the number of unnecessary interventions avoided, showed that QCancer-10+LDP

was the superior model across a range of probability thresholds in both men and
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women. In simplistic terms, in decision curve analysis the model with the greatest

net benefit would be the model of choice.

However, for most metrics the improvements in performance are small. The
increase in C-statistic obtained by adding PRS to QCancer-10 is just 0.04 with
the addition of the LDpred2 model, though this is metric is well recognised as
difficult to increase, even if new predictors with large effect sizes are introduced
to a model [488]. The improvement seen in explained variation with QCancer-
10+LDP, of 7% for males and 8.5% for females, suggests that the QCancer-10+PRS
models better represent CRC risk.

Absolute risk, which is generally key to clinical decision making, is an important
consideration [489]. The differences in absolute risk identified by the models is
small, with a 0.15% difference in 5-year absolute risk in the top 5% risk threshold
between QCancer10+LDP and QCancer-10 for women, and a 0.3% difference for

men. Detection rates were also modestly improved with PRS.

Small incremental improvements in risk prediction afforded by the PRS may
not be worth the potential costs (in the broadest sense) of implementing PRS in
bowel cancer screening. Decision curve analysis can be useful in considering the
clinical utility of a risk-prediction model, particularly when complex modelling
and cost-effectiveness analysis is not possible. Test trade-off analysis showed that,
assuming a simple scenario of colonoscopy based screening, between ~1180 and
~5500 LDpred2 PRS tests (varying by preferred probability threshold and sex) would
need to be performed to identify one additional cancer over 8 years of follow-up.
These numbers may be considered too great to be worth implementing testing.
As an alternative measure, the number of colonoscopies saved by the addition of
LDpred2 PRS to QCancer-10 was between 0.9 and 6.6 per 100 screened individuals,
which may be considered too few.

The DCA analysis has limitations. Bowel cancer screening entails multiple
rounds of screening, with the PRS undertaken only at the first screening round
but providing benefit over successive rounds, and thus this is a fairly simplified

approximation. The difference in “costs” of implementing PRS above QCancer-10
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will also vary depending on implementation. QCancer-10 could be relatively easily
implemented using linked primary care data. Roll-out of PRS specifically for bowel
cancer screening would be quite costly, requiring significant changes to testing and
infrastructural change within the screening programme. If, however, PRS were to
become a standard part of national health records, as is the aim of initiatives in
the UK such as “Our Future Health” [490], this may ease utilisation and reduce
costs of a combined score. Full evaluation of the financial costs, environmental
impact, and effects on screening participation would need to be evaluated to assess

whether PRS-implementation is “worth it”.

Several other observations around the results presented in this chapter are
worthy of further discussion. With regard to QCancer-10, performance estimates on
external validation in my Integrated Modelling Cohort were in line with previous
external validation in the UKB cohort as a whole [491]. However, in both studies
model performance was considerably lower than the external validation performed
in the original QCancer-10 study, where the ROC and R? were 0.84 and 46.3% for
women, and 0.851 and 49.1% for men [182]. This is likely to be in a large part
due to the much narrower age range available in UKB, compared to the original
study which included 25-84 year olds. Age is a particularly strong predictor of CRC
risk, relative to other predictors in the model, and thus this will have an outsized
impact on model performance. In addition, the distribution of other predictors
are also narrower in UKB due to the healthy cohort effect [266]. Of note, an
alternative QCancer (Colorectal) score developed for symptomatic individuals using
the QResearch primary care dataset [492] maintained performance compared to
the derivation study on external validation in another primary care dataset [493].
Despite these observations, the narrower age range of UKB more closely reflects
that of bowel screening participants, and thus model performance here may be
more relevant for risk-stratified screening, though one might expect that these are
underestimates of likely model performance in a truly population-based cohort of

the same age due to the healthy cohort effect.
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The weak interaction between PRS and QCancer-10 scores in this analysis
indicate a smaller effect of QCancer-10 at higher PRS scores. This could indicate
that with a higher genetic predisposition, environmental exposures may have a lesser
impact on CRC risk. Prior studies have found limited evidence for gene-environment
interactions between individual lifestyle factors (such as smoking, alcohol, BMI,
dietary intake, and aspirin use) and genetic risk loci [494-496]. Other studies
have examined interaction between summative PRS and individual non-genetic risk
factors and found no evidence to support these [217, 223, 497]|. Further studies
have looked at the interaction between PRS and composite scores of environmental
exposures for CRC, with mixed results. Choi et al. [498] developed a “Healthy
lifestyle score” (HLS, incorporating BMI, waist-to-hip ratio, physical activity,
sedentary time, processed and red meat intake, vegetable and fruit intake, and
alcohol and tobacco exposures) and used a 95-variant PRS to evaluate relationships
between these and CRC risk in UKB. They categorised the HLS and PRS into 3
groups, and counter to my results found a greater RR reduction between higher
and lower HLS at higher levels of PRS, concluding that lifestyle changes might
be of greater benefit to those at high genetic risk. On the other hand, Carr et al.
[499] and Erben et al. [500] found no variation in the relative risk of a healthy
lifestyle score incorporating similar lifestyle exposures with genetic risk for CRC or
colorectal adenoma in the German population. Thus the evidence for interactions
between environmental and genetic risk scores appears to be contradictory, and
was not strongly supported in this study. Potential interactions ought to be

considered in future modelling work.

The poorer performance seen across all metrics in subgroup analysis by age,
compared to model performance overall, reflects the very strong effect of age on risk,
the impact of which is minimised when examined across a narrower age bracket.
Integrated models performed best in under 50 year olds (as did PRS, discussed in
Chapter 5). Genetic risk likely accounts for a greater proportion of an individual’s

risk at this age, relative to environmental and health exposures, many of which
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accrue over time. Poor calibration of models in older women could be due to the

healthy cohort effect, which may be more pronounced in older participants.

As noted for PRS, models for women performed less well than those for men.
The healthy volunteer bias seen in UKB is more pronounced in women. Fry et al.
[266] noted that the reduction in total cancer incidence and all-cause mortality in
UKB compared to the general population was larger in women than men. As noted
in Chapter 4 CRC case numbers for women also fell slightly short of sample size
requirements, and consequently the risk estimates for women presented here might
be less precise. Extension of this analysis with the updated follow-up duration now
available in UKB (see Section 4.7) would increase the power available and accuracy
of performance estimates for women. External validation of model performance

would be essential prior to implementation.

Models also performed less well in individuals from minority ethnic backgrounds.
The scope for my analysis here was limited by low numbers of incident cases in this
group (46 cases in men, 58 in women). As discussed in Chapter 5, demographic
differences in minority ethnic participants may have exacerbated this, including
a younger mean age contributing to lower incidence of CRC cases, and greater
missingness exacerbating under-representation in my Integrated Modelling Cohort.
Given the low case numbers, I restricted my evaluation to examination of E/O ratios
across 5-8 years follow-up, which showed that models were less well calibrated in
self-identified minority ethnic individuals, with E/O of 0.70 for QCancer-10+LDP,
and 0.83 for QCancer-10+GWS at 8 years in men, compared to 1.01 for QCancer-10
alone (and suggesting that the majority of this discrepancy arose from the PRS).
Interestingly in women of minority ethnicities, E/O worsened over extended follow-
up. For example, at 5 years follow-up, E/O was 0.65 for QCancer-10+LDP and
0.74 for Qcancer-10 alone; at 8 years follow-up these values were 0.49 and 0.56. The
reason for this is unclear, but should be interpreted with caution given the low case
numbers. In contrast, for both men and women of White ethnicity, E/O was ~1
at all periods of follow-up. A careful evaluation of integrated model performance

in minority ethnic screenees would be essential prior to implementation.
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Considerable overlap might be anticipated between family history and genetic
risk, which are modelled separately in this study. In addition to shared genetics,
family history incorporates shared environmental exposures which may not be
captured by other predictors in the model. Weigl et al. [501] evaluated the
relationship between family history and a 58-SNP PRS in over 2,400 individuals,
modelling family history and PRS both separately and jointly in logistic regression
models, with adjustment for a number of confounders. PRS and family history were
essentially independent predictors, with joint modelling improving risk prediction
compared to either predictor alone. Jenkins et al. [502] also found PRS and family
history to be uncorrelated in a population-based case control study using a PRS
of 45 SNPs. They modelled the potential differences in screening age onset based
on PRS and family history, assuming screening at a threshold of 0.3% five year
risk. For those without a positive family history, screening began 4 years earlier
for women and 5 years earlier for men in those in the highest quintile of PRS risk.
With two first-degree relatives with CRC, individuals additionally in the highest
PRS quintile would begin screening 16 years earlier. Thus the inclusion of both
family history and PRS in the integrated models appears reasonable. Coding of
family history in this modelling is quite crude - in QCancer-10 development it is
a binary yes/no query, and in UKB only first degree relatives were queried. In a
high risk CRC clinic, a more refined assessment of family history is used to assess
risk. Zheng et al. [503] have recently shown improved discrimination of risk with
a more complex assessment of family history, a ‘family risk profile’ (incorporating
detailed family history including relationships and age at diagnosis, probability
of carrying mutations in MMR and MUTYH genes, and a modelled polygenic
component), compared to binary assessment of history in a first degree relative.
The data capture for this is considerably more complex, and would be harder to
implement in a population screening programme. Family history appears to have
a stronger effect on CRC risk at younger ages [182, 504], which is incorporated

into the QCancer-10 score as an interaction term.
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A further limitation of my UKB modelling work is the lack of assessment
of advanced adenoma as an outcome. This was restricted by the lack of detail
on adenoma diagnosis and pathology available in UKB. Prediction of advanced
adenoma is highly relevant to improving bowel cancer screening - as previously
noted, part of the benefit of which is derived from removing pre-cancerous lesions.
Increasing polygenic risk scores have previously been shown to be associated
with increasing advanced adenoma prevalence, but not of increased non-advanced
adenoma prevalence [505]. Another study found PRS to be associated with
adenomatous polyp diagnosis at screening colonoscopy, though when evaluating
advanced adenomas they did not find a significant association, likely due to lack of
power [506]. In addition FIT is not as sensitive in predicting advanced adenoma
as it is in predicting CRC, and in implementing a risk score alongside FIT, it
is possible that the incremental benefit of risk stratification might be greater for
advanced adenoma. In the future, UKB plans to link to Bowel Cancer Screening

Data, which would be a valuable resource in exploring this further.

The modelling work presented here and in Chapter 5 also does not take into
account participation in bowel cancer screening (though prior diagnosis of polyps
is included in the QCancer-10 score), which is an important predictor of future
bowel cancer risk in those of screening age. Participation in bowel screening prior
to enrolment in UKB would reduce the likelihood of CRC in individuals with
higher risk. Guo et al. [507] found that there was a reduction in AUROC for PRS
predicting CRC risk in those who had previously participated in colonoscopy based
screening (AUROC 0.568 compared to 0.622 in non-screenees). The impact on
this study is likely to be less marked as UKB participants would have undergone
FOBT-based screening (with FOBT less sensitive for adenomas), but this could
impact on performance estimates to a degree. However this effect would have been
the same for all risk models. Were I to conduct this study again I would evaluate
the impact of participation in bowel screening in a sensitivity analysis, and inclusion
of screening participation would also be important for longitudinal risk estimates

throughout the duration of an individual’s screening eligibility.
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A further approach which I would have considered had time allowed is competing
risks analysis, which incorporates consideration of the chance that non-CRC
related death may occur prior to a CRC diagnosis into modelling [508]. This
is particularly relevant in an ageing population, and in an age-related condition such
as CRC. Competing risks can result in over-prediction of risk in Cox proportional

hazards models.

The risk scores developed here predict that ~10% of individuals aged ~40-70
have sufficiently high relative risks of CRC to justify enhanced screening, based
on current British Society for Gastroenterology guidelines for those with higher
familial risk [65]. These guidelines recommend increased surveillance for individuals
with “moderate risk” familial history, which is expected to confer relative risk of
2-6-fold above the general population. In the context of a family history of CRC,
an individual is considered at moderate risk with one first degree relative (FDR)
with CRC below 50 years of age, or two FDRs in first degree kinship with CRC at
any age, of whom the individual must be a FDR of at least one. Individuals with
moderate familial risk are recommended to undergo one-off colonoscopy at the age
of 55, with subsequent follow-up determined by post-polypectomy guidance. This
age recommendation is guided by the observation in cohort studies that individuals
with family history of CRC have very little increase in adenoma rates prior to 50
years of age [509, 510]. The authors note that with the increasing incidence of

young-onset CRC, the age recommendations may need to be reviewed.

Of the individuals identified in this study as having a level of risk which would
justify enhanced screening, ~70% (using the QCancer-10+LDP model) did not have
a family history of CRC, and thus would not be identified through high risk clinics.
This suggests that screening as it currently stands is insufficient for a relatively
large number of individuals. Indeed, given that it is those with very high risk
in whom the addition of PRS is beneficial (as evidenced by the large increase in
risk discerned in those above the 90th centile of risk with the additional of LDP
described in Section 6.5.2), a large part of the utility of PRS may be in identifying

those at highest risk for enhanced screening in some form.
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Overall, the results presented in this chapter demonstrate that whilst the addition
of PRS to QCancer-10 does improve performance, the impact of this is modest at
best. I would postulate that in the general population, the relative added benefit of
PRS to QCancer-10 may be even smaller, as QCancer-10 itself is likely to perform
better outside of the “healthy population” of UKB, giving a higher “baseline”. The
results presented here suggest that integrated models might have a higher chance
of exacerbating inequalities, due to poorer performance in minority ethnic groups,

and in women compared to men. I discussion this issue further in the final chapter.
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My thesis explores genetic risk for colorectal cancer, and the potential of polygenic
risk scores to improve prediction of colorectal cancer. At present, prevention
and early diagnosis is a key healthcare focus in England [58], and refined risk
prediction has been heralded by many as playing a significant role. In Professor
Sir Mike Richards’ Independent Review of Screening in 2019 (commissioned by
NHS England in November 2018 following serious incidents in breast and cervical
screening) he emphasised the increasing importance of targeted screening over the
next decade, anticipating implementation of PRS and other stratifying tests, which
would become more feasible and affordable [154]. Politically this has been an area
of intense interest, with the Genome UK report highlighting the use of genomics in
stratified prevention as a key focus [511]. In addition, commercially a number of
companies have been quick to cash-in on this aspect of the “genomics revolution”,
at times with relatively limited test validation (leading to 23andMe being forced
to withdraw its initial health testing by the FDA [512]).

In this final chapter, I will briefly summarise the results presented in this thesis,
and then explore some of the wider narrative around risk prediction and polygenic

risk scores. Finally, I will consider future directions of research in this field.

I began in Chapter 3 with a search for new CRC risk loci. My GWAS
demonstrated a high type 1 error rate, and my investigation of this highlighted some
fundamental issues with GWAS, including the identification of an appropriate control
set, and approaches to imputation. The GWAS meta-analysis identified 31 new loci
for CRC, 8 new SNPs at previously identified loci, and validated 9 SNPs previously
reported in Asian populations. This work provided evidence, alongside functional

investigation, of genes and pathways of particular relevance for future study of
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CRC pathogenesis. In my linkage analysis, I identified several new possible loci and
candidate genes, the most interesting of which was a missense variant in GFI1. 1
replicated previously identified linkage loci at 4q13.1 and 1123, where I identified a
3’-UTR for C2CD2L and an intronic variant in MCAM. Two identified loci (3q26.2
and 5p15.33) replicated GWAS loci, and at the former I found a 3-UTR variant
of EIF5A2. All of these genes could plausibly be involved in CRC pathogenesis
based on function and previous studies. Notably, none of the linkage peaks reached

nominal significance, likely due to the size of the families included in the analysis.

In Chapter 4, I described the UKB dataset. In the context of CRC in UKB I
found, as expected, evidence of a healthy cohort bias. The lower CRC incidence
noted in UKB means that the prediction models developed within it, including those
developed in subsequent chapters here, would need recalibrating for the general
population. The small numbers of minority ethnic participants in UKB also had
implications for my research and highlights the need for more diverse recruitment
into these high value, high definition datasets. The consequent low numbers of
CRC cases precluded thorough evaluation of my combined risk models in minority

groups, an issue which I shall explore in more detail later in this discussion.

In Chapter 5 I developed and evaluated a number of different PRS for CRC.
In excluding the UKB GWAS from my base dataset, I avoided bias often evident
in PRS studies as a result of overlap between the base and modelling datasets.
Genome-wide models developed using LDpred2 performed best, with the sparse
model containing ~600k SNPs performing as well as the non-sparse model with
~1.2million. All PRS performed less well in women compared to men, and were
poor predictors of risk in minority ethnic participants. Models underpredicted risk
in individuals with a family history of CRC, emphasising the need to evaluate
family history in addition to PRS (and I would argue, by extension, screen for

Mendelian variants in a population setting).

In Chapter 6 I present novel research which developed risk prediction models
integrating genome-wide PRS with phenotypic risk scores. Integrated models

outperformed QCancer-10 alone across all metrics, with genome-wide PRS giving
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greatest improvement. However the absolute improvements in performance were
relatively small, and decision curve analysis showed only modest improvements with
PRS. Some discrepancies in subgroup performance remained: though the analysis
was by necessity simple, QCancer-10 was well calibrated for male minority ethnic
participants but this was worsened considerably with the addition of PRS. All
models performed less well in women (though these results should be interpreted
with caution as the analysis is slightly underpowered); this may be in part due
to the characteristics of UKB, with a more pronounced healthy volunteer bias in
women. In contrast to PRS alone, QCancer-10+PRS models were well calibrated
in men with a family history of CRC; in women, however, all models continued to
under-predict risk. Overall, the small benefits in predictive performance gained by
adding PRS may not currently justify their implementation, particularly given these
desparities in performance, and the relative ease of implementation of QQCancer-10.

The recently convened Polygenic Risk Score Task Force (part of the International
Common Disease Alliance), advocate for “responsible use” of PRS, which they
define as “use of a PRS where there are clear benefits that outweigh risks, and
where effort is taken towards a goal of equitable benefit for all” [513]. Whether
PRS might be used “responsibly” in bowel cancer screening, now or in future,
and areas for further development of risk-stratified bowel screening, will be the

subject of the rest of this discussion.

Implementation of risk-stratified screening

In terms of the options for implementing risk-stratified cancer screening, a number
of approaches are possible. Depending on risk, one might begin screening earlier,
modify screening intervals, or change modality (for example colonoscopy instead of
FIT). As an example, the recommended 10-yearly colonoscopic screening interval
could potentially be extended for individuals with low PRS risk following negative
colonoscopies [514]. In the case of FIT-based screening, one could also change
the positivity threshold. Evidence suggests that reducing screening for low-risk

groups may not be socially acceptable [515, 516]. The optimal approach, and risk
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thresholds, may vary in different populations and healthcare systems, depending for

example on current screening modality, disease prevalence, acceptability, and cost.

Sampling and genotyping might be performed once for a specific purpose (for
example for bowel screening at the first screening round), or as part of a multi-PRS
test, potentially retaining the sample and/or data over many years for repeated
use. The timing of risk assessment would vary depending on approach. Given
the steadily increasing rates of early onset CRC, and the seemingly stronger effect
of PRS and family history at younger ages, it is potentially in improving cancer
prevention for younger age groups that PRS would have the greatest benefit.
Although the absolute risk of CRC in under 50’s is low (UK incidence rates are
22 cases per 100,000 women and 24 cases per 100,000 men aged 45-49, compared
to 119 and 198 per 100,000 women and men in 65-69 year olds [517]), some
screening recommendations now advise screening under 50’s (The US Preventive
Services Task Force 2021 recommendations suggest screening is offered from 45 years
[30]). Microsimulation modelling from the Cancer Intervention and Surveillance
Modelling Network (CISNET) demonstrated that compared to screening from 50,
screening from 40 could moderately increase life-years gained and reduce CRC
cases and mortality [518]. Notably, as population risk factors and disease incidence
changes over time, any implemented model would need to be regularly updated and
recalibrated. If screening for high and moderate penetrance cancer susceptibility
genes were also incorporated, testing as early as 20-30 might be needed to maximise
opportunities for cancer prevention and risk reduction [519]. Some have advocated
introducing genotyping into the Newborn Screening Programme, but this would
potentially have significant ethical and legal ramifications [520].

Projects such as the 100,000 Genomes project in the UK are evaluating the
governance and data infrastructure required for population-scale genomic testing
[79]. Significant infrastructural change will be needed within screening programmes
to implement risk-stratified screening, including urgent updating of outdated IT
systems (already being overseen by the NHS digital transformation directorate,

NHSX), facilitating more data-driven screening pathways. The optimal approach to
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risk-stratified screening needs to be carefully considered, both in terms of logistical
feasibility, cost-effectiveness, and acceptability. However, a strong argument for
the use of QCancer-10 above PRS-based methods is the potential to use linked
primary care data to calculate an individuals’ risk score, rather than requiring
extra testing. This places less burden on screening participants, which would

likely reduce impacts on uptake.

Clinical trials are needed to evaluate the feasibility of risk prediction models
within the UK healthcare system, and assess whether these models have clinical
utility, for which they must address an unmet need and improve on current
pathways [521]. Richards [154] noted that although the NHS and national screening
programmes put UK researchers at the forefront of screening research, screening
processes, data infrastructure, and difficulties in accessing this data, have historically
hindered these efforts considerably. Concerted effort is now being made to change
this [159]. Several trials have evaluated whether adding non-genetic risk predictors
to FIT might improve population screening, as discussed in Section 1.4.1. Results
are awaited for a randomised trial of non-genetic risk-based screening compared

to standard FIT screening in 23,000 Dutch screening participants [522].

There are, to my knowledge, no current trials evaluating PRS-based stratification
in bowel cancer. However, in prostate cancer, the BARCODE-1 study is enrolling
5,000 men to evaluate a community based screening programme, in which men
aged 55-69 (of European ancestry) are invited to provide a saliva sample for PRS
calculation, with those in the top 10% of risk invited for MRI and biopsy. The
pilot feasibility study demonstrated uptake of just 26%, 17 of 25 men at high risk
invited for MRI underwent the procedure, and the 7 cancers detected were all
low risk [523]. Though a pilot, this reinforces a number of potential issues with
PRS approaches, including restriction to Europeans, the identification of indolent
disease, and poor uptake. In breast cancer, myPeBS randomised screening trial is
recruiting 85,000 women from Belgium, France, Italy, Spain, the UK, and Israel,

to compare risk stratification based on the MammoRisk® tool, incorporating PRS
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and other risk factors [524]. The WISDOM trial is also evaluating risk-informed

breast screening compared to standard of care [525].

Effective risk communication is also essential, particularly at the scale of
population screening, and the standardisation of this process with clear guidelines
would be beneficial [513]. The difficulties of this were clearly demonstrated by MP
Matt Hancock’s public pronouncement that PRS testing had “saved my life”, and
his commitment to undertake (unevidenced) prostate cancer screening based on
his predicted 15% lifetime risk of prostate cancer - fractionally higher than the
average [526]. Discussion is needed of both the estimated level of risk, and the
uncertainty around these estimates [513, 527]. The optimal approach to accessible
and culturally appropriate risk explanation is an area of current research. Whilst
some would advocate for expert support, others, particularly in the context of the
profusion of direct-to-consumer testing, feel this is unnecessary [528]. Adequate
training of healthcare professionals will be required to understand the implications
of PRS-based risk stratification - efforts are already underway to improve this

for cancer susceptibility genes, for example through the CanGene-CanVar project

[529], and could be extended for PRS.

Evaluating risk-stratified screening

The oversight of screening programmes in the UK is currently undergoing significant
change. Following Professor Sir Mike Richards’ 2019 recommendations, the National
Screening Committee (NSC) now has oversight of population, targeted, and risk-
stratified screening approaches (targeted screening previously having been under
the remit of the National Institute for Health and Care Excellence (NICE)). The
new NSC remit states that they will ensure that screening recommendations are
embedded in a robust ethical framework and reduce inequalities [159].

Though there are parallels with monogenic testing, the ethical, legal and social
implications (ELSI) that PRS raise pose additional challenges, which will vary
depending on the approach taken to testing. Monogenic testing is a diagnostic test,

whilst PRS are prognostic. Adding PRS to population screening expands screenings
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remit from cancer prevention and early diagnosis to include prognostication, which
has wider implications for personal health [519]. The implications for family
members of an individual with high polygenic risk are unclear, but lower than for
a monogenic condition, and will vary by trait [520, 528]. Where PRS are used in
combination with non-genetic risk predictors to define risk then the implications

for family (who may share some environmental exposures) are even less clear.

The ethical implications of PRS-based screening (and of any personalised
screening) can be considered according to the four principles of medical ethics:
autonomy, beneficence, non-maleficence, and justice. Upholding individual au-
tonomy is commonly felt to be supported through informed consent or decision
making. There is an argument that more refined risk information may improve this
- “empowerment” is a concept often used when discussing genetic information and
autonomy [528]. Upholding autonomy might also require screening participants

to be able to opt-out of knowing their risk [520].

Another commonly cited motivation for PRS use is that risk information could
stimulate behaviour change, facilitating primary prevention. The evidence for this
in the context of PRS limited. A literature review in 2016 (including 18 studies)
suggested there was little evidence to support this, though study quality was
generally low [530]. A later meta-analysis of direct-to-consumer testing indicated
some positive effect on behaviours [531]. The evidence is probably strongest
for cardiovascular disease, where disclosure of PRS based risk led to increased
information seeking and positive health behaviours [513]. PRS could also be used

to select individuals for chemoprevention, such as regular aspirin to lower CRC risk.

Purported harms of population genetic testing include anxiety and stress. Whilst
research looking at delivering monogenic risk information to individuals generally
shows little evidence of negative psychosocial impact [528, 530, 532], a few studies
do point to harm [513]. PRS generally deal with more common traits, though for
those at the extreme of the risk distribution, risk may be equivalent to monogenic

conditions. In the context of risk-stratified screening more broadly, given the amount
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of data held by or transferred to screening programmes, legal and ethical issues

of data storage and confidentiality need to be considered.

A further potential harm of risk-stratified screening is the risk of over-diagnosis
- a greater issue in some other cancer types, particularly prostate and breast, than
necessarily in colorectal cancer. This is an issue particularly where risk is used to
identify who to screen, rather than modulating screening modality or age range
[533]. Many risk prediction models proposed for use in screening programmes have
been developed to predict incident cancers, rather than cancer mortality, and so
will over-represent more indolent cancers unless the PRS also predicts mortality
[533]. Studies in prostate cancer demonstrated that addition of PRS to PSA did
not improve risk stratification for lethal prostate cancer [534].

The potential for genetic discrimination is also commonly raised in relation to
genetic testing. This led to the Genetic Information Non-discrimination Act (GINA)
in the USA in 2008, which protects against discrimination for health and employment,
but does not cover other forms of insurance, including life insurance. In the UK, the
open-ended Code on Genetic Testing and Insurance protects individuals’ predictive
genetic test result from affecting their insurance [535], though in risk-stratified

screening, the screening pathway could feasibly be used by insurers as a proxy [520].

A key issue in PRS implementation is of poor risk prediction, and thus inequality
in care provision, across demographic groups within the population (that is,
distributive justice). Most GWAS to date have been performed in populations of
European ancestry, with identification of SNPs and effect sizes that do not necessarily
transfer to other populations. Martin et al. [474] explored the transferability of eight
PRS constructed from published GWAS summary statistics to underrepresented
populations. They found discrepancies in the direction of effects for all of the scores
in new populations, and showed that genetic drift biases scores from European

GWAS when used in other populations. The direction of bias was unpredictable.

Thus, the Eurocentric bias in GWAS inevitably leads to poor performance
when used in other population of non-European ancestries. These populations

are also under-represented in large datasets such as UKB, which further impedes
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development and assessment of PRS in diverse populations. Minority populations
already have higher CRC mortality and lower uptake of screening [445, 536, 537,
although there have been some improvements in these discrepancies in recent years.
Implementation of PRS in their current form has the potential to exacerbate current
inequalities in healthcare, as individuals of European descent, already the most
privileged in global healthcare, will derive greatest benefit [538]. The Inverse Equity
Hypothesis shows that when new interventions are implemented, inequality tends
to widen [539]. Access to genomic testing in cancer treatment is poorer for Black
and Hispanic populations, and new technologies tend to reach socioeconomically
poorer communities later [540]. A multitude of barriers to access for underprivileged
groups means that PRS use is more likely to benefit wealthier white populations,

both within and between countries.

Of note, the under-representation of non-white groups is pervasive not only in
GWAS datasets and PRS studies, but in vast swathes of genetic research (and
indeed medical research more broadly). The current Human Reference Genome
is also based on individuals of European ancestry, and indeed is largely based on
the sequence of one individual. Efforts are underway to improve representation
here - for example the Human Pangenome Project aims to develop a reference

panel representative of diverse populations [541].

Options for dealing with these discrepancies in PRS performance in the near
term, if PRS were felt to have clinical utility in European populations, could include
implementing them only in ancestrally European populations, implementing for all
but with caveats given to the results in non-European groups, or choosing not to
implement them at all given the risk of widening the health gap. None of these
options seems to be ideal in the context of population screening, but the choice
needs to be informed by the views of those adversely affected [528].

A further relatively unexplored issue is the poorer predictive performance of
PRS in women, noted in my own study and in others. Possible genetic explanations
for this included differing genetic architecture of traits by sex, sex-chromosome

effects, and gene-environment interactions [542]. Generally, SNP-based studies
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support sex-linked variability in heritability for only a limited number of phenotypes
[543]. There do not appear to be differences in frequency of common alleles between
sexes [544], but effect size could differ by sex, with differing loci contributing to
the same total heritability [542, 545]. GWAS studies are often sex-agnostic (and
were underpowered for sex-specific analysis), however with increased sample size

sex-stratified GWAS, and sex-specific PRS, might help to improve on this.

An increasingly highlighted and important additional ethical consideration
is the potential impact of our current healthcare choices on the environment.
In the UK, healthcare contributes to 4% of greenhouse gas emissions (10% in
the USA) and the NHS has committed to reaching NetZero by 2045 [47, 546].
Current healthcare emissions contribute to global heating which is already affecting
population health, disproportionately in countries which already have relatively
poor access to healthcare. Whilst this results in intra-generational injustice,
environmental impacts will inevitably affect the health of future generations, leading

to concerns around inter-generational justice.

Future research directions

Considerable resources have recently been allocated to evaluating PRS-driven
healthcare. The UK Research Innovation (UKRI) Industrial Strategy Challenge
Fund (ISCF) has invested £79 million (with further funding from industrial partners)
in a programme to accelerate disease detection, led by the new “Our Future Health”
research organisation. Up to 5 million individuals will donate biological samples,
and permit linking of health-related data, with one of their explicit aims to “improve
risk prediction, early detection and early intervention”. The study will use genetic
data and other health information to calculate risk scores for a range of diseases
and evaluate how these risk scores might be put into practice. There is no clear
standardisation currently as to how risk scores should be reported or interpreted by
clinicians. Studies such as Our Future Health and the eMERGE network in the US

will contribute to this, and to evaluating broader ELSI considerations [490, 547].
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We have likely reached the ceiling of European GWAS sample size, the latest
GWAS representing the combination of most internationally available datasets for
colorectal cancer, and so the power to detect new variants or improve on effect size
estimation is limited [232, 489]. Within PRS research, expansion of GWAS to under-

represented populations will likely provide the next step-change in PRS performance.

Sharing of ancestry-specific GWAS summary statistics will help with this,
as will the development of new multi-ancestry methodologies [513]. Expanding
datasets and studies in non-white populations, for example through the work of the
H3Africa consortium, will improve the power of risk prediction in under-represented
populations [548]. PRS-CSx, a multi-ancestry extension of Bayesian PRS software
PRS-CS, improves prediction across diverse populations, though the extent of
this improvement varies across traits, and considerable performance gap persists
between European and non-European populations [549]. Incorporating functionally-
informed fine mapping also improved trait prediction across different populations
[550]. Improving prediction in recently admixed populations, for whom appropriate
LD reference panels are generally unavailable, also remains a challenge [551].

Both Our Future Health and eMERGE initiatives have committed to diversifying
PRS, as did the UK government in the broader context of genomics its Genome UK
report [511]. Our Future Health state that their resource will be “truly representative”
of the UK population, ensuring inclusion of minority ethnic groups and individuals
with low incomes. Notably, as evidenced in my own research, absolute numbers
(rather than representative proportions) of minority groups are needed to permit
well-powered studies within these groups, especially for lower incidence conditions.

Although the Our Future Health dataset will be ten times the size of UKB, efforts
must be made to ensure that the resource serves these communities sufficiently.
Beyond this, the sex-based differences in model performance discussed above
also need to be explored, though this disparity is notably far smaller than for
non-European populations. We need to ensure that PRS-based models perform
well across diverse populations, and to minimise the potential to exacerbate

existing inequalities.
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There are many risk-prediction models for CRC, heterogeneous in design and,
given the varied approaches taken to bowel screening internationally, also in context
[552]. Relatively few of these have been externally validated, and this, rather than
development of more models, should be a priority. However, there are several areas of
potential additional interest. Additional biomarkers, such as the faecal microbiome,
may further improve risk prediction in cancer screening [553]. Expansion of models
to integrate longitudinal screening data such as prior FIT results, or adenoma

detection in prior screening rounds, is likely to also improve predictive performance.

With increasingly large datasets, there is inevitable interest in “big data” machine
learning approaches to risk prediction. Particular benefits of these approaches are
the greater ability to analyse and model non-linear effects. Critics of machine
learning note that these approaches are opaque, resource intensive, and dependent
on the quality of the data training the models. A recent review of supervised
machine learning prediction models across healthcare found them to be generally
of poor quality and at high risk of bias [554]. Thomas et al. [228] used machine
learning approaches (elastic net, ridge, and lasso penalized regression, and gradient
boosted decision trees) to train PRS for colorectal cancer and found them inferior
to LDpred. Min et al. [555] found no difference in the performance of deep neural

networks compared to logistic regression models for CRC risk on external validation.

The National Screening Committee notes that a screening test,

“should be a simple test that has evidence of suitable accuracy and
technical performance derived from studies in the population in which
the test is being used.”

There is a need now to focus on more extensive evaluation of risk stratification
in clinical practice with prospective trials and, in the context of cancer screening,
of evaluating the impact on cancer mortality and quality of life, rather than test

metrics such as detection rates.

Risk-stratified approaches to screening must also be shown to be cost-effective,
and this is to date relatively understudied. In a recent systematic review of the

literature on the cost-effectiveness of PRS-based population cancer screening, just
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three studies of CRC screening were identified, and only ten studies were found

across all cancer types [556].

The three bowel screening studies do not support PRS as a cost-effective approach.
One study was undertaken in the context of the English BCSP [557]. This compared
biennial FIT beginning at an age determined by risk stratification at 40 years
of age, with biennial FIT at a standard age for all, using an individual patient
microsimulation model, Microsimulation Model in Cancer of the Bowel (MiMiC-
Bowel). They modelled participants from 30 years old with a lifetime horizon, in
the context of NHS care. Notably, they did not assign costs to the use of the PRS,
and instead undertook a justifiable costs analysis. They compared several risk

prediction models, the best of which had an AUROC of 0.72.

Using a FIT threshold of 120 ug/g, and screening from 60 years of age, they
found that risk-based screening would produce 418 QALYs, and save 218 cancer
cases, and 156 cancer deaths, at a cost of £247,000 per 100,000 individuals with
a similar number of FIT invitees. They estimated the net monetary benefit of
this approach to be £8.1 million per 100,000 individuals. Up to £114 could be
spent per person and still be cost effective. Lower benefit was obtained when
comparing to FIT from 50 years of age, with net monetary benefit of £2-£46, and
justifiable costs of £4-£65. The risk stratified approaches also had lesser benefit

for women, as observed in my own study.

Neither of the other bowel screening studies found risk stratified approaches
to be cost-effective, compared to colonoscopy based screening in the US (based
on a PRS with an AUROC of 0.6, and price per PRS of $200) [558], or annual
FIT (assuming costs of $240 for risk determination) [559].

There are a number of limitations to the cost-effectiveness analyses published
to date [556]. The modelled performance of PRS are derived from cohort studies
and do not reflect performance in a screening population. No paper described
how the genetic data would be ascertained at scale, or how services might need to
be redesigned to accommodate implementation. Costing of the PRS process was

basic in all studies, nor did they conduct any sensitivity analyses around different
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ways of modelling the PRS. No paper considered differing performance of PRS
by ancestry, assuming instead that the European-based PRS used would apply to
the whole population with equal efficacy; cost-effectiveness is highly likely to vary

between individuals and populations as a result of this.

Beyond evaluating cost-effectiveness, it is likely over the coming decade that
assessments of the environmental impact of new tests and pathways will be required
prior to implementation, in line with NHS and government commitments to reduce
carbon emissions [47]. It would seem logical that a PRS-based approach would have
a higher footprint than using non-genetic data, but this could potentially be balanced
by carbon savings of fewer colonoscopies, or more cancers prevented, when the whole
screening pathway is considered. Carbon footprinting of healthcare, evaluation
of broader effects such as water use and biodiversity impact, and explorations of
the ways in which environmental harms are weighed against health, economic, and

social harms and benefits, will be an important area of future research.

Conclusion

My thesis demonstrates that whilst PRS may give an incremental improvement in
risk prediction over non-genetic risk models, these gains are small. At present, the
significant ethical, social, and logistical implications of implementing PRS-based
stratified screening almost certainly outweigh these benefits. This may change
as issues such as increasing diversity are addressed (though this is likely to take
some time), as the use of our genetic data becomes more widely employed in
healthcare, and as costs reduce further.

Risk-stratification in some form is likely to have a role in cancer screening
in the near future, though historically the speed of change within UK screening
programmes has been slow. Although faecal immunochemical testing was proposed
for consideration by the UK NSC in 2003, it was not recommended by NSC
until 2013, and finally implemented in England in 2019. Commitments have
recently been made to improve horizon-scanning and research links within screening

programmes which will accelerate progress [159]. It remains to be seen whether
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the evidence-based cautions against PRS implementation are sufficient to stall
their implementation, given the enthusiasm and commitment to genomics already

expressed by politicians and policymakers.
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SNPs inclusion list for 97-SNP PRS

Table A.1: SNPs included in 97-SNP PRS modelling from the normal distribution,
described in Chapter 5

Locus rsID Risk Allele RAF OR Corrected OR

1p32.3 rs12143541 0.153 1.10 1.098559
1925.3 rs4546885 0.591 1.09 1.087321
1p34.3 rs61776719 0.445 1.07 1.068527
1q41 rs6658977 0.369 1.08 1.077774
1p36.12  rs72647484 0.908 1.13 1.127217
2ql1.2 rs11692435 0.901 1.12 1.118929
2q33.1 rs11893063 0.467 1.07 1.069339
2935 rs13020391 0.630 1.09 1.087549
2q24.2 rsd48513 0.334 1.05 1.049724
2q33.1 157593422 0.547 1.07 1.068319
3q22.2 rs10049390 0.739 1.06 1.059638
3ql13.2 1512635946 0.623 1.08 1.077770
3q26.2 1535446936 0.757 1.07 1.069513
3p22.1 rs35470271 0.156 1.09 1.088715
3p21.1 rs9831861 0.588 1.07 1.068735
4q24 rs17035289 0.830 1.10 1.097994
4931.21  1s75686861 0.095 1.12 1.118373
o5pl13.1 rs1445011 0.284 1.11 1.106041
o5pl5.33  rs2735940 0.502 1.16 1.156871
5q31.1 15639933 0.381 1.07 1.069238
opl5.33  rsT7776598 0.063 1.16 1.156871
6p21.2 rs1321310 0.238 1.09 1.087951
6p21.31  rs16878812 0.887 1.11 1.108467
6p24.1 rs2070699 0.475 1.07 1.069130
6p21.33  rs3131043 0.431 1.07 1.069558
6pl12.1 rs62404966 0.755 1.08 1.078983
6921 156928864 0.909 1.13 1.128883
6p21.1 rs6933790 0.830 1.10 1.098513
6p21.32  1s9271770 0.807 1.08 1.079526
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A. SNPs inclusion list for 97-SNP PRS

Table A.1l: SNPs included in 97-SNP PRS modelling from the normal distribution,
described in Chapter 5 (continued)

Locus rsID Risk Allele RAF OR Corrected OR
7p12.3 rs10951878 C 0.485 1.06 1.059457
7pl3 rs12672022 T 0.831 1.07 1.069604

7pl2.3 rs3801081
8q23.3 1516892766
8q24.21  rs6983267
9q31.3 rs10980628
9p21.3 rs1412834
9q22.33 rs34405347
10g25.2  rs12255141
10g24.2  rs2193352
10g22.3 rs704017
10p14 rs7894531
11g22.1  rs2186607
11923.1 rs3087967
11q13.4  rs3824999
11q12.2  rs4246215
11p15.4  1rs4450168
11q13.4  1rs4944940
11q13.4  rs57796856
12p13.31  rs10849438
12q13.12  rs11169572
12p13.32  1rs12818766
12p13.32  rs3217810
12g24.12  rsb97808
12q24.21 1rs7315438
12q13.3  rs7398375
13q13.3  rs12427600
13922.3  rs1330889
13922.1  rs45597035
13q34 rs7993934
13q13.2  1rs9537521
14q22.2  rs1570405
14923.1  rs17094983
14922.2  rs35107139
14q22.2 rs4444235
15923 rs10152518
15q13.3  rs16959063
15q13.3  rs16969681
15q13.3  rs17816465
15q22.31 rs4776316
15922.33  rs56324967
15q13.3  rs73376930
15926.1  rs7495132
16g24.1  rs2696839
16923.2  rs61336918
16g24.1  rs899244
16922.1  1rs9939049
17p12 rs1078643
17p13.3  rs73975588
17925.3  rs75954926

0.675 1.08 1.077833
0.089 1.26 1.253448
0.529 1.11 1.108225
0.212 1.07 1.069752
0.498 1.08 1.077768
0.908 1.09 1.089747
0.102 1.11 1.107922
0.194 1.11 1.106575
0.596 1.10 1.096633
0.686 1.13 1.126435
0.511 1.05 1.049927
0.300 1.15 1.146394
0.508 1.28 1.270318
0.641 1.06 1.059647
0.172 1.10 1.099187
0.960 1.28 1.270318
0.505 1.09 1.087253
0.122 1.12 1.116986
0.404 1.09 1.087524
0.180 1.10 1.098255
0.137 1.10 1.098255
0.522  1.09 1.087250
0.590 1.08 1.077798
0.723 1.09 1.088815
0.242 1.09 1.087899
0870 1.11 1.108279
0.639 1.08 1.078286
0.646 1.08 1.077973
0.646 1.08 1.079188
0.310 1.07 1.069653
0.882 1.09 1.089636
0.403 1.09 1.087528
0.465 1.07 1.069653
0.191 1.08 1.079396
0.013 1.33 1.325863
0.089 1.21 1.204484
0.199 1.12 1.116322
0.732  1.08 1.079158
0.660 1.07 1.069624
0.209 1.33 1.325863
0.117 1.11 1.108316
0.514 1.09 1.088003
0.294 1.09 1.087498
0.214 1.09 1.088003
0.715 1.06 1.059631
0.768 1.09 1.087865
0.871 1.10 1.099004
0.660 1.09 1.089400
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A. SNPs inclusion list for 97-SNP PRS

Table A.1l: SNPs included in 97-SNP PRS modelling from the normal distribution,
described in Chapter 5 (continued)

Locus rsID Risk Allele RAF OR Corrected OR

17924.3 1983318 0.248 1.06 1.059645
18921.1  rs7226855 0.541 1.21 1.206655
19q13.33  1rs12979278 0.535 1.07 1.068893
19p13.11  rs285245 0.110 1.11 1.109115
19q13.11  1rs73039434 0.953 1.30 1.289962
19q13.43  rs73068325 0.184 1.07 1.069670
19q13.2  rs9797885 0.708 1.08 1.078439
20q13.33  rs1741640 0.775 1.16 1.155932
20q13.13  rs1810502 0.561 1.08 1.078694
20g13.12  rs2179593 0.721 1.07 1.069153
20q13.33  rs3787089 0.322 1.07 1.069498
20g13.13  rs4811050 0.181 1.09 1.087600
20p12.3  rs6055286 0.146 1.11 1.107128
20q13.13  rs6066825 0.653 1.10 1.097015
20p12.3  rs6085661 0.388 1.09 1.087478
20q13.13  1rs6091213 0.260 1.08 1.078694
20p12.3  1rs961253 0.360 1.09 1.087478
Xp22.2 rs2732875 0.200 1.18 1.174658
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Model specifications

Logistic regression PRS models

LDpred2-inf

1
Prob{pheno = 1} = T+ exp(—X0)’ where

—9.776021 + 1.021227 PRS
—0.4011441[Female] 4 0.08623154 age
+0.05306746[UKBL] — 0.01143121 PC; — 0.0004654591 PC,

—0.00674316 PC3 — 0.01210423 PCy

and [¢] = 1 if subject is in group ¢, 0 otherwise. Following internal validation,
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B. Model specifications

—9.7554910720 + 1.0176460857 PRS
—0.3997374587[Female] + 0.0859291598 age
+0.0528813798[UKBL] — 0.0113911291 PC; — 0.0004638269 PC,

—0.0067195150 PC3 — 0.0120617855 PCy4

LDpred2-grid

1
Prob{pheno =1} = T+ exp(—X7)’ where

—9.244175 + 1.04631 PRS
—0.4042047[Female] + 0.08638471 age
+0.05274771[UKBL] — 0.01191899 PC; — 0.000458451 PC,

—0.007074939 PC3 — 0.009255497 PC,

and [¢] = 1 if subject is in group ¢, 0 otherwise. Following internal validation,

—9.2275069333 + 1.0430568922 PRS
—0.4029480042[Female] + 0.0861161216 age
+0.0525837127[UKBL] — 0.0118819318 PC; — 0.0004570255 PC,

—0.0070529425 PC3 — 0.0092267211 PCy
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B. Model specifications

LDpred-grid-sp

1
Prob{pheno =1} = T+ o (—X5) where

—9.323984 + 0.985573 PRS
—0.4036001[Female] + 0.08635244 age
+0.05231831[UKBL] — 0.01171954 PC; — 0.0004695418 PC,

—0.007014255 PC3 — 0.01011505 PCy

and [¢] = 1 if subject is in group ¢, 0 otherwise. Following internal validation,

XG=
—9.3105253498 + 0.9831336820 PRS
—0.4026011918[Female] + 0.0861387053 age
+0.0521888184[UKBL] — 0.0116905372 PC; — 0.0004683795 PC,
—0.0069968945 PC3 — 0.0100900178 PC,4
SCT
1
Prob{pheno =1} = h
rob{pheno = 1} T+ exp(—X5) where
Xp =

—4.163311 + 1.21179 PRS
—0.4047076[Female] + 0.08630363 age
+0.05792523[UKBL] — 0.0123641 PC; + 0.0001318505 PC,

—0.006999591 PC3 — 0.002657923 PC,
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B. Model specifications

and [¢] = 1 if subject is in group ¢, 0 otherwise. Following internal validation,

Xp=
—4.1624637504 + 1.2074970414 PRS
—0.4032739068[Female] + 0.0859978959 age
+0.0577200345[UKBL] — 0.0123203013 PC; — 0.0001313836 PC,
—0.0069747950 PC5 — 0.0026485069 PC,
C+T
Prob{pheno — 1} ! h
ro €Nno = = , ‘where
P 1+ exp(—Xp)
XB =

—9.068643 + 0.07412662 PRS
—0.4029091[Female] + 0.08625292 age
40.05362289[UKBL] — 0.01242532 PC; + 1.63068 x 10~°PC,

—0.008724144 PC3 — 0.006594728 PC,

and [¢] = 1 if subject is in group ¢, 0 otherwise. Following internal validation,

—9.04511500 + 0.07378766 PRS

—0.4010668[Female] + 0.08585851 age

+0.05337770[UKBL] — 0.0236850 PC; + 1.623235x 10 °PC,
—0.008684252 PC3 — 0.006564573 PCy
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B. Model specifications

GWAS-sig

1
Prob{pheno =1} = T+ o (—X5) where

—13.0741 4 0.7126475 PRS

—0.4052543[Female] + 0.08610265 age
+0.05611813[UKBL] — 0.01428634 PC; — 0.001213305 PCy
—0.009382505 PC3 + 0.008451566 PC,

and [c] = 1 if subject is in group ¢, 0 otherwise.

following internal validation,

XpB=
—13.063331950 + 0.711808118 PRS
—0.404777025[Female] + 0.086001227 age
+0.056052028[UKBL] — 0.014269518 PC; — 0.001211876 PCs

—0.009371454 PC3 + 0.008441612 PC,
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B. Model specifications

Cox PRS models

LDpred2-inf

Prob{T >t} = S,(t)¢"", where

XB3=
—4.837914 + 0.8874252 PRS
—0.4574084[Female] + 0.07944168 age
+0.07447489[UKBL] — 0.01183015 PC; — 0.0002170615 PCy
—0.0066799 PC3 — 0.007724787 PC,4

and [c¢] = 1 if subject is in group ¢, 0 otherwise

So(t)
1.0000000
0.9993397
0.9985263
0.9976918
0.9968184
0.9958934
0.9949866
0.9940408
0.9930979

0 J O Ul W N~ O+

Following internal validation, X B was multiplied by a global correction factor

of 0.9920289, and Sy(t) reestimated

£ So(t)
0 1.0000000
1 0.9993371
2 0.9985205
3 0.9976827
4 0.9968059
5!
6
7
8

0.9958774
0.9949671
0.9940177
0.9930714
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B. Model specifications

LDpred2-grid

Prob{T >t} = S,(t)¢"”, where
XpB=
—4.319668 + 1.016773 PRS
—0.460077[Female] + 0.07956688 age
+0.07353158[UKBL| — 0.01182863 PC; — 0.0002922827 PC,

—0.006630462 PC3 — 0.007400685 PC,4

and [c¢] = 1 if subject is in group ¢, 0 otherwise

So(?)
1.0000000
0.9993725
0.9985994
0.9978061
0.9969757
0.9960961
0.9952335
0.9943330
0.9934351

0 ~J O Ul W N~ O+

Following internal validation, X B was multiplied by a global correction factor

of 0.9938484, and Sy(t) reestimated

So(t)
1.0000000
0.9993702
0.9985943
0.9977981
0.9969646
0.9960819
0.9952162
0.9943126
0.9934116

OO Tl W~ O+
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B. Model specifications

LDpred2-grid-sp

Prob{T >t} = S,(t)¢"”, where

Xp =
—4.401747 + 0.9494384 PRS
—0.4595375[Female] + 0.07953966 age
+0.07319098[UKBL] — 0.01163802 PC; — 0.0002867862 PCs

—0.006627901 PC3 — 0.008062116 PC,

and [c¢] = 1 if subject is in group ¢, 0 otherwise

So(?)
1.0000000
0.9993692
0.9985920
0.9977945
0.9969596
0.9960754
0.9952083
0.9943032
0.9934010

0 ~J O Ul W N~ O+

Following internal validation, X B was multiplied by a global correction factor

of 0.9953671, and Sy(t) reestimated

So(t)
1.0000000
0.9993675
0.9985882
0.9977885
0.9969514
0.9960649
0.9951954
0.9942880
0.9933834

OO Tl W~ O+
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B. Model specifications

SCT

Prob{T >t} = S,(t)¢"”, where

XpB=
0.3031138 + 1.115351 PRS
—0.4605902[Female] + 0.07954427 age
+0.07795189[UKBL] — 0.01249099 PC; + 0.0002968488 PC,

—0.006862566 PC3 — 0.0002282657 PCy4

and [c¢] = 1 if subject is in group ¢, 0 otherwise

So(?)
1.0000000
0.9993420
0.9985315
0.9976999
0.9968295
0.9959078
0.9950044
0.9940620
0.9931192

0 ~J O Ul W N~ O+

Following internal validation, X B was multiplied by a global correction factor

of 0.9939586, and Sy(t) reestimated

So(t)
1.0000000
0.9993400
0.9985270
0.9976930
0.9968200
0.9958956
0.9949894
0.9940444
0.9930989

OO Tl W~ O+

2067



B. Model specifications

C+T

Prob{T >t} = S,(t)¢"”, where

X3 =
—4.20198 4+ 0.07001151 PRS
—0.4586389[Female] + 0.07948435 age
+0.07422172[UKBL] — 0.01244809 PC; + 0.0002402616 PC,

—0.008344321 PC3 — 0.004250053 PC,4

and [c¢] = 1 if subject is in group ¢, 0 otherwise

So(?)
1.0000000
0.9993447
0.9985374
0.9977091
0.9968422
0.9959242
0.9950241
0.9940850
0.9931462

0 ~J O Ul W N~ O+

Following internal validation, X B was multiplied by a global correction factor

of 0.9916302, and Sy(t) reestimated

So(t)
1.0000000
0.9993419
0.9985312
0.9976994
0.9968289
0.9959070
0.9950032
0.9940603
0.9931177

OO Tl W~ O+
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B. Model specifications

GWAS-sig

Prob{T >t} = S,(t)¢"”, where

XG=
—8.095997 + 0.6928628 PRS
—0.4610349[Female] + 0.07936184 age
+0.07622241[UKBL] — 0.01417734 PC; — 0.0009608898 PCs
—0.008870042 PCs5 + 0.009949456 PCy4

and [c] = 1 if subject is in group ¢, 0 otherwise %latex.default(s, file = file, append
= TRUE, rowlabel = “t”, rowlabel.just = “r”, dec = dec, table.env = FALSE)%

So(t)
1.0000000
0.9993421
0.9985317
0.9977003
0.9968301
0.9959087
0.9950054
0.9940622
0.9931147

0 3 O Ul W N~ O+

Following internal validation, X B was multiplied by a global correction factor

of 0.9918869, and Sy(t) reestimated

t So(?)
0 1.0000000
1 0.9993394
2 0.9985257
3 0.9976910
4 0.9968173
)
6
7
8

0.9958922
0.9949854
0.9940385
0.9930874
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C

Plots of Schoenfeld Residuals for Cox
models
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C. Plots of Schoenfeld Residuals for Cox models

Beta(t) for array Beta(t) for PRS

Beta(t) for PC3
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Figure C.1: Plots of Schoenfeld residuals for LDpred2-inf Cox model
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C. Plots of Schoenfeld Residuals for Cox models
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Figure C.2: Plots of Schoenfeld residuals for LDpred2-grid Cox model
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C. Plots of Schoenfeld Residuals for Cox models

Beta(t) for array Beta(t) for PRS

Beta(t) for PC3
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Figure C.3: Plots of Schoenfeld residuals for LDpred2-grid-sp Cox model
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C. Plots of Schoenfeld Residuals for Cox models

Beta(t) for array Beta(t) for PRS

Beta(t) for PC3

Global Schoenfeld Test p: 0.7936

Schoenfeld Individual Test p: 0.8556

254 ~ -7
o| SHNURDISDI
- -~
-254 ~ RS
S .
-50 T T T T T T T T
07419 3 4151 627282
Time
Schoenfeld Individual Test p: 0.3309
L
25 ~ -~ <
e )
0 -
- T = -
o547 RS
S .
L] L] L] L] L] L] L] L]
07419 3 4151 627282
Time
Schoenfeld Individual Test p: 0.9151
L
549 < P
0
54~ - T~ ~
S .

L] L] L] L] L] L] L] L]
0.741.9 3 4151 6.27.28.2
Time

Beta(t) for sex

Beta(t) for PC1

Beta(t) for PC4

20
10

-10
-20
-30

o

-5

5.0
25
0.0
-25
-5.0

Schoenfeld Individual Test p: 0.6049

’
e
~ -

N o = - =

P S
3 ~

~

~

L] L] L] L] L] L] L] L]
0.741.9 3 4151 627282
Time

Schoenfeld Individual Test p: 0.549

L] L] L] L] L] L]
07419 3 4151 6.27.28.2

Time

Schoenfeld Individual Test p: 0.5525

~ /’
e o ranid
7, ~

~

L] L] L] L] L] L] L] L]
0.741.9 3 4151 6.27.28.2
Time

Beta(t) for age

Beta(t) for PC2

Schoenfeld Individual Test p: 0.0954

2 7
7
1 \\_——__—_—’
o NI
-1 g ~ <
_2 N .
L] L] L] L] L] L] L] L]
0.741.9 3 4151 6.27.28.2
Time
Schoenfeld Individual Test p: 0.9615
10 .
e
59« Phd
o1 INEDINDINRY-
-
-54 7 RS
S .
_10 L] L] L] L] L] L] L] L]
0.741.9 3 4151 6.27.28.2

Time

Figure C.4: Plots of Schoenfeld residuals for SCT Cox model
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C. Plots of Schoenfeld Residuals for Cox models
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Figure C.5: Plots of Schoenfeld residuals for C+T Cox model
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C. Plots of Schoenfeld Residuals for Cox models
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Figure C.6: Plots of Schoenfeld residuals for GWAS-sig Cox model
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