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Introduction: The main risk factor for the development of oesophageal adenocarcinoma is 

.ŀǊǊŜǘǘΩǎ ƻŜǎƻǇƘŀƎǳǎ ό.9ύΦ ¢ƻ ŘƛŀƎƴƻǎŜ ǘƘƻǎŜ ǇŀǘƛŜƴǘǎ ǿƘƻ ǿƛƭƭ ǇǊƻƎǊŜǎǎ ǘƻ ŎŀƴŎŜǊ ŜŀǊƭȅ ǘƻ 

improve the dismal survival rate of oesophageal adenocarcinoma, patients with BE undergo 

regular endoscopic surveillance. The vast majority of patients, however, will never progress and 

are therefore monitored unnecessarily.  

Copy number changes have been shown to be important in the progression of BE to oesophageal 

adenocarcinoma (Li et al., 2014).  Shallow whole genome sequencing (sWGS) has been 

established as a cost-effective method of investigating copy number changes in formalin fixed 

paraffin embedded (FFPE) tissue (Scheinin et al., 2014).  

We hypothesised that copy number alterations may be valuable markers in disease progression 

and aimed to ŎƘŀǊŀŎǘŜǊƛǎŜ ǘƘŜƳ ƛƴ ǘƘŜ ǇǊƻƎǊŜǎǎƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎ ǳǎƛƴƎ ǎ²D{ in order to predict 

progression in patients from a point in time as close to baseline endoscopy as possible and to 

integrate p53 staining. 

Methods: To optimise sWGS we compared 50X WGS on frozen tissue with 0.1X WGS from FFPE 

tumour material from the same patient. To address poor cellularity in endoscopic biopsies, 

shallow WGS data from a 50% cellularity biopsy with a 90% frozen sample from a single patient 

were compared. Accounting for poor biopsy cellularity 0.4X coverage was used.  

We performed FFPE shallow WGS on 806 samples from an 89-patient cohort comprising a 1:1 

ratio of patients who progressed to high grade dysplasia (HGD) and patients who never 

progressed.  1-31 samples per patient were collected over time and space throughout 

surveillance.  Non-progressors had significantly longer follow-up (p-value = 0.0008).  Data was 

processed based on published bioinformatic pipelines. Copy number analysis was carried out 

using a generalised linear model (GLM) in order to develop a predictive algorithm.  

Results: 5ǳǊƛƴƎ ƻǇǘƛƳƛǎŀǘƛƻƴΣ ур҈ ƻŦ ŎƻǇȅ ƴǳƳōŜǊ ŎƘŀƴƎŜǎ ǿŜǊŜ ŘŜǘŜŎǘŜŘ ƛƴ ōƻǘƘ ŦǊƻȊŜƴ ŀƴŘ 

FFPE samples from spatially distinct regions of an individual tumour.  We found 91% and 93% 

agreement in copy number calls using orthogonal platforms between 90% (frozen) and 50% 

(FFPE) cellularity samples from one tumour.   

Lƴ ǘƘŜ улс ǎŀƳǇƭŜ .ŀǊǊŜǘǘΩǎ ŎƻƘƻǊǘΣ ǿŜ ƻōǎŜǊǾŜŘ ƭŀǊƎŜǊ ŎƻǇȅ ƴǳƳōŜǊ ŀƭǘŜǊŀǘƛƻƴǎ ƛƴ ǇŀǘƛŜƴǘǎ ǿƘƻ 

progressed to cancer compared with non-progressors and significantly more CN alterations in 

progressor patients (p-ǾŀƭǳŜ  лΦллмύΦ  More cancer-associated genes were affected in 

progressors and we observed significant heterogeneity between patients.  There was also a 

greater level of complexity seen in the progressor patients when analysed using affinity 



propagation clustering. These data allowed us to develop a regression model to predict 

progression. 

Using the GLM model, we successfully classified samples as early as progressor or not with an 

AUC of 85.75% and a sensitivity and specificity of 84 and 79% respectively.  At the patient level 

94% progressor patients had at least one sample classified as at risk of progression and non-

dysplastic progressor samples were classified as early as 13 years prior to HGD diagnosis. 

Depending on the classification threshold used, all samples over time and space were not 

classified as being at risk of progression in at least 60% patients who have not yet progressed to 

HGD/cancer.  

We observed 2 pathways to progression supporting previous observations.  90% of progressors 

had samples prior to their HGD or cancer diagnosis classified as being predisposed to progression 

suggestive of genetically unstable lesions from early on in surveillance that progressed to HGD 

over time.  The remaining 10% appeared as non-progressors until their diagnosis of HGD.   

We investigated p53 expression in our patient cohort as the only biomarker to have successfully 

ǘǊŀƴǎƛǘƛƻƴŜŘ ƛƴǘƻ ǘƘŜ ŎƭƛƴƛŎ ŦƻǊ .ŀǊǊŜǘǘΩǎ ǎurveillance.  Whilst we found our cohort to be 

representative in staining compared to other published cohorts, it did not contribute to the GLM 

and the copy number data out-ǇŜǊŦƻǊƳŜŘ ǘƘŜ ǳǎŜ ƻŦ Ǉро LI/ ƛƴ ǘƘŜ ŎƻƴǘŜȄǘ ƻŦ .ŀǊǊŜǘǘΩǎ 

surveillance. 

Conclusions:  We have optimised the use of shallow WGS in oesophageal adenocarcinoma and 

.ŀǊǊŜǘǘΩǎΦ  ¦ǎƛƴƎ ǘƘŜǎŜ ŎƻǇȅ ƴǳƳōŜǊ ŘŀǘŀΣ ǿŜ Ŏŀƴ ŎƻƴŦƛŘŜƴǘƭȅ ŘƛǎǘƛƴƎǳƛǎƘ ōŜǘǿŜŜƴ ǇŀǘƛŜƴǘǎ ǿƘƻ 

will progress to cancer and the majority of patients who will never progress.  This approach has 

led to the development of a model for predicting progression in the clinical setting which is 

promising for further clinical validation. 
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Please note that parts of this introduction are adapted from review articles written 

as part of my PhD: 

Gregson E.M, Bornschein J. & Fitzgerald R.C (2016) Genetic ǇǊƻƎǊŜǎǎƛƻƴ ƻŦ .ŀǊǊŜǘǘΩs oesophagus 
to oesophageal adenocarcinoma.  British Journal of Cancer 115, 403-10 

Gregson E.M & Fitzgerald R.C (2015) .ƛƻƳŀǊƪŜǊǎ ŦƻǊ ŘȅǎǇƭŀǎǘƛŎ .ŀǊǊŜǘǘΩǎΥ ǊŜŀŘȅ ŦƻǊ ǇǊƛƳŜ ǘƛƳŜΚ 
World Journal of Surgery 39, 568 - 77 

1 Introduction  
1.1 Oesophageal Cancer overview 

Oesophageal cancer is the 14th most common cancer type across the population in the United 

Kingdom and the 6th most common cause of cancer related death (CRUK, 2017).  There are two 

main subtypes of oesophageal cancer, squamous cell carcinoma (SCC) and oesophageal 

adenocarcinoma (OAC), distinct from one another both in terms of  the cell of origin and from 

an epidemiological perspective.  SCC arises from the stratified squamous epithelium and is 

typically seen in the upper 1/3 of the oesophagus whilst OAC arises from glandular cells and 

usually presents in the lower 1/3 of the oesophagus.  Worldwide, SCC accounts for 

approximately 90% of oesophageal cancer cases ŀƴŘ ƛǎ Ƴƻǎǘ ŎƻƳƳƻƴƭȅ ǎŜŜƴ ƛƴ ŀ ΨŎŀƴŎŜǊ ōŜƭǘΩ 

extending from China to the Middle East (Arnold et al., 2015).  OAC is responsible for the 

majority of oesophageal cancer cases in Western countries and is the focus of this body of 

research (Arnold et al., 2015, Bosetti et al., 2008).  The survival rate for oesophageal cancer (SCC 

and OAC combined) remains poor with a 5-year survival of less than 20%, predominantly due to 

late clinical presentation with advanced disease (CRUK, 2017) .  

1.2 hŜǎƻǇƘŀƎŜŀƭ !ŘŜƴƻŎŀǊŎƛƴƻƳŀ ŀƴŘ .ŀǊǊŜǘǘΩǎ hŜǎƻǇƘŀƎǳǎ ς 

The Clinical Challenge 

The burden of OAC has increased by 43% since the 1970s in the West (Lepage et al., 2008).  This 

increase in incidence combined with a dismal survival rate makes OAC an important focus of the 

research community.  The main risk factor for the development of OAC ƛǎ .ŀǊǊŜǘǘΩǎ ƻŜǎƻǇƘŀƎǳǎ 

(BE)(Lagergren et al., 1999). This pre-cancerous condition develops in patients with a history of 

chronic and severe reflux of acid and bile. Other risk factors include: Caucasian ethnicity, male 

sex and obesity (both in relation to a propensity for reflux and as an independent risk factor) 

(Thrift et al., 2012, Hur et al., 2013, Singh et al., 2013, Hoyo et al., 2012).  Knowledge of .ŀǊǊŜǘǘΩǎ 

is important in the context of early detection of OAC and offers opportunities for intervention 

at non-invasive stages (Fitzgerald et al., 2014). 
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1.2.1 Oesophageal Adenocarcinoma Staging and Treatment 

Patients with OAC typically present clinically with symptoms such as dysphagia (difficulty 

swallowing) and weight loss. Following histological diagnosis, patients are staged according to 

the Union for International Cancer Control-American Joint Committee on Cancer (UICC-AJCC) 

tumour, node, metastasis (TNM) system Table 1 and Table 2.  Treatment depends on the stage 

at which a patient is diagnosed and is summarised in Table 2. 
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Table 1 TNM scoring adapted from the Union for International Cancer Control Guidelines 8th 
edition (2017) 

T-tumour, N-lymph node, M-metastasis 

TNM Score Definition 

Tumour (T) Extent of primary tumour 

Tis High Grade Dysplasia (in situ) 

T1a Tumour invades lamina propria or muscularis mucosa  

T1b Tumour invades submucosa  

T2 Tumour invades muscularis propria 

T3 Tumour invades adventitia  

T4a  Tumour invades adjacent structures e.g. pleura, pericardium, azygous 
vein, diaphragm or peritoneum (resectable) 

T4b Tumour invades adjacent structures e.g. aorta, vertebral body or 
trachea (unresectable) 

Regional Lymph Nodes 
(N) 

Presence or absence and extent of regional lymph node metastasis 

N1 Metastatic disease identified in 1-2 regional lymph nodes 

N2 Metastatic disease identified in 3-6 regional lymph nodes 

N3 Metastatic disease identified in җ7 regional lymph nodes 

Distant Metastasis (M) Presence or absence of metastatic disease at distant sites of the 

body 

M0 No distant metastasis  

M1 Distant metastasis 

Histology Grade Measure of microscopic analysis of tumour cells 

X Cannot be assessed 

1 Well differentiated 

2 Moderately differentiated 

3 Poorly differentiated 

4 Undifferentiated 
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Table 2 Pathological stage adapted from Union for International Cancer Control Guidelines 
8th Edition (2017)  

TNM stage indicated as defined in Table 1.  Treatment column highlights curative intent or not.  

Pathological 
Stage 

T N M Grade Treatment 

0 is 0 0 N/A Curative ς Endoscopic Therapy 

IA 1a 0 0 1 Curative ς Endoscopic Therapy or 

Surgery 

IB 1b 
 

0 
 

0 
 

1-2 
 

Curative ς (Chemotherapy +/- 
Radiotherapy) + Surgery 

IIA 2 0 0 3  
 
 
Curative ς Chemotherapy +/- 
Radiotherapy + Surgery 

IIB 1 
3 

1 
0 

0 
0 

Any 

IIIA 1 
2 

2 
1 

0 
0 

Any 
Any 

IIIB 2 
3 
4a 

2 
1-2 
0-1 

0 
0 
0 

Any 
Any 
Any 

IVA 4a 
4b 
Any 

2 
Any 
3 

0 
0 
0 

Any 
Any 
Any 

Curative/Palliative ς 
Chemotherapy +/- Surgery 

IVB Any Any 1 Any Palliative - Chemotherapy 

 

For OAC patients with advanced, stage IV disease with distant metastases, surgical intervention 

would not cure the disease and so is not recommended.  This accounts for approximately half 

of OAC patients (Lordick et al., 2016, Berry, 2014, Allum et al., 2011).  Patients may receive 

palliative chemotherapy, radiotherapy or trastuzumab for HER2 positive patients with a view to 

improving symptoms and prolonging life.  For stage II/III tumours with nodal involvement, 

patients are generally treated with surgery to remove the oesophagus (oesophagectomy) 

preceded by chemotherapy, often combined with radiotherapy (neoadjuvant). Localised disease 

(N0M0) is most commonly treated via surgical resection of the oesophagus (Lordick et al., 2016, 

Berry, 2014, Allum et al., 2011).   

There is significant evidence that, across cancer subtypes, diagnosis of localised disease is 

associated with improved survival ς OAC is no exception (CRUK, 2017).  The Surveillance, 

Epidemiology and End Results (SEER) program of the National Cancer Institute was established 

in the US in 1973 in an effort to reduce cancer burden in the US (SEER, 2017).  Data to date 

includes over 9 million cases and analysis includes data collected from 1973-2014.  5-year 

survival rates have been calculated for localised disease (N0M0), regional metastasis (җN1) and 
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distant metastasis (M1) and are 40%, 21% and 4% respectively.  Analysis of data from the SEER 

database for OAC highlighted the improved survival since 1973, particularly for localised disease 

(Hur et al., 2013).  However, statistics for the UK and Northern Ireland indicate that 70-80% of 

patient are diagnosed with stage III-IV (metastatic disease at local or distant sites) (CRUK, 2017).   

1.2.2 .ŀǊǊŜǘǘΩǎ hŜǎƻǇƘŀƎǳǎ 

Given the poor overall outcome data for OAC, intervention at the point of localised disease 

would be a significant advance to improve survival rates. Understanding that the primary risk 

factor for developing OAC is BE affords the opportunities to monitor these patients and 

intervene early (Fitzgerald et al., 2014, Spechler et al., 2011). 

.ŀǊǊŜǘǘΩǎ ƛǎ ŀ ŎƻƴŘƛǘƛƻƴ ǘƘŀǘ ǿŀǎ ŦƛǊǎǘ ŘŜǎŎǊƛōed in the 1950s and is characterised by the 

replacement of normal squamous epithelium of the distal oesophagus by columnar epithelium 

that is visible endoscopically and confirmed histologically (Barrett, 1950). National guidelines for 

the ongoing management of BE in the UK and the United States recommend repeat endoscopies 

at regular surveillance intervals (Fitzgerald et al., 2014, Spechler et al., 2011).  Surveillance is 

carried out to increase the proportion of patients in which neoplastic lesions are detected at 

early stages: high grade dysplasia (HGD) or intramucosal carcinoma (IMC).  At these stages 

curative, endoscopic treatment can be given. 

Upper gastrointestinal endoscopy combined with biopsy sampling within the columnar-lined 

oesophagus remains the current gold-standard for diagnosing BE.  Clinical guidelines from the 

American Gastroenterological Association (Spechler et al., 2011) require the presence of 

ƛƴǘŜǎǘƛƴŀƭ ƳŜǘŀǇƭŀǎƛŀ όLaύ ƛƴ ƻǊŘŜǊ ǘƻ ŘƛŀƎƴƻǎŜ .ŀǊǊŜǘǘΩǎΦ  ¢Ƙƛǎ ƛǎ ŘǳŜ ǘƻ ǘƘŜ ōƻŘȅ ƻŦ ǊŜǎŜŀǊŎƘ 

evidence that BE with IM is biologically more unstable than columnar epithelium without IM 

and, therefore, more likely to progress towards dysplastic or neoplastic lesions (Bhat et al., 2011, 

Smith et al., 1984, Skinner et al., 1983).  However, there is always the concern that IM may be 

missed due to sampling bias.  For these reasons, the British Society of Gastroenterology (BSG) 

ƎǳƛŘŜƭƛƴŜǎ Řƻ ƴƻǘ ǊŜǉǳƛǊŜ La ŦƻǊ .ŀǊǊŜǘǘΩǎ ŘƛŀƎƴƻǎƛǎ ōǳǘ ǎǳƎƎŜǎǘ ǘƘŀǘ ƛǘǎ ǇǊŜǎŜƴŎŜ ƻǊ ŀōǎŜƴŎŜ 

should be taken into consideration for the frequency of surveillance (Fitzgerald et al., 2014). 

Diagnosis, Surveillance and Intervention 

Over the years, there has been contradictory evidence as to the benefits of surveillance.  In a 

study reflecting everyday clinical practice, surveillance was not found to be associated with 

significantly reduced risk of death from OAC (Corley et al., 2013).  On the other hand, a meta-

analysis of 51 studies including more than 11,000 patients demonstrated that endoscopic 

surveillance of patients with non-dysplastic BE increases the likelihood for early detection of 

neoplastic lesions and therefore reduces mortality by more than 61% (mortality risk 0.386; 95% 
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confidence interval [CI]: 0.242-0.617) (Qiao et al., 2015).  These data were supported by the 

results of a prospective multicentre cohort study from the Netherlands (Kastelein et al., 2016).  

It is therefore recommended that all patients with BE should enter a surveillance programme.  

Targeted biopsies should be taken from visible lesions suspicious for dysplastic changes of the 

mucosa, as well as four "random" quadrantic biopsies at 2 cm intervals over the entire extent of 

the Barrett's segment ς the so-called Seattle protocol (Levine et al., 2000). 

The Vienna classification of gastrointestinal epithelial neoplasia facilitates the categorisation of 

BE into five classes: non-dysplastic (ND), indefinite for dysplasia (ID), low grade dysplasia (LGD), 

high grade dysplasia (HGD) and invasive neoplasia (Schlemper et al., 2000).  The indefinite 

category is reserved for those cases in which the pathologist is unable to confidently distinguish 

between the presence or category of dysplasia due to confounding inflammation or 

methodological artefacts such as poor specimen orientation or cross-cutting.  In the presence of 

dysplasia, pathological changes are observed histologically.  These include: glandular distortion 

and crowding, nuclear atypia (enlargement and alterations in size and shape) as well as 

increased nuclear to cytoplasmic ratio (Schlemper et al., 2000).  

Histological examination of biopsy samples is currently the only clinically approved method for 

determining the degree of dysplasia which inevitably leads to diagnostic discrepancies (Odze, 

2006).  Firstly, quadrantic biopsies every 2cm leads to sampling bias at the histological level and 

secondly, the pathological assignment of a degree of dysplasia is a subjective-call depending on 

a visual assessment of the degree of cytological atypia and architectural abnormality of the 

tissue.    Hence, this method of surveillance is far from ideal since misdiagnosis is common and 

furthermore it is a relatively invasive procedure with high costs associated with it.   

It is therefore important that improved methods are developed which minimise sampling bias 

ŀƴŘ ƛƳǇǊƻǾŜ ƻǳǊ ŀōƛƭƛǘȅ ǘƻ ƻōƧŜŎǘƛǾŜƭȅ ŀǎǎŜǎǎ ŀ ǇŀǘƛŜƴǘΩǎ ƛƴŘƛǾƛŘǳŀƭ Ǌƛǎƪ.  An example of such 

ǘŜŎƘƴƻƭƻƎȅ ƛǎ ǘƘŜ /ȅǘƻǎǇƻƴƎŜϰΣ ŀ ƴƻƴ-endoscopic sampling device utilising a sponge to collect 

sample cells from the whole length of the oesophagus which can then be combined with 

ōƛƻƳŀǊƪŜǊǎ ǘƻ ŘƛŀƎƴƻǎŜ ŀƴŘ Ǌƛǎƪ ǎǘǊŀǘƛŦȅ .ŀǊǊŜǘǘΩǎ ǇŀǘƛŜƴǘǎ (Ross-Innes et al., 2015b, Ross-Innes 

et al., 2017, Kadri et al., 2010).  The aim is to overcome sampling bias and identify methods to 

diagnose and stratify patients in the primary care setting.  ¢ƘŜ /ȅǘƻǎǇƻƴƎŜϰ-TFF3 test is 

currently being evaluated in a large multicentre randomised control trial to see whether it is 

suitable for adoption by National Institute for Health and Care Excellence (NICE) 

(www.best3trial.org). 

Overall, BE confers a low absolute risk of progression to OAC of 0.12-0.7% per patient per year 

(Hvid-Jensen et al., 2011, Desai et al., 2012).  The risk of progression to cancer, however, 
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increases with the diagnosis of epithelial dysplasia.  Duits et al. have reported an incidence rate 

of HGD or invasive cancer of 9.1-13.4% per patient per year for patients confirmed to have LGD 

by expert consensus; in contrast with 0.5-0.6% in patients who had unconfirmed dysplasia at 

their initial biopsy (Duits et al., 2015).  The progression rate increases substantially to 25% when 

HGD is present (Kastelein et al., 2015).  Due to the significant risk of progression at the point of 

HGD, endoscopic intervention at high-volume, tertiary referral centres is advised (Figure 

1)(Fitzgerald et al., 2014). Regarding overall percentage of BE patients who progress to HGD, in 

a Northern Ireland population-based study investigated 8,522 patients with BE over a mean 

follow-up of 7.0 years. Overall, 36 (0.42%) of patients progressed to HGD (Bhat et al., 2011). 

Similarly, a nationwide, population-based, cohort study in Denmark investigated 11,028 BE 

patients for a median of 5.2 years. When excluding HGD diagnosis within the first year of 

diagnosis, 106 (0.96%) progressed to HGD (Hvid-Jensen et al., 2011). 

When investigating the effectiveness of treatment for LGD, a study compared 68 patients 

treated with radiofrequency ablation (RFA) with 68 patients monitored by surveillance (Phoa et 

al., 2014).  All patients had diagnosis confirmed by an expert pathologist.  Over 3 years, 26.5% 

of the untreated arm progressed to HGD compared with 1% in the treatment arm (p <0.001).  

RFA was found to be safe in these LGD patients and significantly reduce the risk of progression 

to HGD and OAC.  An amendment to the 2014 BSG guidelines was, therefore, updated in 2015 

to recommend repeat endoscopy 6 months after LGD diagnosis.  If LGD is found in follow up 

endoscopies and confirmed by an expert pathologist, endoscopic therapy should be considered 

(Figure 1). 

Endoscopic Therapeutic Options  

Advances in endoscopic therapy have offered alternatives to oesophagectomy for HGD and early 

cancer.  Whilst surgery remains an effective option, endoscopic therapies offer improved 

morbidity and mortality. For early cancer (T1a) (Table 2) studies suggest that both treatments 

result in similar disease-specific survival but surgery is associated with higher death rates (Ell et 

al., 2007, Pech et al., 2011, Prasad et al., 2007).  Patients undergoing endoscopic procedures are 

typically admitted as day patients. Endoscopic therapy has also been shown to be more cost-

effective than surgery (Boger et al., 2010).  For these reasons, the BSG guidelines recommend 

endoscopic mucosal resection (EMR) of any visible lesion, followed by ablation of the entire 

Barrett's segment.  Ablation can be achieved using several methods including radiofrequency 

ablation (RFA) and argon plasma coagulation (APC).  This multi-modal approach has been 

demonstrated to be both effective and safe (Haidry et al., 2013, Shaheen et al., 2009).  Whereas 

in the past treatment was reserved for patients with HGD or IMC, treatment is now being offered 

to patients with LGD on the basis of randomised controlled trial evidence as previously 
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discussed.  It is advised that both surgery and endoscopic therapy should be carried out in 

tertiary referral centres.  This is due to the body of evidence suggesting that the complication 

rate is significantly higher in the hands of less experienced surgeons or endoscopists (Sutton et 

al., 1998, Fitzgerald et al., 2014) 

 

 

 

 

 

Figure 1 Flow chart for clinical management of Barrett's oesophagus taken from Gregson, 
Bornschein and Fitzgerald, 2016 

A summary of the clinical management of patients under surveillance for BaǊǊŜǘǘΩǎ hŜǎƻǇƘŀƎǳǎ 

as recommended by the most recent BSG guidelines.  For non-dysplastic patients, surveillance 

ƛƴǘŜǊǾŀƭǎ ŀǊŜ ƛƴŦƻǊƳŜŘ ōȅ ǘƘŜ ŜȄǘŜƴǘ ƻŦ ǘƘŜ ƭŜǎƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎ ŀƴŘ ǘƘŜ ŎƻƴŘƛǘƛƻƴ ƛǎ ƳŀƴŀƎŜŘ ǿƛǘƘ 

proton pump inhibitors and lifestyle alterations.  For patients diagnosed with HGD or OAC, 

individual cases should be discussed for therapeutic intervention at the MDT meeting.  

Following LGD diagnosis, patients should undergo follow up within 6 months and, if dysplasia is 

confirmed, be discussed at MDT as per patients with HGD and OAC.  Abbreviations: LGD: low-

grade dysplasia, HGD: high-grade dysplasia, OAC: oesophageal adenocarcinoma, MDT: 

multidisciplinary team meeting, EMR: endoscopic mucosal resection, ESD: endoscopic 

submucosal dissection, RFA: radio-frequency ablation OGD: oesophago-gastro-duodenoscopy 

(or endoscopy). 
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1.3 Cancer Evolution 

Peter Nowell described cancer progression as an evolutionary process of stepwise accumulation 

of somatic genetic aberrations through various routes as far back as 1976 (Nowell, 1976).  Recent 

research from both targeted whole genome approaches confirm this.   

Worldwide whole genome sequencing (WGS) collaborations such as the Cancer Genome Atlas 

(TCGA) and the International Cancer Genome Consortium (ICGC) reveal a more complicated 

genetic picture of cancer than previously anticipated.  The belief that we would identify novel 

ΨƳŀƎƛŎ ōǳƭƭŜǘǎΩ ŦƻǊ ŎŀƴŎŜǊ ŘƛŀƎƴƻǎƛǎ ŀƴŘ ǘƘŜǊŀǇŜǳǘƛŎ ǘŀǊƎŜǘǎ ƛƴ ǘƘŜ ŦƻǊƳ ƻŦ ǎƻƳŀǘƛŎ Ƴǳǘŀǘƛƻƴǎ Ƙŀǎ 

proved challenging given the level of intra and inter tumour heterogeneity (Gerlinger et al., 

2012, Jamal-Hanjani et al., 2017, McGranahan and Swanton, 2017).  Understanding clonal 

evolution of cancer can help us better understand the events preceding cancer development, 

metastatic pathways, mechanisms of treatment resistance and recurrence.  The majority of 

studies using WGS to investigate clonal evolution of cancer have relied on inferring evolution 

from the point at which a patient has already progressed to cancer. This is possible through 

bioinformatic analyses defining clones and identifying the proportion of cells containing these 

alterations. From this, it is possible to infer timing of clonal events (Dentro et al., 2017, Sottoriva 

et al., 2015, Nik-Zainal et al., 2012).   

At the point of writing, there are two main theories proposed for cancer evolution summarised 

in Figure 2Υ ǘƘŜ Ŏƭƻƴŀƭ ŜǾƻƭǳǘƛƻƴ ǘƘŜƻǊȅ ŀƴŘ ǘƘŜ ΨōƛƎ ōŀƴƎ ǘƘŜƻǊȅΩΦ   

The principle behind the clonal evolution theory is the accumulation of genetic variants in cells 

over time and was described in breast cancer by Nik Zainal et al in breast cancer (Nik-Zainal et 

al., 2012).  Depending on the mutations acǉǳƛǊŜŘΣ ǇŀǊǘƛŎǳƭŀǊ ƎǊƻǳǇǎ ƻŦ ŎŜƭƭǎ Ƴŀȅ ōŜŎƻƳŜ ΨŦƛǘǘŜǊΩ 

than others and better equipped for survival and proliferation and the resulting picture is one 

of co-existing and competing clones composed of selectively advantageous and neutral 

Ƴǳǘŀǘƛƻƴǎ ǘŜǊƳŜŘ ΨŘǊƛǾŜǊǎΩ ŀƴŘ ΨǇŀǎǎŜƴƎŜǊǎΩΦ  Lƴ ǘƘŜ ŎƻƴǘŜȄǘ ƻŦ ŎŀƴŎŜǊ ǘƘŜǎŜ ǾŀǊƛŀǘƛƻƴǎ Ƴŀȅ ŀǊƛǎŜ 

and be regulated by a complex network of factors including: exposures and lifestyle (e.g. 

smoking, drinking), inherited genetic alterations, cellular signals (e.g. hormones, growth factors, 

inflammatory mediators) and physical tissue architectural constraints.   

Sottoriva et al proposed a model in colorectal cancer where, following sweeps of clonal 

expansion in the progression towards cancer, a transformation event occurs and tumours grow 

predominantly as a single clonal expansion with multiple sub clones present (Sottoriva et al., 

2015). 
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Given the heterogeneity within as well as between tumour subtypes, it is unlikely that either of 

these proposed mechanisms will be true in a generalised context for all cancers.  Within a 

particular tumour type, there may well also be multiple mechanisms for progression.  

 

  

Figure 2 Proposed methods of evolution adapted from Nik-Zanial et al 2012 and Sottoriva 
et al 2015  

A comparison of the two-primary cancer evolutionary models.  Both show time increasing 

down the y-axis.  The clonal evolution theory (left) is based on the premise of mutational 

evolution. Depending on the mutations acquired, particular groups of cells may ōŜŎƻƳŜ ΨŦƛǘǘŜǊΩ 

than others and better equipped for survival and proliferation and the resulting picture is one 

of co-existing and competing clones composed of selectively advantageous and neutral 

Ƴǳǘŀǘƛƻƴǎ ǘŜǊƳŜŘ ΨŘǊƛǾŜǊǎΩ όōƭŀŎƪ ǎǘŀǊǎύ ŀƴŘ ΨǇŀǎǎŜƴƎŜǊǎΩΦ  Clones compete, die out and out-

grow one another over time.  The principle behind the big bang model (right) following sweeps 

of clonal expansion in the progression towards cancer, a transformation event occurs, and 

tumours grow predominantly as a single clonal expansion with multiple sub clones present.  

The arrows indicate accumulation of private mutations over time due to errors in replication 

and genomic instability. These contribute to intratumor heterogeneity. 

Clonal Evolution Theory Big Bang Model of Evolution 
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1.3.1 aǳǘŀǘƛƻƴŀƭ ƭŀƴŘǎŎŀǇŜ ƻŦ h!/ ŀƴŘ .ŀǊǊŜǘǘΩǎ 

OAC 

WGS studies have begun to elucidate the complex genomic profile of cancer.  Data emerging 

from ICGC and TCGA with respect to OAC is one of a highly mutated cancer with a mutation 

burden of around 10 single nucleotide variations (SNVs) per Megabase (Mb) (Ross-Innes et al., 

2015a, Stachler et al., 2015).  This rate is approaching that seen in those cancers with a well-

defined carcinogen such as melanoma and lung cancer.  Furthermore, it is a very heterogeneous 

disease at the level of somatic point mutations with only a small number of genes that are 

recurrently mutated across multiple cases, likely to be causative (so-called driver mutations).  

The recurrently mutated genes identified are highlighted in Table 3 (Dulak et al., 2013, Weaver 

et al., 2014, Noorani et al., 2017).  After TP53, there is a long tail of genes recurrently mutated 

in fewer than 20% of patients. 

The lack of driver events in OAC is particularly challenging in the use of individual markers in 

clinical management of patients to: identify individuals at risk of progressing to cancer, stratify 

patients under surveillance for cancer, identify prognostic markers in the context of therapeutic 

response and further options for targeted therapies. A driver mutation is defined as a genetic 

aberration that confers selective advantage to cancer cells. For example, in the colon, mutations 

in the APC gene are often the first to confer a growth advantage for cells harbouring the 

mutation (Vogelstein et al., 2013). The next clonal expansion invariably follows mutation in 

KRAS. Clonal expansion continues through mutations in genes such as PIK3CA, SMAD4, 

and TP53, resulting in a malignant tumour (Vogelstein et al., 2013). When one or a few 

mutations are identified as being particularly important in the progression of a particular cancer 

type in the majority or a sub-group of patients, they may be effective markers for patient risk 

stratification or therapeutic targets. The lack of point mutation driver events identified in OAC 

indicates a high level of heterogeneity between patients in factors driving the progression of 

OAC. It is, therefore, challenging to develop clinical tests or therapies appropriate for a large 

population of patients with OAC.  

The analysis of the pattern of base substitutions together with the base either side enables 

patterns or signatures to emerge (Figure 3 ς adapted from (Contino et al., 2017)).  This analysis 

has aided identification of the causative mutagens, such as a signature associated with exposure 

to ultraviolet light in melanomas (Alexandrov et al., 2013).  In OAC, a common mutational 

signature of T:A>G:C transversions in a CTT context has been described, and it has been 

suggested that this could be a mutation pattern caused by acid exposure in the context of 

gastroesophageal reflux, although this remains to be proven (Dulak et al., 2013, Weaver et al., 

2014, Nones et al., 2014). 
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Figure 3 Mutational signatures adapted from Contino et al 2017 

Biological factors such as: environmental factors, DNA repair and enzyme activity and aging may lead 

to alterations at the at the DNA level. These alterations are beginning to be characterised and 

examples are shown at the top of the figure.  An individual tumour will be made up of a pool of these 

mutations depending on the evolution of that particular tumour and environmental factors the 

patient has been exposed to.  It is possible to elucidate a mutational portrait for a patient based on 

base alterations and the nucleotide context of these changes (lower panel).  This offers the 

opportunity to investigate driving factors of individual tumours and may enable classification of 

patients based on these patterns. 
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Table 3 Twenty most commonly mutated genes in OAC adapted from Noorani et al 2017.   

The top genes from Dulak et al 2013 and Weaver et al 2014 and ranked by percentage 
according to Dulak et al 2013 

Gene Name Percentage of samples with 
mutations Dulak (n=145) 

Percentage of samples with 
mutations Weaver (n=30) 

TP53 74 80 

SYNE1 30 17 

DOCK2 14 3 

CDKN2A 12 7 

ABCB1 12 17 

ARID1A 10 20 

EYS 9 7 

CNTNAP5 8 13 

SEMA5A 8 20 

PCDH9 8 13 

HECW 8 7 

SMARCA4 8 0 

TRIM58 8 3 

SLC39A12 7 10 

PNLIPRP3 7 7 

KCNU1 7 0 

MYO18B 6 3 

ARID2 6 3 

CCDC102B 6 3 

TLR4 6 7 
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.ŀǊǊŜǘǘΩǎ 

tŀǇŜǊǎ ŦǊƻƳ L/D/ ŀƴŘ ¢/D! ŎƻƳƳŜƴǘŜŘ ƻƴ ǘƘŜ ƎŜƴŜǘƛŎ ƭŀƴŘǎŎŀǇŜ ƻŦ .ŀǊǊŜǘǘΩǎ ǘƛǎǎǳŜ ŀŘƧŀŎŜƴǘ 

to tumour (Ross-Innes et al., 2015a, Stachler et al., 2015).  These were the first studies to carry 

out WGS on .ŀǊǊŜǘǘΩǎ ǘƛǎǎǳŜΦ 

The overall mutation rate in ND .ŀǊǊŜǘǘΩǎ ǿŀǎ ŦƻǳƴŘ ǘƻ ōŜ around 5.4 - 6.8 SNVs per Megabase 

which, whilst being lower than in OAC, is higher than reported for many other invasive cancers 

including multiple myeloma, breast cancer and colorectal cancer (Ross-Innes et al., 2015a, 

Stachler et al., 2015).  Stachler et al. observed a significant difference in the mutation burden 

between ND ŀƴŘ ŘȅǎǇƭŀǎǘƛŎ .ŀǊǊŜǘǘΩǎ ǿƘŜƴ ŜȄŀƳƛƴƛƴƎ ŎƻŘƛƴƎ όŜȄƻƴƛŎύ ƳǳǘŀǘƛƻƴǎΣ ǿƘƛŎƘ ǿŀǎ ƴot 

observed to the same degree by Ross-Innes et al. where the pathology grade correlated poorly 

with the mutation rate observed across the entire genome.  These findings underscore the 

difficulties in providing a histopathological grade as discussed in section 1.2.2.  

Previous data from candidate gene studies showed that loss of the tumour suppressor p16 

occurs commonly regardless of progression status.  In contrast, p53 loss tends to occur later in 

the progression sequence (Reid et al., 2001, Leedham et al., 2008, Weaver et al., 2014).  As 

mentioned, the extent to which mutations can occur across a plethora of genes involved in 

cancer, even in patients with ND .ŀǊǊŜǘǘΩǎ, has become apparent since the advent of genome 

wide sequencing data.  In one such study performed by the Fitzgerald group, WGS data in OAC 

was used to derive a custom panel of 26 genes and patients with stable, ND .ŀǊǊŜǘǘΩǎ with many 

years of follow-up (66 samples) were compared with cases of HGD and OAC (43 and 90 samples, 

respectively).  They showed that similar mutation frequencies were observed across the disease 

states apart from the tumour suppressor genes TP53 and SMAD4.  TP53 was recurrently 

mutated in HGD (72%) and OAC (69%) but only in 1 sample of ND .ŀǊǊŜǘǘΩǎ όp<0.0001), where 

ND .ŀǊǊŜǘΩǎ ŎŀƳŜ from patients who never progressed to HGD or OAC.  SMAD4 was mutated at 

a lower frequency (13%) but was only found at the stage of invasive cancer (P=0.0061).  Based 

on these observations, Weaver et al. proposed that from the panel of genes examined, 

mutations in TP53 and SMAD4 mark the boundaries between ND and dysplastic BE, and invasive 

cancer, respectively (Weaver et al., 2014).  Other sequencing studies observe p53 mutations in 

ND tissue adjacent to cancer (Stachler et al., 2015, Streppel et al., 2014).   

Using WGS technology, Ross Innes et al. assessed 1,443 single nucleotide variants (SNVs) in 73 

ǎŀƳǇƭŜǎ ŦǊƻƳ ŀ ǎƛƴƎƭŜ ǇŀǘƛŜƴǘΩǎ млŎƳ .9 ǎŜƎƳŜƴǘ.  These had been collected over a period of 3 

years (Ross-Innes et al., 2015a).  In the ND samples 6 clones were identified with an initial clonal 

sweep but with just 3 SNVs common to all samples suggesting extensive ongoing evolution in 

the BE segment.  These were three stochastic variants and not in known driver genes.  

Furthermore, dysplasia was derived from six distinct clones which did not correspond strictly to 
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the dysplasia map generated by histopathological analysis (Ross-Innes et al., 2015a).  Taken 

ǘƻƎŜǘƘŜǊΣ ǘƘŜ ǇƻƭȅŎƭƻƴŀƭ ŀƴŘ ǘƘǳǎ ƘŜǘŜǊƻƎŜƴŜƻǳǎ ƴŀǘǳǊŜ ƻŦ .ŀǊǊŜǘǘΩǎ ŜȄǇƭŀƛƴǎ ǘƘŜ ǿƛŘŜ ǎǇŜŎǘǊǳƳ 

of the degree of mutational overlap between adjacent BE and OAC samples (Ross-Innes et al., 

2015a).   

The WGS discussed here (Stachler et al., 2015, Ross-Innes et al., 2015a) carried out analysis on 

.ŀǊǊŜǘǘΩǎ ŀŘƧŀŎŜƴǘ ǘƻ ǘǳƳƻǳǊΦ  ¢ƘŜǎŜ ǎŀƳǇƭŜǎ ŀǊŜ Ŝŀǎȅ ǘƻ ƻōǘŀƛƴ ŀǘ ǘƘŜ Ǉƻƛƴǘ ƻŦ ǎǳǊƎŜǊȅ ŀƴŘ ŀǊŜ 

therefore a useful resource for the research community without further invasive procedures for 

patients.  However, it should also be remembered that genetic mutations found in ND .ŀǊǊŜǘǘΩǎ 

sampled adjacent to a cancer may not be comparable to those found in ND .ŀǊǊŜǘǘΩǎ ƛƴ ŀ ǇŀǘƛŜƴǘ 

who never progressed.   
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1.3.2 Structural wŜŀǊǊŀƴƎŜƳŜƴǘǎ ƛƴ h!/ ŀƴŘ .ŀǊǊŜǘǘΩǎ 

As well as singe base substitutions, larger scale structural rearrangements at the chromosomal 

level also play a significant role in cancer progression and may be particularly important in OAC 

(Ciriello et al., 2013, Tubio, 2015).  These events often affect more than 50 nucleotides and are 

categorised as balanced and unbalanced rearrangements (Tubio, 2015, Macintyre et al., 2016).  

In balanced alterations, the overall amount of DNA in the genome remains stable and, in 

unbalanced rearrangements, the resulting amount of DNA in the genome is more or less than 

the normal diploid state of human cells.  As well as being a marker for chromosomal instability, 

genomic regions containing oncogenes or tumour suppressor genes may be amplified, deleted 

or rearranged contributing directly to tumour progression.  

Balanced alterations include inversions and translocations.  Inversion involves breakage of a 

chromosome at two locations resulting in a region of DNA being inverted.  Translocations involve 

part of a chromosome breaking off and attaching at a different location, either of the same 

chromosome or a separate chromosome.  These can cause genomic alterations and instability, 

however, the total amount of DNA in the cell remains unchanged. 

Unbalanced alterations include: copy number alterations (CNAs), insertions, chromothripsis and 

breakage-fusion bridge (BFB) events.  CNAs involve amplification or deletion at the resolution 

of: whole chromosomes, chromosomal arms or sub-chromosomal regions from the diploid state 

of normal cells.  Insertions involve the insertion of nucleotides into a chromosome.  

Chromothripsis is a phenomenon of chromosomal shattering due to errors in segregation during 

mitosis.  BFB events define a further category of large-scale re-arrangements involving telomeric 

loss, chromosomal fusion and disrupted separation during anaphase (Nones et al., 2014). 
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OAC 

Ciriello et al published pan cancer analyses stating that cancers can be divided into those 

driven by SNVs and those for which CNAs drive progression (Ciriello et al., 2013).  In spite of 

the high mutation burden of OAC, discussed in section 1.2.1, WGS studies have identified OAC 

as a cancer driven by structural variation (Figure 4) (Dulak et al., 2012, Secrier et al., 2016). 

 

 

 

The most recent paper on OAC to emerge from the ICGC project identified the most significantly 

amplified loci according to GISTIC analyses.  Genes affected by these amplifications include 

oncogenes such as ERBB2, EGFR, RB1, GATA4/6, CCND1 and MDM2.  Similar analyses for 

deletions highlighted affected genes such as CLDN22, CDKN2A and CDKN2B (Secrier et al., 2016).   

Nones et al. categorised 22 OAC samples based on structural variants (SV) into three classes: 

ǳƴǎǘŀōƭŜ ƎŜƴƻƳŜǎ ǿƛǘƘ җпрл {±ǎ ǇǊŜǎŜƴǘ ŀŎǊƻǎǎ ǘƘŜ ƎŜƴƻƳŜ όƴҐсύΣ ǎŎŀǘǘŜǊŜŘ ŀƭǘŜǊŀǘƛƻƴǎ ǿƘŜǊŜ 

<450 events were evenly distributed across the genome (n=2), and complex localised changes 

where SVs cluster only in a single or a few chromosomes (n=14) (Nones et al., 2014).  The latter 

category could be explained by chromothripsis.  In OAC, a number of oncogenes were found to 

be amplified as a result of chromothripsis and BFB events including the oncogene MYC (Nones 

et al., 2014).  Such chromothripsis, or catastrophic events, occurring in a proportion of patients 

has a bearing on how we understand the evolution of OAC which had hitherto been thought to 

be a gradual process.   

  

Figure 4 Structural variation vs mutations in OAC adapted from Secrier et al 2016 

A figure adapted from Secrier et al 2016 (Secrier et al., 2016)showing the total number of 

alterations in a cohort of 119 OAC tumour samples sequenced as part of ICGC (x-axis).  Total counts 

of single nucleotide variations per sample are shown below 0 and larger scale structural variants 

and copy number alterations above 0. For most samples, there are more larger scale alterations 

than single nucleotide variations and indels. 
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.ŀǊǊŜǘǘΩǎ 

²ƘŜƴ .ŀǊǊŜǘǘΩǎ ǎŀƳǇƭŜǎ ǘŀƪŜƴ ŀŘƧŀŎŜƴǘ ǘƻ h!/ ǿŜǊŜ ŀƴŀƭȅǎŜŘ for copy number using WGS, the 

ƳŀƧƻǊƛǘȅ ƻŦ .ŀǊǊŜǘǘΩǎ ǎŀƳǇƭŜǎ ƘŀŘ a largely diploid genome with significantly fewer CNAs than 

their adjacent tumour samples (P<0.0001), shown in Figure 5 (Ross-Innes et al., 2015a).   

 

 

As previously discussed, these samples were taken from the point at which a patient had 

ǇǊƻƎǊŜǎǎŜŘ ǘƻ ŎŀƴŎŜǊΦ  ¢ƘŜ ǊƻƭŜ ƻŦ /b!ǎ ƛƴ ǘƘŜ ǇǊƻƎǊŜǎǎƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎ ƛǎ ǿŜƭƭ ŜǎǘŀōƭƛǎƘŜŘ ŀƴŘ 

Ƙŀǎ ōŜŜƴ ƛƴǾŜǎǘƛƎŀǘŜŘ ŜȄǘŜƴǎƛǾŜƭȅ ƻǾŜǊ ǘƘŜ ȅŜŀǊǎΣ ǇŀǊǘƛŎǳƭŀǊƭȅ ōȅ .Ǌƛŀƴ wŜƛŘΩǎ ƎǊƻǳǇΦ  Lƴ нлмпΣ Li 

et al. investigated copy number using SNP arrays on frozen biopsies from the index endoscopy 

(i.e. at first diagnosis of BE) and the penultimate endoscopy from OAC diagnosis for progressors 

(Figure 6).  These were compared to similar time points for non-progressors (Li et al., 2014).  

While alterations were observed in both patient cohorts, the copy number profile of non-

progressors remained relatively quiet over time, whereas the percentage of the genome 

harbouring somatic chromosomal alterations in progressor patients increased rapidly from zero 

Figure 5 Copy number alterations in OAC and adjacent Barrett's taken from Ross-Innes et al 
2015a 

Copy number data from whole genome sequencing of 23 patients.  Samples from their tumour and 

ŀŘƧŀŎŜƴǘ .ŀǊǊŜǘǘΩǎ ǿŜǊŜ ŀƴŀƭȅǎŜŘΦ  ¢ƘŜ ǘƻǇ ǇŀƴŜƭ ǎƘƻǿǎ ǘƘŜ .ŀǊǊŜǘǘΩǎ Řŀǘŀ ŀƴŘ ǘƘŜ ƭƻǿŜǊ ǇŀƴŜƭ ǘƘŜ 

OAC data.  Chromosomes are along the x-axis.  Any variation from 0 on the y-axis indicates a gain 

(above) or loss (below) 0.  There are significantly more copy number alterations in the tumours 

ŎƻƳǇŀǊŜŘ ǿƛǘƘ ǘƘŜ .ŀǊǊŜǘǘΩǎ ǎŀƳǇƭŜǎΦ 
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and 50% at baseline to approaching 100% within 48 months of the cancer diagnosis.  These CNAs 

included genome doubling in some cases and increased genetic diversity (Li et al., 2014).   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1.3.3 Current Understanding of Evƻƭǳǘƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎ ǘƻ h!/ 

tǊƛƻǊ ǘƻ ²D{ ǎǘǳŘƛŜǎΣ ŜǾƻƭǳǘƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎ ǿŀǎ ƛƴǾŜǎǘƛƎŀǘŜŘ ǳǎƛƴƎ ǘŀǊƎŜǘŜŘ ŀǇǇǊƻŀŎƘŜǎΦ  Maley 

et al. identified clones by: differences in flow cytometric DNA content, pattern of loss of 

heterozygosity (LOH) as well as point mutations in CDKN2A (p16) and TP53.  They investigated 

multiple .ŀǊǊŜǘǘΩǎ samples taken from the same patient (Maley et al., 2006).  They found that 

genetic diversity between the samples (calculated using number of clones, Shannon index and 

genetic divergence based on LOH) was strongly predictive of neoplastic progression of the 

.ŀǊǊŜǘǘΩǎ ƳǳŎƻǎa, and this has been corroborated in a follow-up studies (Merlo et al., 2010, Li et 

al., 2014, Martinez et al., 2016).  Maley et al. proposed that a founder clone containing a p16 

mutation providing a growth advantage to these cells leading to a clonal selective sweep across 

ǘƘŜ .ŀǊǊŜǘǘΩǎ ǎŜƎƳŜƴǘΦ  {ǳōǎŜǉǳŜƴǘ ƎŜƴŜǊŀǘƛƻƴ ƻŦ ŘȅǎǇƭŀǎƛŀ ƻŎŎǳǊǊŜŘ Ǿƛŀ  ŦǳǊǘƘŜǊ Ŏƭƻƴŀƭ ǎŜƭŜŎǘƛǾŜ 

sweeps with loss of additional tumour suppressor genes conferring a selective advantage (Maley 

et al., 2006).  Leedham et al. investigated regions of LOH as well as p16 and p53 point mutations 

ƻƴ ŀƴ ƛƴŘƛǾƛŘǳŀƭ ŎǊȅǇǘ ƭŜǾŜƭΦ  ¢ƘŜƛǊ ǊŜǎǳƭǘǎ ǎǳƎƎŜǎǘŜŘ ǘƘŀǘ ƘŜǘŜǊƻƎŜƴŜƛǘȅ ƛƴ .ŀǊǊŜǘǘΩǎ ƭŜǎƛƻƴǎ ŀǊƻǎŜ 

from multiple independent clones that evolved separately, resulting in a polyclonal mosaic of 

selective sweeps (Leedham et al., 2008).  A more recent study investigating clones defined by 

Figure 6 Copy number alterations over time in Barrett's adapted from Li et al 2014 

Copy number data generated by (Li et al., 2014) using SNP arrays on frozen biopsies from the 

point patients under surveillance.  Comparisons were made between samples taken from their 

ŦƛǊǎǘ ŘƛŀƎƴƻǎƛǎ ƻŦ .ŀǊǊŜǘǘΩǎ ŀƴŘ ǘƘŜƛǊ ΨŜƴŘǇƻƛƴǘΩ ŘƛŀƎƴƻǎƛǎ ς penultimate or OAC diagnosis 

endoscopy for progressor and most recent endoscopy for non-progressors.  In both graphs, 

the x-axis shows time from endpoint diagnosis and y-axis the maximum percentage of the 

genome with chromosomal alterations. In both cohorts, alterations were observer. In the non-

progressors they appear to remain stable whilst increasing in the progressor cohort towards 

OAC diagnosis. 
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fluorescent in situ hybridisation (FISH) probes supported this model and proposed the co-

existence of multiple independent that (dependent on genetic diversity within the BE lesion) 

may die out eventually or lead to clonal outgrowth and cancer progression (Figure 7).  Through 

evaluation of genetic diversity, tƘŜȅ ƘȅǇƻǘƘŜǎƛǎŜŘ ǘƘŀǘ ŎŜǊǘŀƛƴ .9 ƭŜǎƛƻƴǎ ŀǊŜ ΨōƻǊƴ ǘƻ ōŜ ōŀŘΩ 

(Martinez et al., 2016). 

 

Figure 7 Model of Barrett's evolution taken from Martinez et al 2016 

Illustration from (Martinez et al., 2016) proposing an updated model for .ŀǊǊŜǘǘΩǎ ŜǾƻƭǳǘƛƻƴΦ  

Clones arise and may die out or lead to cancer progression.  Panel A shows a lesion with high 

genetic diversity and progression.  B represents a patient with low genetic diversity and no 

progression. 
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Combining these studies with the WGS studies, the prevailing view for the genetic evolution of 

OAC is that it occurs gradually through sequential loss of tumour suppressors culminating in loss 

of TP53, chromosomal instability and cancer development.  However, whole genome data 

suggests that in some cases TP53 mutation can lead to more rapid progression to cancer via 

chromosomal catastrophe (e.g. chromothripsis), or genome doubling and genetic instability 

(Stachler et al., 2015, Nones et al., 2014).  Clones may coexist and die out expand and lead to 

OAC progression.  Figure 8 ƛƭƭǳǎǘǊŀǘŜǎ ǘƘƛǎ ŎǳǊǊŜƴǘ ǾƛŜǿ ƻŦ ǇǊƻƎǊŜǎǎƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎ ǘƻ h!/Φ 

 

 

Figure 8 Overview of progression of Barrett's to OAC adapted from Gregson et al 2016 

Illustration of progression to oesophageal adenocarcinoma (OAC) from multiple clones with 
accumulation of mutations, with a predominance of tumour suppressor genes over time. 
CDKN2A loss of function is shown as an early event, p53 mutation likely to mark the boundary 
to dysplasia and SMAD4 mutations seen uniquely in the cancer. Copy-number changes, 
structural variants and genetic instability increase over time. A crisis event (denoted by *) may 
occur to promote rapid genomic instability and progression to cancer. Neutral clones may 
regress over time (e.g., grey and purple clones). 

 

In OAC, surveillance of patients with the pre-cancerous lesion offers a rare opportunity to 

interrogate these events in real time.  To date, however, no WGS studies have investigated 

patients who progressed to cancer compared with non-progressors using samples from multiple 

time-points.  Studies have investigated targeted panels over time or SNP arrays ς predominantly 

only baseline and endpoint samples have been studied. WGS and exome sequencing studies 

have used .ŀǊǊŜǘǘΩǎ ǘƛǎǎǳŜ ŀŘƧŀŎŜƴǘ ǘƻ ǘǳƳƻǳǊ ŀǘ ǘƘŜ Ǉƻƛƴǘ ŀǘ ǿƘƛŎƘ ŀ Ǉatient already developed 

cancer or looked at an individual patient who progressed.  
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1.4 .ƛƻƳŀǊƪŜǊǎ ƛƴ .ŀǊǊŜǘǘΩǎ hŜǎƻǇƘŀƎǳǎ  

! ōƛƻƳŀǊƪŜǊ ƛǎ ŘŜŦƛƴŜŘ ŀǎ Ψŀ ƴŀǘurally occurring molecule, gene, or characteristic by which a 

ǇŀǊǘƛŎǳƭŀǊ ǇŀǘƘƻƭƻƎƛŎŀƭ ƻǊ ǇƘȅǎƛƻƭƻƎƛŎŀƭ ǇǊƻŎŜǎǎΣ ŘƛǎŜŀǎŜΣ ŜǘŎΦ Ŏŀƴ ōŜ ƛŘŜƴǘƛŦƛŜŘΩ όhȄŦƻǊŘ 

Dictionary).  In the context of .ŀǊǊŜǘǘΩǎ, 2 main biomarker categories have been defined: 

diagnostic biomarkers for prevalence of dysplasia in BE and progression biomarkers for BE to 

distinguish between those likely to progress down the dysplasia pathway and those who will 

remain ND. 

A biomarker of progression must be clinically superior to the current gold standard and improve 

clinical management of patients.  As described in section 1.2.2, current clinical practice involves 

taking biopsies from visible lesions four "random" quadrantic biopsies at 2 cm intervals over the 

entire extent of the Barrett's segment using white light endoscopy ς the so-called Seattle 

protocol (Schlemper et al., 2000).  Biopsies are analysed histologically by pathologists.  Patients 

with a low risk of progression should ideally be discharged or undergo reduced levels of invasive 

surveillance and not be subjected to unnecessary treatment.  Those likely to progress require 

careful surveillance or therapeutic intervention. This is particularly relevant in an era of 

endoscopic therapy in which patients at risk can be treated effectively without recourse to 

oesophagectomy (section 1.2.2).  

1.4.1 Diagnostic Biomarkers in BarreǘǘΩǎ Oesophagus  

1.4.1.1 TP53 in the Clinic  

To date the only BarrŜǘǘΩǎ ōƛƻƳŀǊƪŜǊ ǘƻ ǘǊŀƴǎƛǘƛƻƴ ǎǳŎŎŜǎǎŦǳƭƭȅ ƛƴǘƻ ŎƭƛƴƛŎŀƭ ǳǎŜ ƛǎ 

immunohistochemical (IHC) analysis of p53, in the context of diagnosing dysplasia ς it is, 

however, still not widely used.  As previously mentioned, mutation of p53 in the context of 

.ŀǊǊŜǘǘΩǎ Ƙŀǎ ōŜŜƴ ǎǳƎƎŜǎǘŜŘ ǘƻ ƳŀǊƪ ǘƘŜ ǘǊŀƴǎƛǘƛƻƴ ǘƻ ŘȅǎǇƭŀǎǘƛŎ .ŀǊǊŜǘǘΩǎ (Weaver et al., 2014). 

The transcription factor TP53 is one of the most well-characterised genes in cancer has been 

ǊŜŦŜǊǊŜŘ ǘƻ ŀǎ ǘƘŜ ΨƎǳŀǊŘƛŀƴ ƻŦ ǘƘŜ ƎŜƴƻƳŜΩ (Lane, 1992).  It plays a central role in the regulation 

of cellular responses to a wide variety of physiological stresses such as DNA damage and 

hyperproliferation  both as a tumour suppressor gene and an oncogene (Vousden and Lane, 

2007, Toledo and Wahl, 2006, Horn and Vousden, 2007). 

Under normal physiological conditions, p53 homeostasis is regulated by the E3 ubiquitin ligase 

Mdm2.  This enzyme tags p53 with ubiquitin, targeting it for protein degradation in the 

proteasome (Hock and Vousden, 2010, Brooks and Gu, 2011, Haupt et al., 1997, Kubbutat et al., 

1997, Maki et al., 1996).  In response to DNA damage, p53 undergoes post-transcriptional 

modifications such as phosphorylation, ubiquitination and methylation (Siliciano et al., 1997, 
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Saito et al., 2002, Dai and Gu, 2010).  These alterations result in a weakened interaction between 

p53 and MDM2 leading to increased p53 levels (Meulmeester et al., 2005, Stommel and Wahl, 

2004).  Following stabilisation, p53 has the capacity to localise to the nucleus and alter a number 

of pathways through transcriptional activation or repression of its target genes (Menendez et 

al., 2009).  The cellular processes predominantly associated with p53 activation are: cell cycle 

arrest, DNA repair, apoptosis and senescence.  The homeostatic control of the p53 pathway is 

vital in order to maintain genomic integrity.  Mutations in the p53 protein have been linked to 

progression of the vast majority of neoplasms with approximately 50% of all tumours containing 

p53 mutations (IARC, 2017). 

TP53 alone and in combination with other markers has been investigated both as a diagnostic 

biomarker and a marker of progression (Weston et al., 2001, Murray et al., 2006, Kastelein et 

al., 2013, Kaye et al., 2009, Reid et al., 2001).  As well as the possibility of sequencing, inactivating 

mutations of TP53 are also frequently detectable by IHC, providing a more clinically applicable 

test.  Most mutations lead to stabilisation of the protein and hence increased levels of 

expression, but a loss of staining can also be observed for truncating mutations (Kaye et al., 

2009).   

Assessment of p53 staining has also been shown to decrease the inter-observer variability 

between pathologists concerning the diagnosis of dysplastic lesions (Kaye et al., 2009, Kaye et 

al., 2016).  Therefore, taking this body of evidence into account, immunohistochemistry for p53 

has been recommended as an adjuƴŎǘ ǘƻ ŀƛŘ ǘƘŜ ƘƛǎǘƻƭƻƎƛŎŀƭ ŀƴŀƭȅǎƛǎ ƻŦ .ŀǊǊŜǘǘΩǎ ōƛƻǇǎƛŜǎ ƛƴ ǘƘŜ 

most recent BSG guidelines (Fitzgerald et al., 2014). 

It is worth noting that IHC studies following patients over time also find aberrant p53 expression 

in ND tissue in a low percentage of BE patients: 7% of non progressors and 18% of progressors 

(Kastelein et al., 2013).   

1.4.1.2 Loci-Specific and Panels of Diagnostic Biomarkers 

Copy Number Alterations 

!ǎ ŘƛǎŎǳǎǎŜŘΣ /b!ǎ Ǉƭŀȅ ŀƴ ƛƳǇƻǊǘŀƴǘ ǊƻƭŜ ƛƴ ǘƘŜ ǇǊƻƎǊŜǎǎƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎ ŀƴŘ ǘƘƛǎ Ƙŀǎ ōŜŜƴ 

confirmed in WGS studies (Ross-Innes et al., 2015a, Stachler et al., 2015). In the context of 

diagnostic biomarkers, studies have investigated these alterations using approaches that focus 

both on individual loci and on a genome-wide basis.  

Fluorescent in situ hybridisation (FISH) is a frequently used method for measuring DNA 

abnormalities through the use of fluorescently labelled probes specific for chromosomal 

regions.   
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A prospective cohort study investigated expression levels of 7p12 [epidermal growth factor 

receptor (EGFR)], 8q24 (c-myc) and 20q13 in the progression of non-dysplastic BE to OAC 

through the use of biopsies and cytology brushings (Rygiel et al., 2008b).  Low levels of 

amplification (two-three copies) of chromosome 17, c-myc, and 20q13 were seen in ND BE at 

frequencies of 8ς14%.  Amplification of more than four copies of these oncogenes was found 

to occur predominantly in HGD and OAC.  At least one of the identified oncogenes was 

amplified in 14% of HGDs and this figure increased to 50% in OAC (P=0.015)(Rygiel et al., 

2008b).  Another combined the use of immunohistochemistry and FISH (probes for EGFR and 

ErbB2) to investigate the timing of changes of expression of a panel of receptor tyrosine 

kinases (RTK) (EGFR, ErbB2, ErbB3, Met, and FGFR2) in the progression of BE (Paterson et al., 

2013).   In concordance with the study conducted by Rygiel et al (Rygiel et al., 2008b), it was 

found that RTK up regulation was observed at 51% in OACs.  ErbB3 over expression was a rare 

event, ErbB2, Met and FGFR2 up regulation can be seen at dysplasia initiation whereas EGFR 

expression was primarily up regulated in invasive disease (Paterson et al., 2013).  

Rygiel et al also investigated the use of FISH in comparison with image cytometry DNA analysis 

in the detection of copy number changes of chromosomes 7 and 17 in BE.  Using a 

combination of both imaging tools on brush cytology samples in a retrospective cross-sectional 

study, they found copy number alterations in 13% non-dysplastic cases of BE.  This number 

increased with the level of dysplasia and they found that overall DNA content aneuploidy could 

be detected by HGD and OAC.    FISH alone was capable of detecting HGD/OAC with sensitivity 

and specificity of 85 and 84% respectively (Rygiel et al., 2008a). 

Mutation Panels 

In a small study using the AmpliSeq Cancer Hotspot panel (a generic cancer panel) a mutational 

load was assigned to each patient.  Baseline biopsies for the non-progressors had no mutations 

whilst they observed mutations in 6/8 progressor patients with baseline samples (Del Portillo et 

al, 2015).  This study appeared to contradict the WGS studies which showed that non progressor 

patients were highly mutated.  This was likely due to the use of archival, formalin fixed paraffin 

embedded (FFPE) material and the difference in the respective gene panels since there were 

only 3 overlapping genes with genes shown to be important in OAC progression: TP53, SMAD4 

and CDKN2A (Weaver et al., 2014).  It is surprising, however, that in the Del Portillo study 

CDKN2A ǿŀǎƴΩǘ ŦƻǳƴŘ ǘƻ ōŜ ƳǳǘŀǘŜŘ ƛƴ ƴƻƴ-progressors as this has previously been identified 

in a number of studies as an early event (Galipeau et al., 2007, Reid et al., 2001). 
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1.4.1.3 Genome-Wide Diagnostic Biomarkers  

Varghese et al. identified a predominantly MYC regulated 90 gene signature to distinguish 

between HGD ŀƴŘ b5 .ŀǊǊŜǘǘΩǎ όǇ<0.0001) using RNA microarray technology on fresh frozen 

samples.  In an independent validation cohort from the UK and Netherlands, dysplastic samples 

were identified with an area under the curve of 0.87 όфр҈ ŎƻƴŦƛŘŜƴŎŜ ƛƴǘŜǊǾŀƭΥ лΦунҍлΦфоύΦ  This 

panel is particularly useful given its ability to distinguish between patients with LGD who are 

likely to progress. Indeed, using this panel the 64% of LGD categorised as being high risk had a 

significantly higher rate of progression (p=0.047)(Varghese et al., 2015).  

1.4.2 Putative Biomarkers of .ŀǊǊŜǘǘΩǎ Progression 

hǾŜǊ ǘƘŜ ȅŜŀǊǎΣ Ǌƛǎƪ ǎǘǊŀǘƛŦƛŎŀǘƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎ Ƙŀǎ ōŜŜƴ ǘƘŜ Ǝƻŀƭ ƻŦ Ƴŀƴȅ ǊŜǎŜŀǊŎƘ ǾŜƴǘǳǊŜǎΦ  ¢ƘŜ 

vast majority have investigated putative target genes or markers of chromosomal alterations 

alone or in panels.  Many key studies are described here (Table 4).  To date, however, none have 

successfully made into clinical practice.  This is in part due to the lack of prospective and 

randomised cƻƴǘǊƻƭƭŜŘ ǘǊƛŀƭ Řŀǘŀ ƛƴ .ŀǊǊŜǘǘΩǎΦ CǳǊǘƘŜǊƳƻǊŜΣ ǾŀƭƛŘŀǘƛƻƴ ƻŦ ōƛƻƳŀǊƪŜǊǎ ƛǎ ǊŜǉǳƛǊŜŘ 

through splitting the cohort into a discovery and validation set, or by testing a biomarker(s) on 

an independent cohort. !ǎ ŘƛǎŎǳǎǎŜŘΣ ǘƘŜ ǇǊƻǇƻǊǘƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎ ǇŀǘƛŜƴǘǎ who progress is low 

which presents a challenge for obtaining reasonably sized validation cohorts. As additional 

consideration is cost, which is often a limitation in translation of biomarkers into the clinic.   

1.4.2.1 Loci-Specific and Panels of Biomarkers of Progression 

TP53 

As discussed, p53 IHC to aid diagnosis of dysplasia is the only biomarker currently recommended 

ƛƴ ǘƘŜ ŎƭƛƴƛŎŀƭ ƳŀƴŀƎŜƳŜƴǘ ƻŦ .ŀǊǊŜǘǘΩǎΦ A retrospective, nested caseςcontrol study (n=635), 

conducted by Kastelein et al, indicated that aberrant p53 expression could be correlated to 

increased risk of neoplastic progression.  Both p53 over expression and complete loss of p53 

were indicative of progression with relative risks (RR) of 5.6 (95% CI, 3.1-10.3) and 14.0 (95% CI, 

5.3-37.2) respectively and the combination of LGD with aberrant p53 expression gave a RR of 

1.2 (95% CI, 6.1-24.5).  Interestingly, the prediction of progression following diagnosis of LGD 

alone (15%) increased to 33% when aberrant p53 expression was factored in (Kastelein et al., 

2013).  This study validates the previous smaller studies on p53 immunostaining as predictive of 

progression (Murray et al., 2006, Kaye et al., 2009).  

Whilst significant staining of p53 clearly confers a risk of progression, inter-patient 

ƘŜǘŜǊƻƎŜƴŜƛǘȅ ƛƴ .ŀǊǊŜǘǘΩǎ ƛǎ ŀ ŎƘŀƭƭŜƴƎŜΦ hǾŜǊ-expression or total loss of p53 staining in 

dysplastic BE varies from 50 ς 89% in the literature (Kaye et al., 2010, Kaye et al., 2016, Murray 
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et al., 2006). In an effort to overcome this heterogeneity, a number of biomarker panels have 

ōŜŜƴ ǇǊƻǇƻǎŜŘ ǘƻ ǇǊŜŘƛŎǘ ǇǊƻƎǊŜǎǎƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎΦ 

Copy Number Alterations and Genetic Diversity 

Galipeau et al. built on previous work from the Reid group investigating CNA in the progression 

ƻŦ .ŀǊǊŜǘǘΩǎ (Reid et al., 2001) and reported that a panel of TP53 LOH, CDKN2A LOH and presence 

ƻŦ ǘŜǘǊŀǇƭƻƛŘȅ ƛƴŘƛŎŀǘŜŘ ŀ ww ŦƻǊ .ŀǊǊŜǘǘΩǎ ǇǊƻƎǊŜǎǎƛƻƴ ƻŦ оуΦт όфр҈ /LΥ млΦу-138.5) (Galipeau et 

al., 2007).  In a more recent study, the LOH and microsatellite instability (MSI) status of 10 

specific gene loci were combined into a risk score to predict progression towards HGD (Eluri et 

al., 2015).   

In an approach designed to enable analysis of FFPE material, a combination of abnormal DNA 

ploidy and expression of the novel biomarker Aspergillus oryzae lectin (AOL), resulted in a 3-fold 

increased risk for progression (OR 3.31; 95% CI: 1.81-6.05), or nearly 4-fold in patients with 

baseline LGD (OR 3.90; 95% CI 2.39-6.37) (Bird-Lieberman et al., 2012b, Bird-Lieberman et al., 

2012a).   

As discussed in section 1.3, in a large study (n=268) published in 2006 methods of determining 

genetic diversity in ecology and evolution were adapted to determine genetic diversity within 

BE segments (Maley et al., 2006).  Samples were collected prospectively and analysed 

retrospectively.  Clones were identified by differences in: flow cytometric DNA content, LOH and 

DNA sequence mutations in p16 and p53.  It was found that genetic diversity, as measured by 

the Shannon index, number of clones and genetic diversity, was strongly predictive of neoplastic 

progression in BE.  A follow up study by the same group in 2010 (n=239 with baseline ploidy, 9p 

LOH and 17p LOH) corroborated these findings (Merlo et al., 2010).  All major measures of 

diversity were used including genetic divergence as well as entropy-based methods such as the 

Shannon Index.  It was found that all measures were strong and significant predictors of 

progression to EAC in the cohort studied. The RR was 1.68 (95% CI 1.46-1.94), 1.98 (95% CI 1.63 

ς 2.41) and 1.93 (95% CI 1.62 ς 2.31) for the number of clones, Simpson index and Shannon 

index respectively (Cox proportional hazards model P=<0.001) (Merlo et al., 2010).   

A prospective study investigated the brush cytology samples taken at the index endoscopy of 

428 patents with BE. Of these, 22 patients progressed to HGD or OAC. Risk of progression was 

investigated using a combination of clinical variables (including: age, sex, BMI, smoking status, 

length of BE, PPI use and family history) and a panel of 6 molecular markers analysed using FISH 

(p16, TP53, HER-2, MYC and aneusomy). In a univariate analysis, age, circumferential BE length, 

p16 loss, MYC gain and aneusomy were significantly associated with progression. Using an 

Ψ!ōƴƻǊƳŀƭ ƳŀǊƪŜǊ ǎŎƻǊŜΩ ōŀǎŜŘ ƻƴ ǘƘŜ ƴǳƳōŜǊ ƻŦ ŀōƴƻǊƳŀƭ ƳŀǊƪŜǊǎ ŦǊƻƳ ǘƘƻǎŜ ǎƛƎƴƛŦƛŎŀƴǘƭȅ 
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associated with progression (p16 loss, MYC gain and aneusomy). A model combining abnormal 

marker score, age and circumferential BE length was used to classify patients into high and low 

risk with an AUC of 0.76(Timmer et al., 2016). 

More recently, a study investigated clones defined by 2 panels of FISH probes.  The supported 

this model and proposed that multiple independent clones co-existing that, dependent on 

genetic diversity within the BE lesion, may die out eventually or lead to clonal outgrowth and 

cancer progression (Figure 7).  They hypothesised thŀǘ ŎŜǊǘŀƛƴ .9 ƭŜǎƛƻƴǎ ŀǊŜ ΨōƻǊƴ ǘƻ ōŜ ōŀŘΩ 

through evaluation of genetic diversity (Martinez et al., 2016). 

1.4.2.2 Genome-Wide Biomarkers of Progression 

Copy number Alterations and Genetic Diversity 

!ǎ ŜǎǘŀōƭƛǎƘŜŘΣ /b!ǎ ŀǊŜ ƪƴƻǿƴ ǘƻ Ǉƭŀȅ ŀƴ ƛƳǇƻǊǘŀƴǘ ǊƻƭŜ ƛƴ ǘƘŜ ǇǊƻƎǊŜǎǎƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎΦ 

Building on the body of work from the Reid group investigating CNA of specific loci ƛƴ .ŀǊǊŜǘǘΩǎ 

(Galipeau et al., 2007, Reid et al., 2000, Reid et al., 2001), Li et al. investigated copy number 

using single nucleotide polymorphism (SNP) arrays on biopsies from the index endoscopy (i.e. at 

first diagnosis of BE) and the penultimate endoscopy from OAC diagnosis for progressors.  These 

were compared to similar time points for non-progressors (Li et al., 2014).  While there were 

focal changes seen in both patient cohorts, the copy number profile of non-progressors 

remained relatively quiet over time, whereas the percentage of the genome harbouring somatic 

chromosomal alterations in progressor patients increased rapidly from zero and 50% at baseline 

to approaching 100% within 48 months of the cancer diagnosis (section 1.3.2 Figure 6).  These 

CNAs included genome doubling in some cases and increased genetic diversity (Li et al., 2014).  

The same authors have proposed a panel of 29 specific chromosomal alterations to predict the 

risk of BE progression (AUC = 0.94 when 2 timepoints investigated, 0.84 with just baseline) (Li et 

al., 2015).  The samples from these retrospective studies were not histologically annotated; 

therefore, the relationship between these aberrations and the histological grade of dysplasia 

cannot be determined.  The panel was tested in 6 OAC samples but has yet to be validated in an 

ƛƴŘŜǇŜƴŘŜƴǘ .ŀǊǊŜǘǘΩǎ ŎƻƘƻǊǘΦ  

Epigenetic Markers 

Gene expression regulation by epigenetic factors has also been investigated in BE progression.  

Array data was used to generate a panel of 4 hyper-methylated genes (SLC22A18, PIGR, GJA12 

and RIN2), validated by pyrosequencing in an independent cohort, to risk stratify patients into 

high, low and intermediate risk groups with 94% sensitivity and 97% specificity (Alvi et al., 2013).  

An 8 gene hypermethylation panel consisting of p16, RUNX3, HPP1, NELL1, TAC1, SST, AKAP12, 

and CDH13 has also been investigated in the context of BE progression [area under receiver-
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operating characteristic curve (AUC) = 0.843 at 2 years, AUC = 0.829 at 4 years and AUC = 0.840 

for the combined model] (Jin et al., 2009).    



 
 

Table 4 Biomarkers of progression of Barrett's  

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 



 
 

 Reference Study Design Sample Size Baseline 
Histology 

End-point 
Histology 

Statistical findings Validation 
Cohort? 

P53 
Immunohistochemistry 

Murray 2006 Nested case-
control study 

197 ND OAC OR 11.7 (95% CI 2.37 - 
30.0) 

Yes ï 
Kastelein 
2013 

 Kaye 2009 Samples 
prospectively 
collected, 
retrospectively 
analysed 

143 LGD HGD/OAC RR progression with 
consensus LGD: 1.56  

Yes ï
Kastelein 
2013 

 Kastelein 2013 Case control 
study 

635 ND HGD/OAC p53 overexpression: RR 
5.6 (95% CI 3.1 - 10.3) 
loss of p53 expression: 
RR 14 (95% CI 5.3 ï 37.2) 

No 

17pLOH Reid 2001 Samples 
prospectively 
collected, 
retrospectively 
analysed 

256  ND, ID, LGD OAC RR 16 (95% CI 6.2 ï 39) Yes ï 
Galipeau 
2007 

Aneuploidy/Tetraploidy Reid 2000 Samples 
prospectively 
collected, 
retrospectively 
analysed 

322 ND, ID, LGD OAC RR 11 (95% CI 5.5 ï 21) Yes ï 
Galipeau 
2007, Bird-
Lieberman 
2012 

17p LOH (p53), 9p LOH 
(p16) and abnormal 

DNA ploidy 

Galipeau 2007 Samples 
prospectively 
collected, 
retrospectively 
analysed 

243 ND OAC RR 38.7 (95% CI 10.8 ï 
138.5) 

Yes ï di 
Pietro 2015 

LGD, abnormal DNA 
ploidy, Aspergillus 
oryzae lectin (AOL) 

Bird-Lieberman 
2012 

Population-
based nested 
case control 
study 

380   
 

ND, ID, LGD OAC With baseline LGD:  
OR=3.90 (95% CI 2.39-
6.37) 
Without baseline LGD:  
OR=3.31 (95% CI 1.81 ï 
6.05) 

No 



 
 

 

 

Age, circumferential 
BE length, p16 loss, 

MYC gain and 
aneusomy 

Timmer 2016 Samples 
prospectively 
collected, 
retrospectively 
analysed 

248 ND HGD/OAC AUC = 0.76 No 

8 gene methylation 
panel  

Jin 2009 Retrospective 
double-blinded  

195  ND HGD/OAC AUC = 0.843 at 2 years, 
AUC = 0.829 at 4 years, 
AUC = 0.840  

No 

4 gene methylation 
panel 

Alvi 2013 Validated in 
retrospective 
and prospective 
cohorts 

46  
 

ND OAC AUC = 0.988 97% 
specificity and 94% 
sensitivity  
Risk stratification: low 
risk: <2 genes, 
intermediate: 2, and high: 
>2 

Yes ï Alvi 
2013  

10 loci panel Eluri 2015 Case control 
study 

69 ND OAC AUC = 0.95 (95% CI 0.89 ï 
1) 

No 

90 gene panel Vargehse 2015 Samples 
prospectively 
collected, 
retrospectively 
analysed 

150 ND OAC Significantly higher rate of 
progression in patients 
regarded as high risk (p = 
0.047) 

Yes ï 
Varghese 
2015  

Genetic and Clonal 
Diversity  

Mayley 2006 Samples 
prospectively 
collected, 
retrospectively 
analysed 

268 ND OAC Diversity predictive of 
progression independent of 
measurement method 

Yes ï Merlo 
2010 and 
Martinez 
2017 

29 loci panel defined 
using SNP array 

Li 2015 Samples 
prospectively 
collected, 
retrospectively 
analysed 

248 - OAC AUC ï 0.94 using 2 
timepoints, 0.84 baseline 
only 

Yes (but in 
OAC only) ï 
Li 2015 
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1.5 Study Justification 

¢ƘŜ ƭƛƳƛǘŀǘƛƻƴǎ ƻŦ .ŀǊǊŜǘǘΩǎ ǎǳǊǾŜƛƭƭŀƴŎŜ ŘƛǎŎǳǎǎŜŘ ƛƴ ǎŜŎǘƛƻƴ мΦн ƘƛƎƘƭƛƎƘǘǎ ǘƘŜ ƴŜŜŘ ǘƻ ōŜǘǘŜǊ Ǌƛǎƪ 

ǎǘǊŀǘƛŦȅ ǇŀǘƛŜƴǘǎ ǳƴŘŜǊ .ŀǊǊŜǘǘΩǎ ǎǳǊǾŜƛƭƭŀƴŎŜ ŀƴŘ ǘŀƛƭƻǊ ŎƭƛƴƛŎŀƭ ƳŀƴŀƎŜƳŜƴǘ ŀŎŎƻǊŘƛƴƎƭȅΦ  ¢Ƙƛǎ 

stratification should be able to identify patients as early as possible, ahead of a dysplasia 

diagnosis.  

As discussed, the high mutational burden, lack of driver gene identification and heterogeneity 

between patients suggests that more global changes such as CNAs, genetic diversity and clonal 

evolution may be important to interrogate for ŦǳǊǘƘŜǊƛƴƎ ƻǳǊ ƪƴƻǿƭŜŘƎŜ ƻŦ .ŀǊǊŜǘǘΩǎ ǇǊƻƎǊŜǎǎƛƻƴ 

and biomarkers.  We, therefore, sought to build on the significant existing body of work 

investigating.  

¢ƻ ŘŀǘŜΣ ǳǎŜ ƻŦ /b!ǎ ǘƻ ǇǊŜŘƛŎǘ ǇǊƻƎǊŜǎǎƛƻƴ ƛƴ .ŀǊǊŜǘǘΩǎ Ƙŀǎ ƴƻǘ ōŜŜƴ ǎǳƛtable for translation into 

the clinic. This, in part, may be due to the fact that many of these studies have used frozen 

biopsies or endoscopic brushings which are currently not collected as part of endoscopic 

surveillance (Martinez et al., 2016, Timmer et al., 2016, Li et al., 2014, Li et al., 2015). 

Additionally, cost plays an important role in translation to the clinic. This is a particular challenge 

in a heterogeneous disease when analyse of multiple loci or genome-wide analysis is necessary 

(Li et al., 2008, Li et al., 2014, Li et al., 2015, Martinez et al., 2016, Timmer et al., 2016). We, 

therefore, determined to further develop a cost-effective, clinically applicable method, suitable 

for use in FFPE biopsies in a cohort of patients with strong clinical and pathological annotation. 

The potential for clinical translation was at the heart of the study design. 

1.5.1 Patient and Sample Selection 

Study design is expanded on further in the Methods and Results.  In brief, we determined to use 

ǇŀǘƛŜƴǘ ǎŀƳǇƭŜǎ ŎƻƭƭŜŎǘŜŘ ŀǎ ǇŀǊǘ ƻŦ .ŀǊǊŜǘǘΩǎ ǎǳǊǾŜƛƭƭŀƴŎŜΦ  ¢ƘŜǎŜ ŀǊŜ CCt9 ŜƴŘƻǎŎƻǇƛŎ ōƛopsies 

ǘŀƪŜƴ ŜǾŜǊȅ нŎƳ ƻŦ .ŀǊǊŜǘǘΩǎ ǎŜƎƳŜƴǘΦ  CCt9 ǎŀƳǇƭŜǎ ŀǊŜ ǳǎŜŘ ŎƭƛƴƛŎŀƭƭȅ ŀǎ ƛǘ ƛǎ ǘƘŜ ƻǇǘƛƳŀƭ 

method to maintain tissue architecture and cell morphology making it ideal for histological 

examination.  The DNA from these samples, however, is associated with a number of well-

documented challenges including: low DNA yield (especially from tiny biopsies), fragmentation, 

cross-linking, base changes such as deamination of cytosine to uracil and varying levels of 

amplifiability using polymerase chain reaction (PCR).  These characteristics vary based on the 

protocol used for fixing samples (hospital dependent) and age of samples and were key to 

consider in our choice of technology for copy number analysis. 

Heterogeneƛǘȅ ǿƛǘƘƛƴ .ŀǊǊŜǘǘΩǎ ƭŜǎƛƻƴǎ Ƙŀǎ ōŜŜƴ discussed previously (Gerlinger et al., 2012, 

Jamal-Hanjani et al., 2017, McGranahan and Swanton, 2017).  Figure 9 highlights the issue with 
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endoscopic biopsy sampling in relation to histological and mutational analysis.  Dysplasia is often 

not distinguishable from ND .ŀǊǊŜǘǘΩǎ endoscopically and, due to the random nature of 

surveillance biopsies, patients may be misdiagnosed.  Similarly, the mutational landscape of 

.ŀǊǊŜǘǘΩǎ ƛǎ ƘŜǘŜǊƻƎŜƴŜƻǳs and polyclonal meaning that genomic profile of samples from 

spatially distinct regions of a lesion are likely distinct from one another.  We, therefore, 

determined to use as many samples per patient with sufficient tissue for analysis in order to 

comment on as much of an individual lesion as possible. 

 

Figure 9 Illustration to highlight sampling bias adapted from Gregson, Bornschein and 
Fitzgerald 2016 

A diagram to show issues with sampling bias at the histological and mutational level in a segment 
ƻŦ .ŀǊǊŜǘǘΩǎ ƻǾŜǊ ǘƛƳŜΦ   wŜƎƛƻƴǎ ƻŦ ǘƘŜ .ŀǊǊŜǘǘΩǎ ƭŜǎƛƻƴ ƘŀǊōƻǳǊƛƴƎ ŜȄŀƳǇƭŜ ƘƛǎǘƻƭƻƎƛŎŀƭ ŘƛŀƎƴƻǎŜǎ 
and example mutations are highlighted.  Heterogeneity withƛƴ ŀƴ ƛƴŘƛǾƛŘǳŀƭ ǎŜƎƳŜƴǘ ƻŦ .ŀǊǊŜǘǘΩǎ 
means that location from which biopsies are taken is vital for histological diagnosis.  HGD or OAC 
may be missed if oesophageal tissue appears flat and undistinguishable from the rest of the 
.ŀǊǊŜǘǘΩǎ ƭŜǎƛƻƴΦ ¢Ƙƛǎ ƘŜǘŜrogeneity is exacerbated at the mutational level.  Even in regions 
described histologically as HGD and OAC, different combinations of mutations may be seen 
depending on sampling.  For example, interrogation of sample 1 in the middle panel would show 
a CDKN2A mutation, sample 2 a p53 mutation and sample 3 would exhibit both mutations.  The 
far-right panel shows a lesion with OAC and HGD ς sampling bias is again highlighted at the 
mutational level. 

 

TIME 
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1.5.2 Technology 

It has already been highlighted that p53 is currently the only biomarker to have successfully 

transitioned into the clinic.  When investigating a single or a panel of protein markers, 

immunohistochemistry remains the most popular technology.  It is inexpensive, high throughput 

and relatively simple to implement clinically as it is a method commonly used across many 

disease types, is suitable for use with FFPE material which is collected from patients as standard 

clinical management and staff in a hospital setting are trained in appropriate expertise for 

processing samples.  We determined to characterise p53 expression in our patient cohort in 

order to compare our findings with the only biomarker currently used clinically. 

We considered the factors influencing clinical applicability when deciding on a technology for 

investigating CNAs. 

Fluorescent in situ hybridisation (FISH) 

FISH has been used in a number of biomarker studies in the context of BE to investigate 

structural alterations at the chromosomal level (Martinez et al., 2016, Timmer et al., 2016, Rygiel 

et al., 2008a, Rygiel et al., 2008b).  It utilises the hybridisation of fluorescently labelled probes 

to complementary chromosomal regions.   In the context of BE, this technique has been used to 

look at panels of chromosome regions and to investigate clonal evolution of the disease and to 

interrogate CNAs.  

Despite being applicable for a range of material sources, there are a number of challenges 

associated with this technique, particularly in the context of BE.  As with IHC, the need for 

appropriate choice of targets in a heterogeneous disease should not be underestimated.  This 

technique quickly becomes expensive with large panels of probes(Hastings et al., 2016).  

Although well established with optimised protocols, it is a very time-consuming technique as 

manual analysis is required on a cell by cell basis.  There is also need for technical expertise in 

interpreting samples for solids tumours as there is common cell to cell heterogeneity (Hastings 

et al., 2016).   

Flow Cytometry 

Flow cytometry is a popular method for detecting aneuploidy and involves sorting single cells 

based on their DNA content.  Single cell analysis is not as clinically applicable since it is not readily 

applied to FFPE tissue.  A recent study, however, has shown promising results using flow 

ŎȅǘƻƳŜǘǊȅ ƛƴ CCt9 ƳŀǘŜǊƛŀƭ ŦǊƻƳ .ŀǊǊŜǘǘΩǎ following manual dissection of regions of interest from 

the tissue block (Choi et al., 2017). 
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Genome Wide Technologies 

High-throughput genome wide technologies, such as WGS and array technology afford the 

opportunity to look across the genome in an unbiased way and have proved invaluable in 

advancing our knowledge of the genetic progression and heterogeneity of cancer.  They are 

genome-wide reducing the need for target identification and are sensitive for detecting LOH.   

However, the preferred material is still often fresh frozen material, requiring specialist research 

facilities to collect and process these samples rather than standard diagnostic samples. Similarly, 

these methods require a normal germline sample for comparison.  Ideally blood is used as the 

germline reference material for ICGC.  5ǳŜ ǘƻ ǘƘŜ ƎƭŀƴŘǳƭŀǊ ƴŀǘǳǊŜ ƻŦ .ŀǊǊŜǘǘΩǎΣ ǿŜ ǳǎŜ 

duodenum over normal squamous ƻŜǎƻǇƘŀƎǳǎ ƛŦ ōƭƻƻŘ ƛǎ ƴƻǘ ŀǾŀƛƭŀōƭŜ ŀǎ .ŀǊǊŜǘǘΩǎ ŀǎ ǘƘŜ ŎŜƭƭǎ 

are more genetically related to one another and there should be no issues with field effect within 

the oesophagus.  TƘŜǎŜ ǎŀƳǇƭŜǎ ŀǊŜ ƴƻǘ ǊƻǳǘƛƴŜƭȅ ŎƻƭƭŜŎǘŜŘ ŀǎ ǇŀǊǘ ƻŦ .ŀǊǊŜǘǘΩǎ ǎǳǊǾŜƛƭƭŀƴŎŜΦ 

Cost is central to the clinical applicability of any technology.  It is also still too expensive to carry 

out arrays or high-depth WGS on a per-sample basis in a clinical setting.  We were quoted 

approximately £350 per sample for Affymetrix FFPE SNP arrays, the technique carried out on 

frozen samples by Li et al. Despite rapidly decreasing costs, 50X WGS still costs in the region of 

£2,500 per sample. 

The use of less expensive, targeted sequencing with gene panels is a method beginning to 

transition into clinical practice.  It has the advantage of being appropriate for use with FFPE 

ƳŀǘŜǊƛŀƭΦ  CƻǊ .ŀǊǊŜǘǘΩǎ ŀƴŘ h!/Σ ƘƻǿŜǾŜǊΣ ŘŜŦƛƴƛƴƎ ŀƴ ƛƴŦƻǊƳŀǘƛǾŜ ǇŀƴŜƭ ƻŦ single nucleotide 

variants (SNVs) to investigate remains a challenge for the disease.  

Shallow Whole Genome Sequencing 

Shallow WGS (sWGS), is a fairly new but established method for investigating CNAs in blood, 

frozen tissue and FFPE tissue (Scheinin et al., 2014).  It involves whole genome sequencing but 

ŀǘ ŀ ƳǳŎƘ ƭƻǿŜǊ ΨŘŜǇǘƘΩ ǘƘŀƴ ŎŀǊǊƛŜŘ out for ICGC and most sequencing studies, which is typically 

50X.  This means that each nucleotide is read an average of 50 times in order to confidently call 

alterations at the resolution of single base alterations.  For structural changes, it is possible to 

carry out as little as   0.1X sequencing in tumours.  As a technique established and published for 

use in FFPE material, it offers the potential of clinical translation through the use of diagnostic 

material collected worldwide as part of standard clinical practice.  One can also process and 

sequence samples for sWGS for approximately £85 per sample when carrying out 0.4X 

sequencing (explained in more detail in Methods).  

This technology is in trial in the healthcare system in the VU University Medical Clinic, 

Amsterdam for two tumour types: as prognostic indicator of low grade glioma to replace the 
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ŎǳǊǊŜƴǘ ΨDƻƭŘ {ǘŀƴŘŀǊŘΩ ƳŜǘƘƻŘ ŦƻǊ ƛƴǾŜǎǘƛƎŀǘƛƴƎ Ŏƻ-deletion of 1p and 19q chromosome arms 

using FISH and in non-small cell lung cancer to investigate clonal relationships of primary and 

secondary tumours to assist in therapy management (Macintyre et al., 2016).  

sWGS has the advantage that it has been optimised to not require germline samples.  Copy 

number profiles obtained from sWGS are, therefore, relative copy number profiles rather than 

being informative for absolute copy number.  When considering all pros and cons (summarised 

in Table 5) of the different methods and the samples available, we chose to use sWGS.   

Table 5 Advantages and disadvantages for clinical translation of technologies 

 ADVANTAGES FOR CLINICAL 
¦{9 Lb .!ww9¢¢Ω{ 
SURVEILLANCE 

DISADVANTAGES FOR 
CLINICAL USE IN .!ww9¢¢Ω{ 
SURVEILLANCE 

FISH ¶ Applicable to FFPE 
material 

¶ Information at the 
cellular level  

¶ Established protocols 

¶ Targeted approach in 
a heterogeneous 
disease 

¶ Expensive as number 
of probes increase 

¶ Manual analysis per 
cell 

FLOW CYTOMETRY ¶ Information at the 
cellular level  

¶ Established protocols 

¶ Bulk DNA content 
only rather than 
biologically 
informative data 

¶ Further processing 
post FFPE storage 

WHOLE GENOME 
SEQUENCING (50X) 

¶ Unbiased genome-
wide 

¶ High resolution 

¶ Absolute copy 
number data 

¶ Cost prohibitive of 
clinical applicability 
(approx. £2500 per 
sample) 

¶ Germline sample 
needed 

SNP ARRAYS ¶ Unbiased genome-
wide 

¶ High resolution 

¶ Absolute copy 
number data 

¶ Cost prohibitive of 
clinical applicability 
(approx. £350 per 
sample) 

¶ Germline sample 
needed 

SHALLOW WHOLE 
GENOME SEQUENCING 
(0.4X) 

¶ Unbiased genome-
wide 

¶ Cost effective 
(approx. £85 per 
patient) 

¶ Suitable for FFPE 
material 

¶ Relative copy number 
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1.6 Hypothesis and Aims 

The overall goal of this study was to use a clinically applicable method to investigate CNAs in the 

progression and use this information to predict the ultimate risk of progression to HGD or OAC 

in individual patients. We aimed to identify patients as at risk of progression as early in disease 

evolution as possible and from as few endoscopic samples as possible for optimal clinically 

applicability.  

We hypothesised that copy number changes may be valuable markers in disease progression.   

The steps were therefore to: 

1. To define and collate a suitable cohort in which to investigate progression ƻŦ .ŀǊǊŜǘǘΩǎ 

2. To investigate CNAs ƛƴ ǘƘŜ ǇǊƻƎǊŜǎǎƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎ using sWGS 

3. To develop an algorithm in order to predict progression in patients from a point in time 

as close to baseline endoscopy as possible 

4. To investigate expression of p53 in our cohort in order to compare CNA in the 

ǇǊƻƎǊŜǎǎƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎ ǿƛǘƘ ǘƘŜ Ƴƻǎǘ ǿƛŘŜƭȅ ǾŀƭƛŘŀǘŜŘ ŀƴŘ ŀŎŎŜǇǘŜŘ ōƛƻƳŀǊƪŜǊ ǘƻ ŘŀǘŜ 
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2 Methods and Materials 
2.1 Patient Samples  

2.1.1 Study Design 

In order to answer the question of which mutations were driving progression of BE to 

adenocarcinoma and thus determine progression biomarkers a nested case-control study design 

was used.  Cases were defined as BE patients who have progrŜǎǎŜŘ ŦǊƻƳ .ŀǊǊŜǘǘΩǎ ǘƻ ID5 ƻǊ 

OAC όǇǊƻƎǊŜǎǎƻǊǎύ ƳŀǘŎƘŜŘ ŦƻǊ ŀƎŜΣ ǎŜȄΣ ƭŜƴƎǘƘ ƻŦ .ŀǊǊŜǘǘΩǎ ǎŜƎƳŜƴǘ ǘƻ ŀ ŎƻƴǘǊƻƭ .9 ŎƻƘƻǊǘ ǿƘƻ 

have not progressed to HGD during the time they have been under surveillance (non-

progressors).  Non-progressor patients had significantly longer follow up than the progressor 

patients in order to include stable non-progressors as far as possible.  When matching patients, 

the priority was to ensure longer follow-up in the non-progressors.  As there was a larger pool 

of non-progressors consented for research, we aimed to identify patients with longer than 2cm 

.ŀǊǊŜǘǘΩǎΦ  !ǎ ŜȄǇŜŎǘŜŘ ŦǊƻƳ ǘƘŜ ŘƛǎŜŀǎŜ ŘŜƳƻƎǊŀǇƘƛŎǎΣ ǘƘŜǊŜ ǿŜǊŜ Ƴŀƴȅ ƳƻǊŜ ƳŜƴ ǘƘŀƴ ǿƻƳŜƴ 

included in the study.  Age at diagnosis was given less priority in terms of matching.  However, 

as the cohort grew, we checked periodically that patients were well matched with only length 

of follow up significantly longer in the non-progressors than the progressors.    

Permission to analyse existing diagnostic samples was granted under ethics obtained in April 

2014, REC number 14-NW-0252.  All patients had previously given informed consent to be part 

of the following studies: Progressor study (REC -млκIлолрκрнύΣ .ŀǊǊŜǘǘΩǎ .ƛƻƳŀǊƪŜǊ {ǘǳŘȅ όw9/ -

01/149), OCCAMs (REC Ns - 07/H0305/52 and 10/H0305/1), BEST (REC ς 06/Q0108/272) BEST2 

(REC - млκIлолуκтмύΣ .ŀǊǊŜǘǘΩǎ DŜƴŜ {ǘǳŘȅ όw9/ - 02/2/57), Time& TIME 2 (REC - 09/H0308/118), 

NOSE study (REC - 08/H0308/272), Sponge study (REC - 03/306 ).  Patients included those 

undergoing surveillance at CUH as part of their routine care and those referred from other 

hospitals via the regional Multi-Disciplinary Team (MDT). In order to make the cohort as 

homogeneous and robust as possible the following inclusion and exclusion criteria were applied: 

Inclusion criteria:  

¶ Patients previously consented to one of the studies listed with permission for their 

samples to be used in research 

¶ Progressors: Patients with BE diagnosed with HGD on IMC.  They must have had at least 

a year follow-up prior to the development of HGD or OAC 

¶ Non-Progressors: Patients with BE who have had at least 3 years follow-up (minimum of 

two surveillance endoscopies) and who have never been diagnosed with HGD or OAC.  
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Exclusion criteria:  

¶ Patients who have not consented to a previous research study consenting for use of 

samples. 

 

Patients included in this study were identified from a database of over 5000 patients held in the 

CƛǘȊƎŜǊŀƭŘ ƭŀōƻǊŀǘƻǊȅΦ !ǎ ŘƛǎŎǳǎǎŜŘΣ ǘƘŜ ǇǊƻǇƻǊǘƛƻƴ ƻŦ ǇŀǘƛŜƴǘǎ ǿƛǘƘ .ŀǊǊŜǘǘΩǎ ǿƘƻ ǇǊƻƎǊŜǎǎ ǘƻ 

HGD or OAC is low, meaning the majority of these patients were non-progressor patients. To 

account for potential sampling bias and mis-diagnosis (a well-established limitation of current 

surveillance methodology discussed in section 1.2.2), we determined that progressor patients 

must have at least a year follow-up. This further reduced the number of suitable patients 

available.  

As we aimed to comment on CNAs over time in individual patients and identify the earliest point 

at which we could predict progression in an individual patient (as stated in 1.6), it was important 

that progressor patients had samples available from endoscopies prior to their diagnosis. Given 

the limited number of suitable patients in this disease area, we decided that all suitable 

progressor patients available as part of this research database would be included in the analysis. 

For this study, we determined to include as many samples per patient, both progressors and 

non-progressors, as possible. This was to build as full-a clinical picture on a per-patient basis, as 

well as conduct analyses at the cohort level.  

In the case of rare diseases and/or expensive technologies, nested case-control cohorts are 

often used (Ernster, 1994). As mentioned cases and controls were from the same research 

ŘŀǘŀōŀǎŜ ǿƛǘƘ ǎǘǊƻƴƎ ŎƭƛƴƛŎŀƭ ŀƴƴƻǘŀǘƛƻƴ ŀƴŘ ƳŀǘŎƘŜŘ ŦƻǊ ŀƎŜΣ ǎŜȄ ŀƴŘ ƭŜƴƎǘƘ ƻŦ .ŀǊǊŜǘǘΩǎ ǘƻ 

minimise confounding factors. We matched cases and controls with a 1:1 ratio given the 

financial constraints of WGS. We designed this study with a view to validation in a larger patient 

cohort in the future, perhaps with fewer samples included per patient, once methodology and 

proof of principle had been established.  

Suitable patients who were under surveƛƭƭŀƴŎŜ ŀǘ !ŘŘŜƴōǊƻƻƪŜΩǎ ƘƻǎǇƛǘŀƭ ǿŜǊŜ ƛŘŜƴǘƛŦƛŜŘ 

through database searches. The database holds anonymised clinical data with pathology reports 

from every endoscopic visit, records of all surgical and endoscopic procedures carried performed 

on an individual patient. There is also a summary of the highest grade of dysplasia diagnosed 

per visit. Searches were, therefore, conducted to identify the following patient types:  

¶ Progressors: HGD or IMC samples with a clinical follow-up greater than a year 

¶ Non-Progressors: No HGD/IMC samples with a clinical follow-up of җ3 years 
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As data were manually inputted into the database, there was potential for human error. Patients 

were then manually searched to confirm that they were suitable for inclusion in the study. 

PathoƭƻƎȅ ǊŜǇƻǊǘǎ ǿŜǊŜ Ƴŀƴǳŀƭƭȅ ǊŜŀŘ ŀƴŘ ƻƴƭȅ ǇŀǊŀŦŦƛƴ ōƭƻŎƪǎ ǿƛǘƘ .ŀǊǊŜǘǘΩǎ ōƛƻǇǎƛŜǎ ǿŜǊŜ 

requested from CUH tissue bank. 

For potential progressor patients identified at MDT, pathology reports were requested from the 

corresponding hospital and were manually analysed to confirm the suitability of the patient. 

Providing they  had consented to a suitable study (listed in section 2.1, suitable paraffin blocks 

from their clinical surveillance endoscopies were requested from the hospital from which they 

were referred. These blocks are held under the terms of the relevant material transfer 

agreements between hospitals within the trust. 

 

2.1.2 Sample Collection and Processing 

Formalin Fixed Paraffin Embedded (FFPE) Samples 

Samples used were diagnostic FFPE blocks collected routinely as part of the endoscopic 

surveillance programme. Quadrantic biopsies were taken every 2cm of the length of the 

.ŀǊǊŜǘǘΩǎ ƭŜǎƛƻƴ ƛƴ ŀƴ ƛƴŘƛǾidual patient according to the Seattle protocol (Figure 10).  Fixation 

was carried out using 10% neutral buffered formalin (4% formaldehyde in phosphate buffered 

saline).  Samples were fixed overnight and embedded in paraffin wax.  Between hospitals there 

may have been slight variation in this protocol.  Biopsy samples from the same level within a 

.ŀǊǊŜǘǘΩǎ ǎŜƎƳŜƴǘ were all embedded in the same FFPE block.  FFPE material is stable to be 

stored at room temperature until further processing.  
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Figure 10 Types of patient samples 

Samples obtained from progressors and non-progressors over time and space.  Patients had 

multiple endoscopy visits and at each endoscopy multiple samples were taken - represented in 

the figure by multiple images of the stomach and oesophagus above the follow up arrow. Time 

between endoscopies varied between months ς years based on clinical guidelines for patient 

management.   According to the Seattle protocol, quadrantic biopsies should be taken ever 2cm 

of BO ς represented by the blue dots on the oesophagus at each endoscopic visit.  As the 

oesophagus is highly motile, it is important to note that it is not always exactly 2cm apart and 

measurements may vary highly between endoscopies ς hence there may be 2 blue dots at one 

endoscopy and 3 at the next in the figure.   Each slide or section cut for DNA extraction from 

the FFPE block contained multiple biopsies (likely 4).  Where sufficient material, samples were 

included from every endoscopy and level within a lesion. 
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According to the clinical pathway, biopsy samples were analysed by pathologists following 

haematoxylin and eosin (H&E) staining.  The presence or absence of dysplasia was determined 

and recorded by consensus diagnosis according to BSG guidelines.  We used this diagnosis for 

our research criteria as it was the record that determined clinical management of patients.  

Cellularity was not commented on as it is not standard clinical practice to do so and the data 

used relied on diagnostic pathology reports.  

One section was used for diagnostic H&E analysis as part of standard patient management, 

further sections were cut for DNA extraction (8 x 10µm samples).  Beneath this a second H&E 

was cut followed by sections for up to 10 blank slides for additional biomarker analysis in the 

future - мл˃Ƴ ǎŜŎǘƛƻƴǎ ƳƻǳƴǘŜŘ ƻƴ Ǝƭŀss, uncharged slides. The blocks were cut by Cambridge 

University Hospitals NHS Foundation Trust (CUH) tissue bank as part of the Biomedical Research 

Centre.  Biopsies were frequently very small, and, at times, there was limited tissue available.  

Tissue Bank ensured sufficient tissue remained in the FFPE blocks for future clinical and 

diagnostic purposes. 

In total, this resulted in 1096 samples for DNA extraction, 1012 with sufficient for H&E slides and 

10,609 blank slides from 110 patients.   

2.1.3 FFPE Sample DNA Extraction 

6-8x10µm sections were used per sample for DNA extraction.  DNA was extracted from FFPE 

sections using Deparaffinization buffer (Qiagen, Hilden, Germany) ŀƴŘ DŜƴŜwŜŀŘϰ 5b! CCt9 

Tissue Kit (Qiagen, Hilden, Germany) as per ǘƘŜ ƳŀƴǳŦŀŎǘǳǊŜǊΩǎ protocol. For optimal DNA yield, 

samples were incubated at 56°C overnight with a further 10µl proteinase K added halfway 

through the incubation. A double elution in 30µl Buffer ATE was carried out. Samples were 

stored at -20°C until required. 

2.1.4 FFPE Sample DNA Quantification 

Following extraction, DNA was quantified using the Qubit® dsDNA High Sensitivity Assay Kit on 

ǘƘŜ vǳōƛǘϯ нΦл ŦƭǳǊƻƳŜǘŜǊ ŀǎ ǇŜǊ ƳŀƴǳŦŀŎǘǳǊŜǊΩǎ ǇǊƻǘƻŎƻƭ όLƴǾƛǘǊƻƎŜƴΣ [ƛŦŜ ¢ŜŎƘƴƻƭƻƎƛŜǎΣ taisley 

UK).  

FFPE storage is associated with low DNA yield.  This was frequently found to be the case and 

varied significantly between samplesΦ  ¢ƘŜ ŀǾŜǊŀƎŜ ȅƛŜƭŘ ǿŀǎ мфΦлоƴƎκ˃ƭ όǊŀƴƎŜ ƻŦ ƭŜǎǎ ǘƘŀƴ 

1ng/µl - 174ng/µl).  The variation in yield correlated with biopsy size generally which was 

expected.  As we intended to optimise a method suitable for high-ǘƘǊƻǳƎƘǇǳǘ ƻŦ .ŀǊǊŜǘǘΩǎ 

ŘƛŀƎƴƻǎǘƛŎ CCt9 ōƛƻǇǎƛŜǎ ǿƛǘƘ ƭƛƳƛǘŜŘ ŦǳǊǘƘŜǊ ΨƘŀƴŘǎ-ƻƴΩ ǘƛƳŜΣ ǿŜ ŘƛŘ ƴƻǘ ǎŜƭŜŎǘ ŦƻǊ ŀ ǇŀǊǘƛŎǳƭŀǊ 
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degree of DNA quality prior to downstream analysis.  75ng DNA (total) was required for library 

preparation and samples with less than this were excluded, approximately 12% of the cohort. 

2.1.5 DNA Quality Analysis 

The Agilent Bioanalyser (Agilent Technologies, Santa Clara US) was used to assess DNA quality 

of random FFPE samples by assessing fragment sizes of DNA present.  Dye molecules 

intercalated with the DNA and were detected by laser induced fluorescence.  Fragments were 

separated by size by electrophoresis so smaller molecules migrated faster than larger fragments.  

The Agilent High Sensitivity DNA kit (Agilent Technologies, Santa Clara US) was used following 

the manufacturer guidelines. Samples were found to be generally less fragmented than 

expected with the majority of fragments larger than 1000 base pairs (bp) in length. 

2.2 Sample Processing for Shallow Whole Genome Sequencing 

sWGS was carried out on a total of 804 samples from a cohort of 44 progressor patients matched 

to 45 non-progressors.  It was, therefore, important to develop standardised, high-throughput 

methodology for sample preparation.   

Whole genome libraries were prepared using the ThruPLEX® DNA-seq Kit (Rubicon Genomics, 

Ann Arbor, Michigan, USA) which was designed for low input samples and suitable for use with 

FFPE samples.  It was compatible with platforms from multiple companies (e.g. Agilent 

Technologies, Santa Clara US) for exome and custom panel enrichment protocols.  It was a single 

tube workflow, designed to minimise loss of material.  As we were the first laboratory to use 

this technology on FFPE samples locally, we optimised conditions for DNA fragmentation as well 

as PCR conditions.   

2.2.1 DNA Sonication 

According to the protocol, optimal DNA fragment size was less than 600bp, ideally between 200 

and 300bp.  DNA fragmentation was carried out using the Covaris® ultrasonicator (Woburn, 

Massachusetts, USA) which utilises advanced focused acoustic (AFA) technology.  The use of 

high frequency ultrasound allows acoustic energy to be focused very specifically within the small 

vial of sample.   

For the first 3 batches of samples (n=111) we had access to the S220 where 50˃ƭ samples were 

processed individually.  For the later batches (n=697) we had access to the LE220 which allowed 

for plates of 96 x 50˃ƭ samples to be processed together. 

Following correspondence with Rubicon Genomics (Ann Arbor, Michigan, USA), we determined 

ŀƴ ƛƴǇǳǘ ƻŦ трƴƎ ŦƻǊ ƭƛōǊŀǊȅ ǇǊŜǇŀǊŀǘƛƻƴΦ  ¢ƘŜ ƛƴǇǳǘ ǾƻƭǳƳŜ ŦƻǊ ƭƛōǊŀǊȅ ǇǊŜǇŀǊŀǘƛƻƴ ƛǎ мл˃ƭΦ ²ƘŜǊŜ 
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we had sufficient DNA, 375ng DNA ǳƴŘŜǊǿŜƴǘ ǎƻƴƛŎŀǘƛƻƴ ƛƴ ŀ ǘƻǘŀƭ ǾƻƭǳƳŜ ƻŦ рл˃ƭ ǎƻ ǘƘŀǘ 

ŀƭƛǉǳƻǘǎ ƻŦ мл˃ƭ ŎƻǳƭŘ ōŜ ǳǎŜŘ ŦƻǊ ƭƛōǊŀǊȅ ǇǊŜǇŀǊŀǘƛƻƴΦ  ²ƘŜǊŜ ǘƘƛǎ ǿŀǎ ƴƻǘ ǇƻǎǎƛōƭŜΣ трƴƎ ǿŀǎ 

ǎƻƴƛŎŀǘŜŘ ƛƴ рл˃ƭ ǾƻƭǳƳŜ ŀƴŘ ŎƻƴŎŜƴǘǊŀǘŜŘ ŦƻƭƭƻǿƛƴƎ ǎƻƴƛŎŀǘƛƻƴ όнΦнΦнύΦ  {ŀƳǇƭŜǎ ǿŜǊŜ ŜƭǳǘŜŘ 

in nuclease free water to reduce concentration of salts in such downstream processes. 

Sonication conditions were based on protocols from Covaris®.  Initial sonication conditions are 

shown in Table 6 and were designed for exome capture using Agilent SureSelect XT2 (Agilent 

Technologies, Santa Clara US) following whole genome library preparation and conditions taken 

from the protocol (http://www.agilent.com/cs/library/usermanuals/Public/G9450-90000.pdf).  

2.5% of the samples sequenced were processed using these conditions.  This was designed for 

frozen material and to produce fragments of 150bp length.   

Table 6 Initial Covaris® conditions for S220 model 

Setting Value 

Duty Factor 10% 

Peak Incidence Power 175 

Cycles per Burst 200 

Treatment Time 360 seconds 

Bath Temperature 4 - 8°C 

 

Over time experimental plans changed and exome sequencing data was not integrated into the 

wider cohort analysis. This was due to our desire to prioritise CNA investigations in as many 

samples as possible.  Inclusion of exome data in the 90-patient cohort was cost prohibitive.  We 

had, however, modified sonication conditions following a pilot of exome sequencing when we 

observed a bimodal distribution of very short DNA insert size computationally. This was sub-

optimal for bioinformatic analyses and resulted in wasted sequencing due to adapter read 

through. This was likely due to the variation in fragmentation that is known to occur in FFPE 

samples.   

In order to account for this, we sonicated samples to have an average fragment size analysed on 

the bioanalyser of 340bp.  The conditions are shown in Table 7.  This was larger than desired for 

exome sequencing but, by this point in the project, we had decided against exome sequencing 

and it was suitable for the ThruPLEX® DNA-seq Kit (Rubicon Genomics, Ann Arbor, Michigan, 

USA).  We observed an average fragment size larger than predicted by manufacturers for frozen 

tissue processing due to the presence of large cross-linked fragments. Larger fragments, 

http://www.agilent.com/cs/library/usermanuals/Public/G9450-90000.pdf
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however, do not produce library as ThruPLEX® DNA-seq Kit (Rubicon Genomics, Ann Arbor, 

Michigan, USA) is optimised to create libraries from 200-300bp fragments.   

Table 7 Optimised Covaris® conditions for S220 model 

Setting Value 

Duty Factor 10% 

Peak Incidence Power 175 

Cycles per Burst 200 

Treatment Time 85 seconds 

Bath Temperature 4 - 8°C 

 

When we began using the high-throughput Covaris® LE220 (Woburn, Massachusetts, USA) we 

optimised conditions to have an average fragment size as close to 340bp as possible.  The 

conditions tried were based on published protocols and final settings are detailed in Table 8.  

These conditions were used for 86% of samples sequenced.  The LE220 series carried out 

sonication on a per column basis of a full 96 well plate, i.e. 12 x 8 samples columns. 

Table 8 Optimised Covaris® conditions for LE220 model 

Setting Value 

Duty Factor 20% 

Peak Incidence Power 450 

Cycles per Burst 200 

Treatment Time 115 seconds 

Bath Temperature 7ɕ/ 

 

2.2.2 Sample Concentration 

As mentioned previously, ideally 375ng DNA was sonicated to enable 10l˃ aliquots to be 

inputted directly for library preparation.  For samples where this was not possible (n=435), 75ng 

of DNA was sonicated in 50˃l nuclease free water.  Samples were concentrated using Eppendorf 

Concentrator 5301 (Eppendorf, Stevenage, UK).  Samples were concentrated at 45ɕC to <10˃ l 

and resuspended to a total of 10˃l prior to library preparation.  This allowed for comparable 

input irrespective of initial concentrations of DNA following extraction. 
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2.2.3 Quality Control Using Bioanalyser 

Following sonication and possible concentration, random samples per experimental batch were 

analysed to confirm successful sonication and comparable average fragment sizes.  This was an 

additional quality control step we added. 

The Agilent High Sensitivity DNA kit (Agilent Technologies, Santa Clara US) was used following 

the manufacturer guidelines.  Average fragment size was calculated by gating the traces using 

the upper limit of 1000bp as fragments larger than this following sonication would not undergo 

successful library preparation.  There was no difference between samples concentrated 

following sonication and those that did not require post-sonication processing (Figure 11) 

. 

 

 

Figure 11 Samples post sonication and speedvac 

This figure shows a bioanalyser trace following sonication of samples.  Samples with limited DNA 

following extraction were concentrated using the speedvac in order to reconcile differences 

between sonication volumes (50˃l) and input for library preparation (10˃l).  We carried out 

quality control to ensure that there was no difference between sonicated samples that 

underwent concentration post-sonicaǘƛƻƴ ŀƴŘ ǘƘƻǎŜ ǘƘŀǘ ŘƛŘƴΩǘΦ мκо ƻŦ ǘƘŜ ǎŀƳǇƭŜǎ ƛƴ ǘƘŜ ǘǊŀŎŜ 

ŀōƻǾŜ ƘŀŘ ōŜŜƴ ŎƻƴŎŜƴǘǊŀǘŜŘΣ ǘƘŜ ƻǘƘŜǊǎ ƘŀŘƴΩǘ ς these are indicated by red asterix signs on 

the trace.  Average fragment sizes for all samples were within 50bp of one another. 

  

*  
*  

*  
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2.2.4 Library Preparation 

Libraries were prepared using the 96 sample Dual Index ThruPLEX® DNA-seq Kit (Rubicon 

Genomics, Ann Arbor, Michigan, USA).  Samples were prepared following the manufacturer 

protocol.  The methodology follows standard library preparation workflow.  It is a single tube 

workflow, designed to minimise loss of material.  The major steps are outlined and explained in 

Figure 12. 

 

 

 

 

 

 

 

 

 

 

 

 

 

1. Repair 

Following sonication, the ends of the DNA were repaired to produce double stranded fragments 

with blunt ends 

2. Ligate 

Adapters bound with high affiniǘȅ ǘƻ ǘƘŜ рΩ ŜƴŘ ƻŦ ƎŜƴƻƳƛŎ 5b!Φ  Stem-loop aŘŀǇǘŜǊǎ ǿƛǘƘ рΩ 

blocked ends were used to prevent adapters binding to one another, a common problem in DNA 

library preparation.   

  

Figure 12 ThruPLEX® DNA-Seq workflow 

 

http://www.google.co.uk/url?sa=i&rct=j&q=&esrc=s&source=images&cd=&cad=rja&uact=8&ved=0CAcQjRw&url=http://rubicongenomics.com/applications/dna-seq/&ei=QMWSVZnFCoSCzAO52qDQCA&bvm=bv.96783405,bs.1,d.bGQ&psig=AFQjCNHpUVo6ULky7BDd7wt5znkwcH2kZQ&ust=1435768510309133
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3. Extend, Cleave, Amplify 

²ƘŜƴ ŀŘŀǇǘŜǊǎ ǿŜǊŜ ƭƛƎŀǘŜŘΣ ŀ оΩ ƴƛŎƪ ǿŀǎ ƭŜŦǘΦ  Lƴ ǘƘŜ Ŧƛƴŀƭ ǎǘŜǇΣ ǘƘŜ оΩ 5b! ŜƴŘǎ ǿŜǊŜ ŜȄǘŜƴŘŜŘ 

to complete library synthesis triggering cleavage of the stem-loop adapters.  Sample-specific 

dual indices were added, intercalated and library amplified via 8 cycles of high fidelity PCR. 

The protocol was optimised for low input frozen samples and also shown to be suitable for use 

with FPPE material.  FFPE material is typically of poorer quality and fragmented with variable 

levels of amplification.  Following discussions with the manufacturer, it was decided that we 

would adapt the protocol to use 75ng input DNA and carry out 8 PCR amplification cycles. 

For every batch of libraries prepared (20-95 samples per batch) a no-template control (nuclease 

free water) was included.    

2.2.5 Library Quantification 

Libraries were quantified by qPCR using KAPA library Quantification Kit for Illumina Sequencing 

Platforms KK4854 (Kapa Biosystems, Wilmington, US).  The manufacturers protocol was 

followed.   

ǉt/w ǊŜŀŎǘƛƻƴǎ ǿŜǊŜ мл˃ƭ όс˃ƭ ǇǊƛƳŜǊ ƳŀǎǘŜǊ ƳƛȄΣ н˃ƭ ǿŀǘŜǊ ŀƴŘ н˃ƭ ǎŀƳǇƭŜύ ŀƴŘ ŜŀŎƘ ǎŀƳǇƭŜ 

was run in triplicate.  Six DNA standards were used: 20, 2, 0.2, 0.02, 0.002, 0.0002pM.   The no 

template control reaction from library preparation and fresh nuclease free water control were 

run alongside the libraries in triplicate.  This ruled out any contamination from library and qPCR 

preparation.  Any Ct values more than 0.5 cycles different from other replicates from the same 

sample were discounted and reaction efficiency for the standards between 90 and 100% was 

ensured.   

In the initial smaller batches of library preparation, libraries were diluted 1:1000, 1:10,000 and 

1:100,000 as recommended by the ThruPLEX® DNA-seq protocol.  This was impractical to 

perform in a high-throughput setting when all libraries were run in triplicate.  The dilution that 

consistently fell reliably within the range of DNA standard Ct values was 1:100,000.  Therefore, 

all libraries were subsequently diluted 1:100,000 as standard for quantification.  This ensured 

that concentrations of all libraries and no template control samples could be calculated using a 

single 384 well plate, reducing confounding batch effect.     

Library concentrations were calculated using the formula supplied by the manufacturer (Table 

9). 
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Table 9 Calculating library concentration 

Library 

Name 

Concentration in 

Triplicate (pM) 

Average 

Concentration 

Size Adjusted 

Concentration 

Dilution 

Factor 

Concentration 

of Undiluted 

Library (pM) 

Library 1 

1:100000 

A1 A2 A3 A A x 

(452/library 

average 

fragment size) 

= Y 

100000 Y x 100000 

Library 2 

1:100000 

B1 B2 B3 A B x 

(452/library 

average 

fragment size) 

= Z 

100000 Z x 100000 

 

Library fragment size was calculated using the Agilent High Sensitivity DNA kit (Agilent 

Technologies, Santa Clara US).  11 random libraries from the batch prepared together were run 

on a single bioanalyser chip, gated according to protocol and average fragment size across the 

libraries was calculated.  These samples were deemed representative of the whole batch as all 

of the samples had been treated identically from the point of extraction.   

2.2.6 Library Pooling 

In order to overcome batch effect further downstream in the sequencing process, batches of up 

to 95 samples were pooled for sequencing.  As per the ThruPLEX DNA-seq protocol, unpurified 

libraries were pooled at a concentration of 20nM.  A 100l˃ aliquot of pool underwent 

purification to remove primer dimer artefacts introduced during PCR.  Purification was carried 

out using AMPure XP beads as per the protocol supplied by ThruPLEX® DNA-seq (Rubicon 

Genomics, USA) at a bead:library volume ratio of 1:1.   

Final pool quantification was carried out using the KAPA library Quantification Kit protocol at 

1:1000, 1:10,000 and 1:100,000.  Fragment size was, again, determined using the Agilent High 
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Sensitivity DNA kit (Agilent Technologies, Santa Clara US).  An  unpurified pool was run alongside 

the  purified pool to establish the removal of primer dimers (Figure 13).  

Sample pools were submitted for WGS at a concentration of 20nM.  

 

Figure 13 Primer dimer removal example 

The above traces show the same pool of individually barcoded sample libraries.  Libraries per 
batch were pooled together for sequencing to reduce batch effect.  The x-axis shows the 
fragment length in base pairs.  The y-axis shows the intensity of fluorescence.  The peaks at 35 
and 10380bp are the control upper and lower markers.  Unpurified and purified pools were run 
in duplicate on a single bioanalyser chip.  The unpurified pool in duplicate is shown in the upper 
panel with primer dimers at around 100bp from PCR amplification highlighted in the red box.  
The lower panel shows the purified pool with no primer dimers. 
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2.3 Quality Control of sWGS Data  

Samples were prepared in batches of up to 95 samples run alongside a no-template control of 

water.  Library preparation was successful in 99% of samples.  Batches contained progressor and 

non-progressor patients and were randomly assigned.  16 samples underwent 10 cycles of PCR 

in order to obtain sufficient library for sequencing, all others underwent 8 PCR cycles.  Samples 

were pooled per batch in order to overcome sequencing batch effect.  The 16 samples with extra 

PCR cycles were pooled together and separately from any samples with only 8 PCR cycles.  

Batches were run over sufficient lanes to average 10 samples per HiSeq lane.  As discussed, our 

methodology was based on the study published by Scheinin et al in low grade glioma.  We aimed 

to increase the average coverage from 0.1X (in their study) to 0.4X coverage to account for 

poorer cellularity in biopsies.  The average number of reads we achieved per sample was 

23,062,191 (range 3872011-220095445) which correlated to 0.4X coverage (Table 10). 

 

Table 10 sWGS metrics 

 Mean Median Range 

Number of Reads 23062191 21926250 3,872,011 ς 
220,095,445 

Coverage  0.4X 0.4X 0.1 ς 3.7X 

Number of reads ς number of reads per sample inputted to QDNAseq post alignment and 
filtering QC 

Coverage ς The term used to correlate the number of reads with number of times an individual 
ōŀǎŜ ƛǎ ΨǊŜŀŘΩ   
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2.4 Bioinformatic Analysis of Copy Number  

2.4.1 Sequencing Depth 

There were 2 depths of sWGS used for copy number analysis, 0.2-fold (0.2X) and 0.4-fold (0.4X), 

according to the cellularity of the samples as explained below.  Samples were sequenced at the 

Cancer Research UK Cambridge Institute genomics core. 

Optimisation in OAC 

The published methodology by Scheinin et al (Scheinin et al., 2014) was followed for sequencing 

optimisation in OAC.  Single end 50bp sequencing was carried out on the HiSeq2500 to reach 

approximately 8 million reads per sample.  This correlated to approximately 0.2X coverage. 

.ŀǊǊŜǘǘΩǎ {ŀƳǇƭŜǎ ŦƻǊ /ƻǇȅ bǳƳōŜǊ !ƴŀƭȅǎƛǎ 

As with the OAC samples, single end 50bp sequencing was carried out.  To account for poorer 

cellularity in biopsy samples, we sequenced at approximately 0.4X (16 million reads). 

Approximately 10 patient samples were run per HiSeq2500 lane.  Part-way through the project, 

the technology used by the genomics core changed to the HiSeq 4000.  This resulted in higher 

number of reads per flow cell but also a higher proportion of duplicates per sample.  We, 

therefore, continued to run 10 samples per lane to achieve the same depth of coverage. 

2.4.2 QDNAseq Processing 

Sequencing data was aligned using Burrows-Wheeler Aligner (BWA) and processed using the 

software package QDNAseq:  

https://bioconductor.org/packages/release/bioc/html/QDNAseq.html, developed and 

published by Scheinin et al (Scheinin et al., 2014).  

QDNAseq processing consists of two steps performed in each sample.  The first step involves 

dividing the human genome into ǊŜƎƛƻƴǎ ŎŀƭƭŜŘ ΨōƛƴǎΩ ǘƘŀǘ ǿŜǊŜ 15kb in length and non-

overlapping.  Raw number of reads per bin were presented on median-normalised log2-

transformed copy number profiles Figure 14A. 

In the second step, samples are simultaneously corrected for GC content and mappability. 

Typically, in different analysis methods, GC content and mappability (well established to affect 

raw read count data) were corrected independently from one another.  Given the artefacts 

present in FFPE material, the authors determined simultaneous correction produced cleaner 

copy number profiles. Median raw copy number values were calculated for regions with the 

same GC content and mappability and fitted a local regression (LOESS) curve.  Raw read counts 

were divided by this LOESS value per GC content and mappability combination (Figure 14B).   
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Further filtering was carried out based on the combination of recurrently altered regions of the 

genome identified by the ENCODE project, particularly known repeat elements, such as 

satellites, centromeric, and telomeric repeats.  This step improved the copy number profiles, 

however, Scheinin et al identified further artefactual regions.  They analysed normal genomes 

from 38 patients across ethnicities from the 1000 Genome Project.  From this, Scheinin et al 

defined a further 10,431 Ψ.ƭŀŎƪƭƛǎǘŜŘ ōƛƴǎΩ ǿƘƛŎƘ were removed from analysis (Figure 14C).   

Plots from Figure 14 were taken from data from Scheinin et al from the Netherlands 

investigating low grade glioma.  An example from data from a sample of OAC is shown in Figure 

15.  As with the low-grade glioma data, copy number profiles improved from the raw copy 

number data following downstream filtering. 
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Figure 14 Example copy number plots from Scheinin et al 2014 

Figure of example data from (Scheinin et al., 2014). X axis shows 15kb non-overlapping bins 

across chromosomes 1 ς 23 with median-normalised log2-transformed data on the y-axis.  

Top left corners indicate the number and size of bins (15kb) and top right show the expected 

and observed standard deviation. 

A Indicates raw, uncorrected sequencing data prior to any downstream processing.  

B Shows the same sample as A post filtering for GC content and mappability.  Median raw 

copy number values were calculated for regions with the same GC content and mappability 

and fitted a local regression (LOESS) curve.  Raw read counts were divided by this LOESS 

value per GC content and mappability combination. 

C The same plot as in A and B but having undergone filtering for blacklisted regions. 

Blacklisted regions from the ENCODE project as well as further analysis of normal samples 

from the 1000 genomes project were removed 
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Figure 15 Example of pre and post filtering with QDNAseq from our data 

Figure of an FFPE OAC sample from our study following 0.2X shallow WGS.  The left shows raw 

copy number data.  X axis shows 15kb non-overlapping bins across chromosomes 1 ς 23 with 

median-normalised log2-transformed data on the y-axis.    

On the right-hand side of the figure, the same sample is shown following downstream processing 

with QDNAseq. Median raw copy number values were calculated for regions with the same GC 

content and mappability and fitted a local regression (LOESS) curve.  Raw read counts were 

divided by this LOESS value per GC content and mappability combination.  Blacklisted regions 

from the ENCODE project as well as further analysis of normal samples from the 1000 genomes 

project were removed. 
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2.4.3 Segmentation 

In order to comment on regions of relative gains or losses, segmentation was carried out; this is 

standard methodology for copy number analysis.   

For optimisation in OAC and .ŀǊǊŜǘǘΩǎ, (Results chapter 3), we used DNAcopy for segmentation 

(Olshen et al., 2004).  This was offered as an option to be used as part of QDNAseq. During 

optimisation we wanted to carry out methodology as close to the work by Scheinin et al as 

ǇƻǎǎƛōƭŜΦ  CƻƭƭƻǿƛƴƎ ƻǇǘƛƳƛǎŀǘƛƻƴΣ ǿŜ ŎŀǊǊƛŜŘ ƻǳǘ ǎƘŀƭƭƻǿ ²D{ ƛƴ ƻǳǊ .ŀǊǊŜǘǘΩǎ ŎƻƘƻǊǘ ƻǾŜǊ ǘƛƳŜ 

and space for 89 patients.  We chose to use piecewise constant segmentation implemented by 

ŀƴ w ǇŀŎƪŀƎŜ ŎŀƭƭŜŘ ΨŎƻǇȅƴǳƳōŜǊΨ (Nilsen et al., 2012).  This was chosen over DNAcopy as it 

offered the possibility for joint segmentation across multiple samples from an individual patient 

over time resulting in data normalisation within patients.   

The input for segmentation was the read counts adjusted by the loess fit from QDNAseq per 

15kb non-overlapping bin.  Segmentation jointly interrogates peaks identifying break points for 

the segment, rather than the fixed size bins used in the analysis upstream of this, and assigns 

values to each segment per sample. Diploid regions have a segment value of approximately 1.  

An example of segmentation from our BE cohort is shown in Figure 16.  This figure shows 

segmentation data on chromosome 8 of an isolated sample.  The majority of the chromosome 

is diploid (segmentation value of 1) with focal amplifications and deletions. 

As we had data from frozen, high cellularity tissue samples and poorer cellularity diagnostic FFPE 

biopsy for one patient, initial cut-offs for identification of copy number gains and losses were 

set based on this patient.  A gain was defined as 1.1 and a loss 0.9.  We investigated other 

methods of sample and patient specific clustering (e.g. k-means) and none of these analyses 

suggested we should alter these values significantly.  This was advantageous for high throughput 

patient analyses and comparing samples within a patient as well as grouping patients as cohorts 

of progressors or non progressors. 
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2.4.4 Complexity 

!ǎ ǿŜ ƪƴŜǿ .ŀǊǊŜǘǘΩǎ ǘƻ ōŜ highly heterogeneous, we determined to include a measure of 

complexity or diversity, shown previously to be important in predicting progression of patients 

ǿƛǘƘ .ŀǊǊŜǘǘΩǎ όdiscussed in chapter 1). 

Affinity Propagation Clustering 

In the first instance, we investigated complexity using affinity propagation (AP) clustering using 

ǘƘŜ w ǇŀŎƪŀƎŜ ΨŀǇŎƭǳǎǘŜǊΩ ǇǊƻǾƛŘƛƴƎ Ǌŀǿ ǎŜƎƳŜƴǘŀǘƛƻƴ ǾŀƭǳŜǎ ƻƴ ŀ ǇŜǊ-sample basis (Frey and 

Dueck, 2007, Bodenhofer et al., 2011).  The main advantage of AP clustering over other 

clustering methods (e.g. K-means) for this data set was the fact that we did not have to pre-

define the number of clusters we expected to find.  This method works by using a distance 

measure to evaluate the similarity between each pair of data points (e.g. segmentation values 

for a single segment in two samples) then iteratively clustering similar data pairs and selecting 

a point in eŀŎƘ ŎƭǳǎǘŜǊ ŀǎ ǘƘŜ ΨŜȄŜƳǇƭŀǊΩ όǎƛƳƛƭŀǊ ǘƻ ŀ ƪ-means centroid).   Our input for this 

method was raw segmentation data from all samples in an individual patient.  Negative Euclidian 

distance measure was used to measure similarity between sample data points.  Multiple 

iterations were carried out resulting in multiple pairwise distance measures.  This information 

ǿŀǎ ǳǎŜŘ ǘƻ ŘŜŦƛƴŜ ΨŜȄŜƳǇƭŀǊǎΩ ŦƻǊ ŎƭǳǎǘŜǊǎ ŀƴŘ ŀǎǎƛƎƴŜŘ ƻǘƘŜǊ Řŀǘŀ Ǉƻƛƴǘǎ ǘƻ ŎƭǳǎǘŜǊǎ ōŀǎŜŘ ƻƴ 

similarities to exemplar data points (Figure 17).   

Figure 16 Example of segmentation of chromosome 8 in a sample 

Example of segmentation of chromosome 8 in an isolated sample.  Diploid regions of the genome 

equate to a segmentation value of approximately 1 on the y-axis. The x-axis represents genomic 

regions of chromosome 8 from the beginning on the left-hand side.  
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Figure 17 Affinity Propagation clustering workflow by Frey and Duek 2007 

Figure taken from Frey and Duek 2007 to explain how affinity propagation clustering works. 
Negative Euclidian distance measure was used to measure similarity between data points.  
Multiple iterations were carried out resulting in multiple pairwise distance measures.  This 
ƛƴŦƻǊƳŀǘƛƻƴ ǿŀǎ ǳǎŜŘ ǘƻ ŘŜŦƛƴŜ ΨŜȄŜƳǇƭŀǊǎΩ Ŧor clusters and assigned other data points to 
clusters based on similarities to exemplar data points. The scale bar indicates exemplar regions 
in red and other data points in green assigned to clusters indicated by black lanes and arrows. 

 

This is discussed in more detail in the Results section 4.1.3, however in brief the number of 

clusters is correlated to how similar samples are to one another.  When samples are more 

similar, there will be fewer exemplar regions required to cluster all data points.  We clustered 

samples per patient and were, therefore, able to comment on complexity using the number of 

ŎƭǳǎǘŜǊǎ ǇǊŜǎŜƴǘ ǇŜǊ ǇŀǘƛŜƴǘ ŀƴŘ ŀ ΨǎƛƳƛƭŀǊƛǘȅ ǎŎƻǊŜΩ ǇŜǊ ǇŀǘƛŜƴǘ ǿŀǎ ŀǎǎƛƎƴŜŘ ōȅ ǘƘŜ !t ŎƭǳǎǘŜǊƛƴƎ 

method. 

Complexity score per sample 

Whilst AP clustering encouraged us that complexity was a useful measure from copy number 

data, it required at least 2 samples to be able to cluster data points.  Clinically it would be more 

useful to be able to run individual samples.  We, therefore, included three per-sample global 

measures to reflect the general genomic disorder/complexity in the sample:  

¶ Length of segment ς following segmentation, as described in 2.4.3 samples with fewer copy 

number changes will have a longer average segment length as the majority of the genome 

will be diploid 

¶ Variance within a sample ς this was the distance of the segments from one another on a 

per-sample basis  
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¶ Number of extreme copy number values per sample ς extreme copy number values of 

normalised data were defined as +/- 2 standard deviations from the mean 

2.5 Generalised Linear Model 

²Ŝ ŀǇǇƭƛŜŘ ŀ ƎŜƴŜǊŀƭƛǎŜŘ ƭƛƴŜŀǊ ƳƻŘŜƭ όD[aύ ǳǎƛƴƎ ǘƘŜ w ǇŀŎƪŀƎŜ ΨƎƭƳƴŜǘΩ (Friedman et al., 

2010), to interrogate the strength of relationship of multiple variable measures with known 

outcomes, in this case progression to HGD/OAC or not.  One of the major advantages of using 

machine learning methods to interrogate this data is that prior knowledge of drivers is not 

required.  We were primarily interested in how accurately we were able to classify our patient 

groups and, if successful, which features or variables played the greatest role in identifying this 

separation.  

2.5.1 Model Development 

As described further in the results chapter 4, we carried out shallow WGS on 89 patients, 45 who 

progressed to HGD/IMC and 44 who did not progress.  We divided the cohort into a 69-patient 

discovery cohort (35 progressors and 34 non-progressors) and 20-patient validation (10 

progressors and 10 non-progressors) in order to strengthen our results and predictions. 

 We built a model using all the 643 samples from the 69 patients in the discovery cohort.  The 

data input was values of genomic regions post segmentation (2.4.3) and complexity score (2.4.4) 

per sample.  

To define features (or coefficients) to interrogate, we divided the genome into 590 features of 

approximately 5Mb.  This was the smallest bin size that was appropriate for the GLM, any smaller 

and the number of features outnumbered the number of samples meaning there were too many 

degrees of freedom in the model.   

The data was encoded across the genome in this way so that we could compare all samples 

across all patients against one another.  This was required because post segmentation region 

sizes, number of samples and number of timepoints were different per patient due to the 

segmenter working based on peaks rather than bins. As segment sizes and locations varied, 

when encoding the data, we used the weighted averages (by basepair coverage) of segment 

values as the value per 5Mb bin.  At this size, a median of 2 copy number segments overlapped 

each bin. 

As feature identification was important in this project, we determined to develop a model that 

would confidently and reliably separate progressors and non-progressors (classification rate) 

using as few of the defined features as possible. We investigated this by altering the elasticnet 

penalty value and an example of model development is shown in Figure 18.  The elasticnet 
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penalty in glmnet is defined between 0 (pure Ridge regression) and 1 (pure LASSO regression). 

The closer the penalty is to 1 the sparser the final feature set will be.  

Figure 18 shows example quality control plots used in the development of multiple models with 

different lambda values for each alpha value.  For each alpha value, there is a classification and 

binomial deviance plot. On the classification plots, the y-axis shows the proportion of patients 

correctly identified as progressor or non-progressor for each lambda value (on the x-axis).  

[ŀƳōŘŀ ǾŀƭǳŜǎ όŀƭǎƻ ŎŀƭƭŜŘ Ψ[м-ƴƻǊƳΩ ƻǊ ΨƭŜŀǎǘ ŀōǎƻƭǳǘŜ ŘŜǾƛŀǘƛƻƴǎΩ ǾŀƭǳŜǎύ ŀƛƳ ǘƻ ƳƛƴƛƳƛǎŜ ǘƘŜ 

sum of the differences between the real progression status and the what the model predicted.  

It aims to shrink the coefficients to 0 meaning that any features with coefficients that do not 

shrink to 0 can be identified as contributing to the model, keeping in mind that these are not 

the only contributors and any highly correlated coefficients will result in only a single coefficient 

being selected.  the binomial deviance plots which is the most accurate measurement for 

ΨƎƻƻŘƴŜǎǎ ƻŦ ŦƛǘΩΦ  ¢ƘŜ ƭƻǿŜǊ ǘƘŜ ƳŜŀƴ ōƛƴƻƳƛŀƭ ŘŜǾƛŀƴŎŜ ǾŀƭǳŜΣ ǘƘŜ ōŜǘǘŜǊ ǘƘŜ ŦƛǘΦ   

2.5.2 Cross Validation and Model Definition 

Each model with a particular alpha and lambda values was built on 5-fold cross-validation.  1/5 

of all patients and their samples were removed per iteration and a model built using the 

remaining 4/5 patients.  The classification value is the proportion of the removed patients who 

were successfully classified per model.  For each alpha and lambda value, this 5-fold cross 

validation was run 10 times on 5 different splits resulting in 50-fold cross validation.  The values 

plotted in classification plots of Figure 18 were the mean classification values per model and 

standard error bars.  For every classification plot, the error rate increased as the lambda values 

approached 0.  This was reflected in the binomial deviance plot.  

For each elasticnet penalty value, the optimal model is shown by the blue dot.  In order to reduce 

ΨƻǾŜǊŦƛǘǘƛƴƎΩ ōȅ ǎŜƭŜŎǘƛƴƎ ǘƘŜ ōŜǎǘ ƳƻŘŜƭ ǇƻǎǎƛōƭŜΣ ǿŜ ŎƘƻǎŜ ǘƘŜ ƳƻŘŜƭ ǘƘŀǘ ǿŀǎ ƻƴŜ ǎǘŀƴŘŀǊŘ 

error away from the optimal model.  These are denoted by the red dots on the graphs.   
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Figure 18 Example GLM model development 

GLM model development using varying alpha (elasticnet penalty) values from Ridge regression 
(alpha = 0) to LASSO regression (alpha = 1).  Per alpha value, 2 plots are shown: classification and 
binomial deviance.  Each model was built on 5-fold cross-validation and run 10 times resulting 
in 50-fold cross-validation.  The variable factors are lambda (x-axis) and alpha penalty (above 
pairs of plots).  The classification result correlates to the proportion of patients correctly 
classified as progressor or non-progressor.  For each model, the mean classification value plus 
error bars from the 50-fold cross-ǾŀƭƛŘŀǘƛƻƴ ƛǎ ǇƭƻǘǘŜŘΦ  ¢ƘŜ ΨƻǇǘƛƳŀƭΩ ŎƭŀǎǎƛŦƛŎŀǘƛƻƴ ƳƻŘŜƭ ǇŜǊ 
alpha value is denoted by the blue dot and the number of genomic features required to separate 
between the 2 cohorts is written on the dotted line crossing through the blue dots.  The red dots 
denote models 1 standard error away from the optimal model to avoid overfitting.  As before, 
the number of features required for the model is shown on the dotted line passing through the 
red dot. The binomial deviance plot indicates goodness of fit, the lower the deviance, the better 
the fit.  The red and blue dots on these plots correspond with the optimal model dots on the 
classification plot. 
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2.5.3 Feature Stability 

The closer to lasso regression from ridge regression, the sparser a model should become i.e. the 

fewer the features required to separate patients. 

We were interested in further identifying features used to drive the classification of patients per 

model.  

Figure 19 shows information for the example model per alpha value described in Figure 18ς the 

model 1 standard error away from the optimal model in order to avoid over fitting.  The x-axis 

of figure indicates the elasticnet penalty between 0 and 1.  The y-axis indicates the mean 

classification rate for the selected model based on the cross validation.  The number above the 

error bars per classification value not in brackets indicates the total number of features reported 

as driving each model across the 50-fold validation, i.e. coefficients not shrunk to 0.  The number 

in brackets indicated the number of features observed in more than 75% of these iterations and, 

therefore, the most stable features for separation of patient cohorts per model.   

2.5.4 Further Model Validation 

We removed HGD/IMC samples to confirm that samples further down the progression pathway 

were not driving the model. 

In order to check for possible confounding features that could have been driving separation 

rather than CNAs, we investigated the: number of samples per patient; number of reads per 

ǎŀƳǇƭŜ ŀƴŘ ŀ ΨǇǊƻȄȅΩ ƳŜŀǎǳǊŜ ŦƻǊ ŎƻƳǇǳǘŀǘƛƻƴŀƭ ŎŜƭƭǳƭŀǊƛǘȅ ŀƴŘ ƻōǎŜǊǾŜŘ ƴƻ ŘƛŦŦŜǊŜƴŎŜǎΦ  ²Ŝ 

also re-ran the model with randomised labels.  We also carried leave one (patient) out analysis 

to ensure that models were not driven by a couple of patients. 
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Figure 19 Example penalty and feature stability across models 

Example plot to show the classification rate and number of features driving the model for the 
best models defined per elasticnet/alpha value.  These models were 1 standard error away from 
the optimal model in order to avoid over fitting.  The x-axis of figure indicated the alpha value 
(or elasticnet penalty) between 0 and 1, 0 being full Ridge regression and 1 full LASSO regression.  
The y-axis indicated the proportion of the discovery cohort (69 patients) who were correctly 
identified as a progressor or not.  The number above the error bars per classification value not 
in brackets indicated the total number of features reported as driving each model across the 50-
fold validation.  The number in brackets indicated the number of features observed in more than 
75% of these iterations and, therefore, the most stable regions for separation of patient cohorts 
per model.  As the elasticnet penalty increased, the number of features identified as driving the 
model decreased.  These features were conserved across each model i.e. the recurrent features 
present in the full LASSO model (20) all featured in the model with alpha value of 0.9 plus 2 new 
features.   
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2.6 Immunohistochemistry of p53  

Samples were cut for IHC processing ŀǘ ǘƘŜ ¢ƛǎǎǳŜ .ŀƴƪ ŘŜǇŀǊǘƳŜƴǘ ƻŦ !ŘŘŜƴōǊƻƻƪŜΩǎ IƻǎǇƛǘŀƭΣ 

Cambridge. 

The immunostaining was carried out on the Leica BOND-a!·ϰ ǎȅǎǘŜƳ ǳǎƛƴƎ .ƻƴŘ tƻƭȅƳŜǊ 

Refine Detection reagents (Leica Microsystems UK Ltd., Milton Keynes, UK) and a monoclonal 

antibody for wild type and mutant forms of p53, NCL-L-p53-D07 (Leica Microsystems UK Ltd., 

Milton Keynes, UK).  The protocol for p53 staining had previously been optimised clinically and 

in the laboratory. The antibody used was and was diluted 1:50.  A maximum of 30 slides (29 

cases + 1 positive control) were stained per Bond run.  Slides of the cell line OE33 were used as 

a positive control in every experiment.  Following staining, slides were counterstained using the 

Leica Autostainer XL and then cover-slipped using the Leica Fully Automated Glass Coverslipper. 

2.6.1 Scoring System 

Each slide had ƳǳƭǘƛǇƭŜ ōƛƻǇǎƛŜǎ ŦǊƻƳ ŀ ǎƛƴƎƭŜ ƭŜǾŜƭ ƻŦ ǘƘŜ ƻŜǎƻǇƘŀƎǳǎ ǿƛǘƘƛƴ ǘƘŜ ǇŀǘƛŜƴǘΩǎ 

ǎŜƎƳŜƴǘ ƻŦ .ŀǊǊŜǘǘΩǎΦ  {Ŏƻring was performed by myself following training from expert 

ǇŀǘƘƻƭƻƎƛǎǘǎ ό5Ǌ aŀǊƛŀ hΩ5ƻƴƻǾŀƴ ŀƴŘ 5Ǌ !ƘƳŀŘ aƛǊŜƳŜŘƛύΦ  !ƭƭ ǎŎƻǊŜǊǎ ǿŜǊŜ blinded regarding 

the pathological status of the patient.   

Score 1 ς Weak staining, similar to background 

Score 2 ς Moderate diffuse staining not clearly discriminated from background 

Score 3 ς Strong positive staining in BE epithelium 

Score 4 ς Absent pattern staining in BE epithelium  

Examples of staining scoring is shown in Figure 20.  Any slides displaying equivocal or significant 

staining (score 2 ς 4) were double scored by an expert pathologist (Dr Ahmad Miremedi).  Scores 

ƻŦ м ŀƴŘ н ǿŜǊŜ ŎƭŀǎǎŜŘ ŀǎ Ψƴƻƴ-ǎƛƎƴƛŦƛŎŀƴǘΩ Ǉро ǎǘŀƛƴƛƴƎ ŀƴŘ о ŀƴŘ п ŀǎ ΨǎƛƎƴƛŦƛŎŀƴǘΩ or abnormal 

p53 staining.  Following scoring for each tissue sample on a slide, it was determined whether 

staining overall was significant or non-significant for a particular slide.  Significance was called if 

one or more biopsy on the slide contained significant staining for p53.   
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Figure 20 Examples of p53 immunohistochemistry scoring system 

The scoring system used in the cohort when investigating expression of p53.  Scores of 1 and 2 

ǿŜǊŜ ǘŜǊƳŜŘ Ψƴƻƴ-ǎƛƎƴƛŦƛŎŀƴǘΩ ŀǎ ǘƘŜ ǎǘŀƛƴƛƴƎ ƛǎ ǎƛƳƛƭŀǊ ǘƻ ǘƘŜ ōŀŎƪƎǊƻǳƴŘ ǎǘŀƛƴƛƴƎ ǇǊŜǎŜƴǘ ƛƴ ǘƘŜ 

samples.  A score of 3 meant that the sample displayed a strong overexpression of p53 

suggestive of stabilisation and overexpression of the protein in oesophageal crypts.  Absent 

pattern staining was scored as 4.  This refers to complete lack of p53 expression.  Scores of 3 

and 4 were classed as significant staining in the scoring system. 

*adapted from Zeki and Fitzgerald 2015 
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3 Results: Patient Selection and Optimisation of 

Shallow Whole Genome Sequencing 
3.1 Patient Cohorts 

To ensure the highest level of clinical applicability for this study, we decided to use samples 

ǘŀƪŜƴ ŀǎ ǇŀǊǘ ƻŦ ǘƘŜ ŎǳǊǊŜƴǘ ΨDƻƭŘ {ǘŀƴŘŀǊŘΩ ŎƭƛƴƛŎŀƭ ƳŀƴŀƎŜƳŜƴǘ ƻŦ ǇŀǘƛŜƴǘǎ ǿƛǘƘ BE.  As 

described previously, these are diagnostic FFPE biopsies taken during endoscopic surveillance of 

patients who progressed to HGD/OAC and those who have never progressed to HGD/OAC. As 

discussed in Section 2.1, suitable patients were identified from an extensive database of over 

5000 patients held in the Fitzgerald laboratory.  Patients who progressed were recruited when 

discussed at MDT ƳŜŜǘƛƴƎǎ ŀǘ !ŘŘŜƴōǊƻƻƪŜΩǎΦ   

A brief summary of key details (described in detail in Chapter 2) are below: 

A progressor ǿŀǎ ŘŜŦƛƴŜŘ ŀǎ ŀ ǇŀǘƛŜƴǘ ǳƴŘŜǊ ǎǳǊǾŜƛƭƭŀƴŎŜ ŦƻǊ .ŀǊǊŜǘǘΩǎ ǿƘƻ ǇǊƻƎǊŜǎǎŜŘ ǘƻ ID5 

or OAC.  They must have had equal to or greater than 1 yeŀǊΩǎ Ŧƻƭƭƻǿ ǳǇΦ 

A non-progressor was defined ŀǎ ŀ ǇŀǘƛŜƴǘ ǳƴŘŜǊ ǎǳǊǾŜƛƭƭŀƴŎŜ ŦƻǊ .ŀǊǊŜǘǘΩǎ ǿƘƻ Ƙŀǎ ƴƻǘ 

progressed to HGD or OAC.  They must have had equal to or greater than 3 ȅŜŀǊǎΩ follow up. 

!ǘ ŜǾŜǊȅ ŜƴŘƻǎŎƻǇȅ ŀǘǘŜƴŘŜŘ ōȅ ŀ ǇŀǘƛŜƴǘ ŀǎ ǇŀǊǘ ƻŦ .ŀǊǊŜǘǘΩǎ surveillance, diagnostic FFPE 

ǎŀƳǇƭŜǎ ǿŜǊŜ ǘŀƪŜƴ ŜǾŜǊȅ нŎƳ ƻŦ ŀ ǎŜƎƳŜƴǘ ƻŦ .ŀǊǊŜǘǘΩǎ ŀǎ ǇŀǊǘ ƻŦ ǘƘŜ ǎǘŀƴŘŀǊŘ ǎǳǊǾŜƛƭƭŀƴŎŜ 

protocol.  Per patient, we have samples taken using this method from separate endoscopies 

over time.  As they were diagnostic samples, we have histological information for all of the 

samples taken over time and space.  The samples were processed for DNA extraction and 

immunohistochemistry.  

At the time of writing 139 patients have been identified as suitable for the study: 49 progressors 

and 90 non-progressors.  We have processed samples from 109 of these patients (49 progressors 

and 60 non-progressors).  The remaining 30 non-progressor patients have been identified as 

suitable and follow up documented for future studies.  Samples have not been processed by the 

CUH tissue bank as it is costly and time-consuming to carry out and no studies require these 

samples in the immediate future Figure 21. 

As shown in Figure 21 we included all available progressor patients in all analyses. In the case of 

rare diseases and/or expensive technologies, nested case-control cohorts are often used. As 

mentioned, cases and controls were from the same research database with strong clinical 

ŀƴƴƻǘŀǘƛƻƴ ŀƴŘ ƳŀǘŎƘŜŘ ŦƻǊ ŀƎŜΣ ǎŜȄ ŀƴŘ ƭŜƴƎǘƘ ƻŦ .ŀǊǊŜǘǘΩǎ ǘƻ ƳƛƴƛƳƛǎŜ ŎƻƴŦƻǳƴŘƛƴƎ ŦŀŎǘƻǊǎΦ 

Given the high costs associated with WGS we matched cases and controls 1:1. 
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As detailed in chapter 2, samples were processed for DNA extraction as well as blank slides for 

immunohistochemistry. We have DNA extracted from 1096 samples Table 11 and, following 

extraction, 804 samples from 89 with sufficient DNA for sequencing.  1012 diagnostic blocks had 

sufficient material for an H&E slide followed by up to 10 blank slides for immunohistochemistry.  

We, therefore, have 10,609 slides stored (Table 11). 

We removed a non-progressor patient who progressed to OAC in 2017 after more than 10 years 

under surveillance with NDBE.  We have processed the samples to the point of progression 

meaning the patient could be included in future studies as a progressor. One further non-

progressor retracted consent for samples to be used in research and was therefore removed 

from analyses. 

In addition to being central to the body of work included in this thesis, the wealth of samples 

afforded by this PhD, together with high-quality clinical annotation of samples, makes it an 

invaluable resource for the Fitzgerald laboratory.   

 

 



 
 

 

 

 

Figure 21 Consort diagram 

Consort diagram to explain the different cohorts described in this thesis.  In the overall cohort, we determined to identify approximately a 2:1 

ratio of non-progressors : progressors in order to ensure availability of plenty of material for current and future studies.  We decided on a 1:1 

patient ratio for the sequencing cohort for cost reasons as we wanted to sequence as many samples per patient as possible. 

Yellow boxes indicate patients who we have identified, clinically reviewed and for which I processed samples.  Red boxes show excluded patients.  

Green boxes indicate the 2 cohorts with results presented in this thesis.   
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Table 11 Summary of samples available for overall cohort 

Abbreviations: FFPE ς formalin-fixed paraffin embedded, H&E ς haematoxylin and eosin 

 

The patient demographics for the final cohort used for sequencing and IHC are summarised in  

 

  

Sample Type Number of Samples 

Total FFPE blocks requested for processing 1291 

Blocks with sufficient tissue for DNA 
Extraction 

1096 

Samples with sufficient tissue for H&E and 
blank slides 

1012 

Total number of slides (H&E + blank slides) 10,609 
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Table 12Φ  !ǎ ŘƛǎŎǳǎǎŜŘ ƛƴ ǘƘŜ ƳŜǘƘƻŘǎΣ ǇŀǘƛŜƴǘǎ ǿŜǊŜ ƳŀǘŎƘŜŘ ŦƻǊΥ ŀƎŜΣ ǎŜȄΣ ƭŜƴƎǘƘ ƻŦ .ŀǊǊŜǘǘΩǎ 

and length of follow up.  To maximise the stability of non-progressors as far as possible, they 

had significantly longer follow up than the progressors.  
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Table 12 Patient demographics for overall cohort 

A table of demographics for patients for whom we have processed samples.  As expected from 

the matching criteria, the only significant difference between the progressors and non-

progressors was the length of surveillance. 

 

 

 

 

 

  

 
Progressors  

(n=45) 

Non-Progressors 

(n=58) 

P value 

Age (years) 60.4 (42-82) 

 

60 (31-76) 

 

0.31 

Sex (M:F)  (37:8) (44:15) 0.29 

Maximal 
.ŀǊǊŜǘǘΩǎ 
Oesophagus 
Length (cm)  

4.58 (1-10) 

 

 5.29 (1-15) 
 
 

0.36 

Length of 
Surveillance 
(Years) **  

5.87 (1-15) 

 

8.14 (3-14) 

 
 

0.0005 

5ŀǘŀ ǎƘƻǿǎ ƳŜŀƴ όǊŀƴƎŜύ ŦƻǊ ŀƎŜΣ .ŀǊǊŜǘǘΩǎ ƭŜƴƎǘƘ ŀƴŘ ƭŜƴƎǘƘ ƻŦ ǎǳǊǾŜƛƭƭŀƴŎŜΦ  {ŜȄ Ǌŀǘƛƻ ƛǎ 
rounded to the nearest whole number. 

P value calculated using Chi Squared test for sex and Mann Whitney U test for all other 
categories. 

** indicates significant differences between median values. 
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3.2 Cohort Rationale 

As discussed in Chapter 1, the emerging genetic landscape of OAC is one of high mutational 

burden and heterogeneity between patients. Understanding global changes such as CNAs, 

genetic diversity and clonal evolution may prove important to further our knowledge of BE 

progression and provide biomarkers for diagnosis and progression risk.  We determined to 

ƛƴǾŜǎǘƛƎŀǘŜ /b!ǎ ƛƴ ǘƘŜ ǇǊƻƎǊŜǎǎƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎ ǳǎƛƴƎ ǎ²D{ όƧǳǎǘƛŦƛŜŘ ƛƴ /ƘŀǇǘŜǊ мύ ŀƴŘ ŎƻƳǇŀǊŜ 

to p53 IHC. 

3.3 Shallow Whole Genome Sequencing Optimisation 

¢ƘŜ ǿƻǊƪ ŦǊƻƳ .ŀǳƪŜ ¸ƭǎǘǊŀΩǎ ƎǊƻǳǇ ƛƴǾŜǎǘƛƎŀǘƛƴƎ CNAs in FFPE material using sWGS was 

predominantly in low grade glioma (Scheinin et al., 2014, van Thuijl et al., 2014).  They developed 

and published a software called QDNAseq, described in more detail in Methods (section 2.4.2).  

As well as low grade gliomaΣ ǘƘŜȅ ƛƴŎƭǳŘŜŘ ŀƴŀƭȅǎŜǎ ƻŦ н ƻǊŀƭ ǎǉǳŀƳƻǳǎ ŎŜƭƭ ŎŀǊŎƛƴƻƳŀΩǎ ŀƴŘ ǘƘŜ 

breast cancer cell line BT474 to show that it was not a tumour-specific method.  We were, 

therefore, confident this was a methodology we could apply to our FFPE diagnostic material.  

However, it was not a technique published in OAC.  We initially carried out optimisation in OAC 

as a proof of principle.  Following on from this, we then needed to optimise this technique in 

.ŀǊǊŜǘǘΩǎ ŦƻǊ ǳǎŜ ƛƴ ƻǳǊ ǇŀǘƛŜƴǘ ŎƻƘƻǊǘΦ 

3.3.1 Optimisation in OAC 

We used material from a patient in the ICGC oesophageal project, also led by our group, because 

we had high quality WGS data as a comparison.  The patient was a male, diagnosed with OAC 

(T3N0M0) at 77 years.  Snap frozen patient tumour samples were taken for ICGC and, at the 

same time, FFPE material was taken from spatially distinct regions in the tumour.  The frozen 

sample used was scored as having 90% cellularity by an expert pathologist and had 50X WGS as 

ǇŀǊǘ ƻŦ L/D/Φ  ¢ƘŜ ǘǳƳƻǳǊΩǎ ŎƻǇȅ-number profile had been analysed using FREEC as part of the 

standard ICGC pipeline (Boeva et al., 2012).   

We extracted DNA from ǘƘƛǎ ǇŀǘƛŜƴǘΩǎ FFPE material scored as 70% tumour cellularity for sWGS.  

We carried out sWGS as per the protocol published by Scheinin et al and processed samples 

using the QDNAseq software package.  As sequencing chemistry had advanced from the 

publication, the coverage we obtained for the OAC sample was 0.2X rather than 0.1X.  We 

generated log2 ratio plots with segmentation values per bin shown by the orange line (Figure 

22).  

The copy number steps in the FREEC plot generated from 50X sequencing as part of ICGC and 

the FFPE sWGS had clear similarities.  In order to compare directly and quantify these 
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similarities, we ran both samples through the same software.  FREEC was designed for at least 

10X sequencing data.  For this reason, we downsampled the 50X sequencing to 0.2X coverage 

using Samtools and ran these data in the same way as the FFPE sample through QDNAseq.  The 

segmented plots are shown side by side in Figure 22.  We generated the results from CGHcall- 

designed for CNA analysis from array data and offered as part of QDNAseq for calling copy 

number alterations.  We compared the calls per 15kb bin (gain, loss or none).  There was, as 

expected, more noise in the FFPE sample, however the profiles generated looked very similar.  

When quantified, we observed 90.5% agreement in copy number calls.  This was particularly 

encouraging as samples were taken from spatial distinct tumour regions and the heterogeneity 

within tumours is well described (Sottoriva et al., 2015). 

In Figure 22, example gains and losses common to both samples are highlighted.  These include 

gains in 1q, 5p, 6, 7q, 8q, 13 and 20 with focal gains on chromosome 17 and losses were observed 

in chromosomes 8p and 18q.  Gains are highlighted in red triangles and losses in blue.  A number 

of genes in these regions are gains and losses previously annotated in the literature and include 

amplifications of VEGFA, MYC, BCL9 and ERBB2 as well as deletions in SMAD4 and RUNX1 (Ross-

Innes et al., 2015a, Frankel et al., 2014, Dulak et al., 2012). 

From these data, we were therefore confident that sWGS could be used successfully to detect 

CNAs in FFPE material from OAC using the software package QDNAseq.  We expected that this 

ǘŜŎƘƴƛǉǳŜ ƘŀŘ ǘƘŜ ǇƻǘŜƴǘƛŀƭ ǘƻ ōŜ ŀǇǇƭƛŜŘ ǘƻ .ŀǊǊŜǘǘΩǎ CCt9 ōƛƻǇǎƛŜǎ ƛƴ ƻǊder to further 

investigate the role of CNAs in the progression to OAC.  

 



 
 

 

Figure 22 Optimisation of 
sWGS in OAC 

Figure of a single patient 

who was part of ICGC.  We 

downsampled their 50X 

sequencing data to 0.2X to 

be comparable with 0.2X 

sWGS data we obtained 

from sequencing of an 

FFPE sample.  These 

samples were from the 

same tumour but distinct 

spatially and in terms of 

storage (frozen vs FFPE).  

0.2X sequencing of frozen 

and FFPE samples were 

processed using QDNAseq 

and segmented using 

DNAcopy.   

Copy number calls were 

identified using CGHcall.  

Over 90% of calls were 

shared between the 2 

samples and examples of 

gains and losses annotated 

with known cancer genes 

are shown in the lower 

panel.  
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3.3.2 hǇǘƛƳƛǎŀǘƛƻƴ ƛƴ .ŀǊǊŜǘǘΩǎ 

.ŀǊǊŜǘǘΩǎ ǎŀƳǇƭŜǎ ƘŀǾŜ ǘǿƻ ƳŀƧƻǊ ŘƛŦŦŜǊŜƴŎes compared with tumour samples.  Firstly, they have 

poorer cellularity as samples are biopsy samples compared to surgical resection, and secondly 

there are fewer CNAs present in the majority of samples ŀǎ ƛǘΩǎ ŀ premalignant lesion (Ross-Innes 

et al., 2015a, Li et al., 2014).    

As with the tumour pilot, we compared a patient from whom we already had copy number data 

available from ICGC.  We had 50X sequencing for a 90% cellularity snap frozen tumour sample 

taken from the resected tumour in 2011.  The FFPE sample was a diagnostic biopsy sample with 

50% IMC.  To account for the difference in cellularity, we carried out 0.4X for the FFPE biopsy 

sample.  

Samples were processed in the same way as the OAC sample, through QDNAseq and the plots 

in Figure 23 are the same log2 ratio plots with the orange segmentation line from DNA copy.  

Again, the 50X WGS data was downsampled using Samtools to 0.4X coverage and the output 

compared the poorer cellularity FFPE biopsy.  We saw similar profiles between the 2 samples 

and, as with the tumour, more noise in the FFPE sample.   

We observed alterations in genes assocƛŀǘŜŘ ǿƛǘƘ h!/ ŀƴŘ .ŀǊǊŜǘǘΩǎ ƛƴŎƭǳŘƛƴƎΥ ŀƳǇƭƛŦƛŎŀǘƛƻƴǎ ƛƴ 

EGFR, GATA4 and ZNF217 as well as loss of CDKN2A ƪƴƻǿƴ ǘƻ ōŜ ŀƴ ŜŀǊƭȅ ŜǾŜƴǘ ƛƴ .ŀǊǊŜǘǘΩǎ 

development (Figure 23).  

We analysed calls generated by CGHcall on a per-15kb bin basis, 91% of bins had the same copy 

number call.  We confirmed this using the Battenberg algorithm, which is an orthogonal platform 

to call copy umber, and obtained an even higher correlation of 93% calls.   

We further downsampled the samples from approximately 18 million reads per sample to 13.5 

and 10 million respectively and observed 82 and 92% concordance respectively.  The difference 

was likely due to the random nature of downsampling but gave us confidence that we could 

accurately call over 80% copy number calls from samples from an individual tumour distinct in 

terms of: location that the samples were taken from, time that samples were taken (one was 

the diagnostic biopsy and the other from the point of surgical intervention), cellularity and 

storage method. 
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Figure 23 Optimisation of sWGS in Barrett's  

CƛƎǳǊŜ ƻŦ ŀ ǎƛƴƎƭŜ ǇŀǘƛŜƴǘ ǿƘƻ ǿŀǎ ǇŀǊǘ ƻŦ L/D/ ŀƴŘ ƻǳǊ .ŀǊǊŜǘǘΩǎ ŎƻƘƻǊǘΦ  ²Ŝ ŘƻǿƴǎŀƳǇƭŜŘ ǘƘŜƛǊ 

50X sequencing data to 0.4X from frozen tumour material to be comparable with 0.4X sWGS 

data we obtained from sequencing of an FFPE diagnostic biopsy sample.  These samples were 

from the same tumour but distinct spatially and in terms of storage (frozen vs FFPE) and 

cellularity with the diagnostic biopsy having lower cellularity.  0.4X sequencing of frozen and 

FFPE samples were processed using QDNAseq and segmented using DNAcopy.  Copy number 

calls were identified using CGHcall.  Over 90% of calls were shared between the 2 samples and 

examples of gains and losses annotated with known cancer genes are shown in the lower panel.  
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3.4 Discussion 

3.4.1 Patient Cohorts 

! ǎǳƛǘŀōƭȅ ƳŀǘŎƘŜŘ ǇŀǘƛŜƴǘ ŎƻƘƻǊǘ ǿŀǎ ƛŘŜƴǘƛŦƛŜŘ ŦƻǊ ŀƴŀƭȅǎƛƴƎ ǘƘŜ ǇǊƻƎǊŜǎǎƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎΦ ²ƛǘƘ 

over 1000 samples available for DNA and histological examination over time and space from 

these patients, we have collated a precious and unique resource for analysis as part of this 

project as well as wider use within the laboratory. Due to stringent inclusion and exclusion 

criteria as well as financial limitations, patient numbers were limited. However, numbers were 

similar to comparable studies described in Chapter 1 and the number of samples included was 

significantly more and are the largest number to be analysed using whole genome sequencing 

to date. Importantly, we are continuing to identify suitable patients who fulfil criteria defied by 

the study protocol and may be appropriate for future studies.  We have obtained ethical 

approval to investigate progression using all laboratory techniques, including sequencing 

technologies for somatic alterations. 

In an effort to maintain clinical applicability we defined progression as the development of HGD 

or IMC if HGD was not diagnosed prior to IMC development.  This is because clinicians routinely 

intervene endoscopically at the point of HGD rather than waiting for the development of OAC in 

an effort to increase survival rates through early diagnosis. Increasingly, intervention at the point 

of LGD is considered if confirmed by multiple endoscopies, but this is less routine. 

In order to account for possible confounding factors, we ensured patients were matched for age, 

ǎŜȄ ŀƴŘ ƭŜƴƎǘƘ ƻŦ .ŀǊǊŜǘǘΩǎΦ  ! ŎƘŀƭƭŜƴƎŜ ǿƘŜƴ ƛƴǾŜǎǘƛƎŀǘƛƴƎ .ŀǊǊŜǘǘΩǎ ƛǎ ŜƴǎǳǊƛƴƎ ǘƘŜ ǎǘŀōƛƭƛǘȅ ƻŦ 

non-progressors as it is impossible to say whether they will ever progress.  This was highlighted 

by 1 patient in our cohort who progressed to IMC in 2017 following 10 years of surveillance and 

NDBE.  To account for this, we ensured that non-progressors had significantly longer follow-up 

than progressorsΦ  ²ƘŜǊŜ ǇƻǎǎƛōƭŜ ǿŜ ƻƴƭȅ ƛƴŎƭǳŘŜŘ ǇŀǘƛŜƴǘǎ ǿƛǘƘ ǎǘŀōƭŜ b5 .ŀǊǊŜǘǘΩǎ ŘƛŀƎƴƻses.  

As discussed, dysplasia diagnosis is subjective making this impossible for all patients.  Where 

patients were diagnosed with LGD, we ensured that at least 2 subsequent endoscopies were ND 

.ŀǊǊŜǘǘΩǎΦ  

3.4.2 Optimisation of sWGS 

We have successfully applied ǘƘŜ ǘŜŎƘƴƛǉǳŜ ŀŘƻǇǘŜŘ ōȅ .ŀǳƪŜ ¸ƭǎǘǊŀΩǎ ƎǊƻǳǇ ƛƴ low grade glioma 

for the first time ƛƴ h!/ ŀƴŘ .ŀǊǊŜǘǘΩǎ ƻŜǎƻǇƘŀƎǳǎ ŀƴŘ ŀǊŜ ŎƻƴŦƛŘŜƴǘ ƛƴ ƛǘǎ ŀǇǇƭƛŎŀǘƛƻƴ ǘƻ ŀ ǿƛŘŜǊ 

patient cohort (Scheinin et al., 2014).   

We robustly confirmed this methodology in OAC through comparison between FFPE and SF 

samples from spatially distinct locations of an individual tumour obtained as part of ICGC.  In 
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spite of well-documented issues of intra-tumour heterogeneity, we observed over 90% 

agreement in CNAs between the samples when processed using QDNAseq.  It was encouraging 

that these alterations were in regions previously identified in OAC (Frankel et al., 2014, Dulak et 

al., 2012). 

sWGS is a technique also used in the context of circulating tumour DNA with incredibly low allele 

fraction at as low as 0.1X coverage with success (Belic et al., 2015, Mohan et al., 2014, Ulz et al., 

2016).   This, and its applicability in FFPE samples, gave us confidence to optimise this method 

ƛƴ ŘƛŀƎƴƻǎǘƛŎ ōƛƻǇǎƛŜǎ ŦǊƻƳ .ŀǊǊŜǘǘΩǎ ǎǳǊǾŜƛƭƭŀƴŎŜΦ  ²Ŝ ŘŜŎƛŘŜŘ ǘƻ ƛƴŎǊŜŀǎŜ coverage to 0.4X to 

account for poor cellularity. 

!ǎ ǿƛǘƘ ƻǳǊ ƻǇǘƛƳƛǎŀǘƛƻƴ ƛƴ h!/Σ L/D/ ƎŀǾŜ ǳǎ ŀ ΨƎƻƭŘ-ǎǘŀƴŘŀǊŘΩ ŎƻƳǇŀǊƛǎƻƴ ŦƻǊ ǘƘŜ ǇƻƻǊ 

cellularity, FFPE diagnostic biopsy.  We decided to compare these samples using orthogonal 

platforms for copy number analysis in order to ensure robustness and were encouraged to see 

over 90% concordance and a classical OAC profile using both methods.       

¢ƘŜǎŜ Řŀǘŀ ƎŀǾŜ ǳǎ ŎƻƴŦƛŘŜƴŎŜ ǘƻ ŎŀǊǊȅ ƻǳǘ ǎ²D{ ƛƴ ƻǳǊ .ŀǊǊŜǘǘΩǎ ŎƻƘƻǊǘ ŀǎ ŀ ƳŜǘƘƻŘ ŦƻǊ 

ŀƴŀƭȅǎƛƴƎ /b!ǎ ƛƴ ǘƘŜ ǇǊƻƎǊŜǎǎƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎΦ  !ƭǘƘƻǳƎƘ ǿŜ ŎƻǳƭŘ ŘŜǘŜŎǘ /b!ǎ at over 80% 

using shallower sequencing depths, we determined to carry on 0.4X sequencing to account for 

the variation in cellularity and the fact that dysplasia diagnoses are often focal.  To optimise 

clinical applicability, we determined to develop methods that were high-throughput. 

 

 

  



93 
 

4 Results: Copy Number Changes in The 

tǊƻƎǊŜǎǎƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎ 
¢ƘŜ ŀƛƳ ŀŘŘǊŜǎǎŜŘ ƛƴ ǘƘƛǎ ŎƘŀǇǘŜǊ ǿŀǎ ǘƻ ƛƴǾŜǎǘƛƎŀǘŜ /b!ǎ ƛƴ ǘƘŜ .ŀǊǊŜǘǘΩǎ progressors and non-

progressors cohort.  

In total, 804 samples across the 89 patients were analysed.  The study design for this cohort is 

shown in Figure 24.  The cohort was randomly sub-divided into discovery and validation patient 

cohorts to strengthen the reliability of any progression biomarker algorithm that was derived 

from the data. 

The average number of samples per patient in the discovery cohort was 9.2 with a wide range 

of 1-31 samples.  The validation cohort was similar with an average number of samples per 

patient of 8.8 and the same range of 1-31 samples.  

 

 

Figure 24 Copy number cohort study design 

 

  

89 patients

(804 samples)

45 Progressors

(361 samples)

35 Discovery 

(303 samples)

10 Validation 

(58 samples)

44 Non-
Progressors 

(443 samples)

34 Discovery 

(340 samples)

10 Validation 

(103 samples)
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4.1 Global Copy Number Results  

Based on the segmented copy number data generated using the piecewise constant fitter 

segmenter (described in methods 2.4.3), we initially investigated global differences at the copy 

number level between progressor and non-progressor patients.  Cut-offs for calling gains and 

losses from segmentation values were based on the patient described in Chapter 3 for whom 

we had 50X WGS on frozen IMC as well as poorer cellularity FFPE biopsy material from their 

diagnostic biopsy.  The bioinformatic methodology is described further in Methods section 2.4.  

A gain was called as above 1.1 and a loss below 0.9. The analyses presented in section 4.1 

ŜȄŎƭǳŘŜŘ ID5 ƻǊ La/ ǎŀƳǇƭŜǎ ōǳǘ ƛƴŎƭǳŘŜŘ ŀƭƭ ƻǘƘŜǊ ǎŀƳǇƭŜǎ ŎƻƭƭŜŎǘŜŘ ŀǎ ǇŀǊǘ ƻŦ .ŀǊǊŜǘǘΩǎ 

surveillance over time and space.    

4.1.1 Size and Number of Aberrations 

When we investigated the length of alterations (in terms of base pairs) at the sub-chromosomal 

level, we observed statistically significantly larger changes in the progressors compared with the 

non-progressors (p<0.001) (Figure 25).   The median length of alterations 2.38Mb for the 

progressor cohort and 1.52Mb for the non-progressor patients (Figure 25).  In these analyses, 

we adjusted for chromosomal length.  The difference also remained significant when we 

specifically investigated longer (1-12) and shorter (13-22) chromosomes.  To confirm that the 

most advanced samples were not responsible for driving the differences we observed, HGD and 

IMC samples were removed from the analysis.  Statistically significant differences remained for 

all of the analyses described.    
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Figure 25 Length of copy number alterations 

Dot plot to show the median and spread of length for regions called as gains or losses.  

Gains were called as segmentation values above 1.1 and below 0.9.  The median values 

were approximately 2.4Mb in progressors vs 1.5Mb in non-progressors.  This was 

significantly different between the cohorts (P < 0.001). 

 

 



96 
 

We investigated the total number of segments defined as variable observed between the 2 

patient cohorts and observed significantly more alterations in the progressor than non-

progressor patients (Figure 26).  The median number of alterations observed in the progressor 

patients was 18.5 and 2.5 in the non-progressor cohort (p=0.00154).  As before, we removed 

HGD and IMC samples from the analyses to confirm that these samples were not driving the 

difference between the 2 cohorts.   

 

 

Figure 26 Total number of variable regions including endpoint 

Dot plot to show the median and spread of number of regions called as gains or losses per 

patient.  Gains were called as segmentation values above 1.1 and below 0.9.  The median values 

were approximately 20 in progressors vs 2.5 in non-progressors. This was significantly different 

between the cohorts (P < 0.001). 
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The difference between cohorts also remained significant when we investigated gains and 

losses independently Figure 27.   

 

 

 

Figure 27 Gains and losses in progressors vs non-progressors 

Bar chart to show the total number variable regions in progressors and non-progressors 

separated by gains and losses. Gains were called as segmentation values above 1.1 and below 

0.9.  This was significantly different between the cohorts (P < 0.001). HGD and IMC samples were 

excluded in these analyses. Abbreviations: P ς progressors, NP ς non-progressors, HGD ς high-

grade dysplasia, IMC ς intramucosal cancer 
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4.1.2 Cancer Associated Genes with Copy Number Alterations 

Regions called as gains or losses covered 10% genome of progressor patients and 1% non-

progressor patients Figure 28. 

²Ŝ ŜȄǇŜŎǘŜŘ ǘƻ ƻōǎŜǊǾŜ ƳƻǊŜ Ǝŀƛƴǎ ŀƴŘ ƭƻǎǎŜǎ ƛƴ ΨŎŀƴŎŜǊ-ŀǎǎƻŎƛŀǘŜŘ ƎŜƴŜǎΩ ƛƴ ǘƘŜ ǇǊƻƎǊŜǎǎƻǊ 

cohort as these patients had progressed further along the path of carcinogenesis.  To test this 

hypothesis, we annotated the chromosomal aberrations we observed across the 2 patient 

cohorts with the catalogue of somatic mutations in cancer (COSMIC), the cancer gene census 

database.  This is an ongoing effort from the Sanger Institute in Cambridge, UK to catalogue 

genes identified as being causally implicated in cancer when mutated.  We observed more 

alterations in these genes in the progressor patients compared with the non progressors as well 

as more patients affected by these alterations (Figure 29).   

Figure 29 shows the top 50 genes as ranked according the frequency of gains or loss in the 

progressor cohort.  The full list of altered genes is shown in supplementary data (Appendix 1).  

As expected, we observed loss of CDKN2A (p16) in both progressor and non-progressor cohorts 

ŀǎ ǘƘƛǎ ƛǎ ǿŜƭƭ ŘƻŎǳƳŜƴǘŜŘ ǘƻ ōŜ ŀƴ ŜŀǊƭȅ ŜǾŜƴǘ ƛƴ .ŀǊǊŜǘǘΩǎ ŘŜǾŜƭƻǇƳŜƴǘ ŀƴŘ ƴƻǘ ŀǎǎƻŎƛŀǘŜŘ ǿƛǘƘ 

progression, Figure 29. It is worth noting that, from these analyses, we were unable comment 

on driver and passenger events because, as described in Chapter 1, cancer evolves due to 

accumulation of genetic aberrations including CNAs.  These alterations arise in a single cell and 

ŎƭƻƴŜǎ ƻŦ ŎŜƭƭǎ ǿƛǘƘ ǘƘŜǎŜ ŀōŜǊǊŀǘƛƻƴǎ Ƴŀȅ ōŜŎƻƳŜ ΨŦƛǘǘŜǊΩ ǘƘŀƴ ƻǘƘŜǊ ŎŜƭƭǎ ƭŜŀŘƛƴƎ ǘƻ ƛƴŎǊŜŀǎŜ 

ǇǊƻƭƛŦŜǊŀǘƛƻƴ ŀƴŘ ŜȄǇŀƴǎƛƻƴ ƻŦ ǘƘŜǎŜ ŎƭƻƴŜǎΦ  ! ΨŘǊƛǾŜǊΩ ŜǾŜƴǘ ǊŜŦŜǊǎ ǘƻ ŀ ǇŀǊǘƛŎǳƭŀǊ ŀƭǘŜǊŀǘƛƻƴ ǘƘŀǘ 

directly contributes to clonal selection and disease progression as opposed to the many other 

ΨǇŀǎǎŜƴƎŜǊΩ ŀƭǘŜǊŀǘƛƻƴǎ ǘƘŀǘ Ƴŀȅ ōŜ ƻōǎŜǊǾŜŘ ƛƴ ŀ ǇŀǊǘƛŎǳƭŀǊ ǎŀƳǇƭŜ ŀ ōȅ-product of a disrupted 

genome rather than required for disease progression.  

Heterogeneity between patients at the level of somatic genomic aberrations is well documented 

in OAC and discussed further in Chapter 1.  As expected, we observed high levels of 

heterogeneity within our cohort with the vast majority of genes only being affected in fewer 

than 5 patients in each cohort.



 
 

 

Figure 28 Mountain plot of variable regions 

Plot to show data from all samples excluding HGD and IMC samples separated by progressor and non-progressor status (non-progressors on top and 

progressors below).  Chromosome are show along the top of the plot.  Segmentation values are mean adjusted so that anything other than 0 is gain/loss.  

Gains are in orange/red, losses in green.  Data from all 89 patients is included in this plot. 
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Figure 29 Top 50 genes ranked by number of patients  

We annotated the regions called as gained or lost with COSMIC, the cancer gene census 

database.  We ranked the top 50 genes based on the number of patients sharing alterations of 

individual genes.  We observed more alterations in these genes in the progressor patients 

compared with the non progressors as well as more patients affected by these alterations.  The 

number of patients with a particular gene affected is shown in the key, the majority of these 

genes are seen in fewer than 5 patients, the maximum was 13. HGD and IMC samples were 

excluded from these analyses. 
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4.1.3 Complexity Measure 

Due to the heterogeneity mentioned previously, we determined to investigate a measure of 

complexity for individual patients and compare this between the 2 cohorts.  Other studies 

discussed in detail in chapter 1 have investigated genetic diversity as a method of predicting 

progression, for example using FISH markers (Martinez et al., 2016, Timmer et al., 2016).  In 

these studies, greater diversity was observed in progressor patients as early as their baseline.  

We used affinity propagation clustering for all genomic data from across the genome to infer 

complexity, described in depth in Methods (section 2.4).  In brief, genomic copy number data 

from pairs of samples generated from segmentation was inputted and multiple iterations of 

distance matrices run.  Exemplar points per cluster were defined and all genomic regions 

assigned a cluster (Figure 30).  A significant advantage for this method of clustering compared 

to other methods (e.g. k means) was that there was no need to pre-determine the number of 

clusters per sample.  The more similar samples were to one another, the fewer clusters were 

observed as data points were more similar to one another.   

Figure 30 shows an example patient who progressed to HGD in 2013, prior to that, all samples 

from their 9 years of surveillance ǿŜǊŜ b5 .ŀǊǊŜǘǘΩǎΦ  Figure 30 shows samples on the diagonal 

over time, samples from the same year were taken from the same endoscopy but multiple levels 

within that endoscopy.  Each cluster is a different colour with the exemplar point in the middle 

of the cluster.  When samples were similar to one another, the points were closely correlated.  

When less related, points related to the exemplar of a particular cluster were drawn in from 

further afield (e.g. between 2009 and 2011) and the data points are less tightly correlated.  In 

this particular patient, a cluster unique to the HGD sample (in purple) was observed at the 

endpoint only (Figure 30).  All other clusters were observed in all samples from the baseline 

endoscopy. 

Based on the number of clusters observed in an individual patient, a complexity score was 

assigned per patient.  We saw significantly more clusters in the progressor cohort compared 

with the non-progressor cohort when we included HGD/IMC samples. It was, however, not a 

robust-enough method to predict progression alone as significance was lost when we removed 

HGD and IMC samples (Figure 31). As the study aim was to predict the likelihood of progression 

from as early as possible, this methodology was, therefore, not appropriate for predicting 

progression alone.  
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Figure 30 Example of affinity propagation clustering in a patient 

All genomic regions from one sample were compared directly to all other samples from an 

ƛƴŘƛǾƛŘǳŀƭ ǇŀǘƛŜƴǘΩǎ ǎǳǊǾŜƛƭƭŀƴŎŜΦ  ¢ƘŜ ȅŜŀǊ ŦǊƻƳ ǿƘƛŎƘ ŜŀŎƘ ŜƴŘƻǎŎƻǇȅ ǿŀǎ ŎŀǊǊƛŜŘ ƻut is shown 

as well as pathology.  This patient had ND .ŀǊǊŜǘǘΩǎ ǳƴǘƛƭ ǘƘŜȅ ǇǊƻƎǊŜǎǎŜŘ ǘƻ ID5 ƛƴ нлмоΦ  

Exemplar regions were defined using affinity propagation clustering and all genomic regions are 

clustered based on how similar they are to exemplar regions.  In the plot, different clusters are 

denoted by different colours and regions similar to one another are closely correlated.  The 

ŦǳǊǘƘŜǊ ŀ ǊŜƎƛƻƴ ƛǎ ǇǳƭƭŜŘ ƛƴ ǘƻ ŀ ǇŀǊǘƛŎǳƭŀǊ ŎƭǳǎǘŜǊΣ ǘƘŜ ƭŜǎǎ ǎƛƳƛƭŀǊ ƛǘ ƛǎ ǘƻ ǘƘŀǘ ŎƭǳǎǘŜǊΩǎ ŜȄŜƳǇƭŀǊ 

region.  For example, we saw more of a spread in the 2011 samples when compared to one 

another and with the 2009 samples.  In the HGD sample, we observed a cluster of genomic 

regions unique to this sample (in purple).  Abbreviations: BE ς non-dysplastic BarrettΩǎΣ ID5 ς 

high-grade dysplasia AP ς affinity propagation. 
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Figure 31 Complexity score from affinity propagation clustering 

A box plot identifying the number of clusters defined per patient using affinity propagation.  

This was used as a surrogate marker for complexity and separated progressors and non-

progressors.  This plot included all samples per patient.  P = progressor, NP = non-progressor. 

 

Wilcox p value 0.463 
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4.2 Generation of a Generalised Linear Model to Distinguish 
Between Patient Cohorts 

Data in this section refers to the 69 patients in the discovery cohort. 

Given the global results described, we were encouraged that we could distinguish between 

progressors and non-progressors confidently using sWGS to investigate CNAs.  The significant 

heterogeneity between patients makes it difficult to quantify what is driving these differences 

and predict progression.  As discussed, complexity measures were not sufficient alone to predict 

progression.  This led us to develop a generalised linear model (GLM).  This is a regression model 

that can be used to interrogate the strength of relationship of multiple variable measures with 

known outcomes, in this case progression or not.  One of the major advantages of machine 

learning is tƘŀǘ ǇǊƛƻǊ ƪƴƻǿƭŜŘƎŜ ƻŦ άŘǊƛǾŜǊǎέ ƛǎ ƴƻǘ ǊŜǉǳƛǊŜŘΦ  ²Ŝ ǿŜǊŜ ǇǊƛƳŀǊƛƭȅ ƛƴǘŜǊŜǎǘŜŘ ƛƴ 

how accurately we were able to classify our patient groups and, if successful, which features, or 

variables played the greatest role in identifying this separation. 

4.2.1 Model Development 

We built a model across all the 643 samples from the 69 patients in the discovery cohort (Figure 

24).  The data input was values of genomic regions post segmentation and a complexity score 

per sample.  As stated in the methods, segmentation jointly interrogates peaks identifying break 

points for the segment, rather than the fixed size bins used in the analysis upstream of this and 

assigns values to each segment per sample. Diploid regions have a segment value of 

approximately 1. We had previously investigated complexity using AP clustering (section 4.1.3).  

However, as discussed, this required at least 2 samples to be compared to one another in order 

to obtain a measure of complexity.  We wanted to carry out analysis on a per sample basis for 

clinical applicability.  We, therefore, developed our own measurement of complexity based on 

the length of segments (in bp) where the same value was assigned following segmentation, and 

the variation in segmentation values from the mean value.  This was described in detail In 

Methods (section 2.4.4). 

To define features (or variables), we divided the genome into 590 features of approximately 

5Mb.  This was the smallest bin size that was appropriate for the GLM, any smaller and the 

number of features outnumbered the number of samples meaning there were too many 

degrees of freedom in the model.  The copy number value assigned per sample to each feature 

was the segmentation value.  The segmenter assigned values based on peaks and, therefore, a 

5Mb feature may have multiple values associated with it.  In this case, we calculated the 

weighted average value per feature. 
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As feature identification was important in this project, we determined to develop a model that 

would confidently and reliably separate progressors and non-progressors (classification rate) 

using as few of the defined features as possible. We were able to investigate this by altering the 

elasticnet penalty value.  In Figure 32, the elasticnet penalty is the alpha value of between 0 and 

1.  This value determined where on the scale of Ridge (alpha value = 0) ς LASSO regression (alpha 

value = 1) model an individual model sits (Figure 32). 

Figure 32 shows the quality control plots used in the development of multiple models with 

different lambda values for each alpha value.  For each alpha value, there is a classification and 

binomial deviance plot.  

On the classification plots, the y-axis shows the proportion of patients correctly identified as 

progressor or non-progressor for each lambda value (on the x-axis).  Lambda values (also called 

Ψ[м-ƴƻǊƳΩ ƻǊ ΨƭŜŀǎǘ ŀōǎƻƭǳǘŜ ŘŜǾƛŀǘƛƻƴǎΩ ǾŀƭǳŜǎύ ŀƛƳ ǘƻ ƳƛƴƛƳƛǎŜ ǘƘŜ ǎǳƳ ƻŦ ǘƘŜ ŘƛŦŦŜǊŜƴŎŜǎ 

between the real progression status and the what the model predicted.  It aims to shrink the co-

efficients to 0 meaning that any features with co-efficients that do not shrink to 0 can be 

identified as contributing to the model.  Binomial deviance plots are the most accurate 

ƳŜŀǎǳǊŜƳŜƴǘ ŦƻǊ ΨƎƻƻŘƴŜǎǎ ƻŦ ŦƛǘΩΦ  ¢ƘŜ ƭƻǿŜǊ ǘƘŜ ƳŜŀƴ ōƛƴƻƳƛŀƭ ŘŜǾƛŀƴŎŜ ǾŀƭǳŜΣ ǘƘŜ ōŜǘǘŜǊ ǘƘŜ 

fit.   

Each model with a particular alpha and lambda values was built on 5-fold cross-validation.  1/5 

of all patients and their samples were removed per iteration and a model built using the 

remaining 4/5 patients.  The classification value is the proportion of samples from the removed 

patients who were successfully classified per model. Samples were classified using the default 

threshold for classification of 0.5 probability.  For each alpha and lambda value, 5-fold cross 

validation was run 10 times resulting in 50-fold cross validation.  The values plotted in 

classification plots of Figure 32 were the average classification values per model and standard 

deviation bars.  For every classification plot, the error rate increased as the graph plateaued as 

the lambda value approached 0.  This was reflected in the binomial deviance plots.  

For each alpha value, the optimal model is shown by the blue dot.  To ǊŜŘǳŎŜ ΨƻǾŜǊŦƛǘǘƛƴƎΩ ōȅ 

identifying the best model possible, we chose a model per alpha value one standard error away 

from the optimal model.  These are shown by the red dots on the graphs.   

For each alpha value, we observed a high classification rate of around 70% and a mean binomial 

divergence of between 0.5 and 1.5 indicating that all models performed stably at a similar level 

(Figure 32). 
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Figure 32 GLM model development 

GLM model development using varying alpha (elasticnet penalty) values from Ridge regression 
(alpha = 0) to LASSO regression (alpha = 1).  Per alpha value, 2 plots are shown: classification and 
binomial deviance.  Each model was built on 5-fold cross-validation and run 10 times resulting in 
50-fold cross-validation.  The variable factors are lambda (x-axis) and alpha penalty (above pairs 
of plots).  The classification result correlates to the proportion of patients correctly classified as 
progressor or non-progressor.  For each model, the mean classification value plus error bars from 
the 50-fold cross-ǾŀƭƛŘŀǘƛƻƴ ƛǎ ǇƭƻǘǘŜŘΦ  ¢ƘŜ ΨƻǇǘƛƳŀƭΩ ŎƭŀǎǎƛŦƛŎŀǘƛƻƴ ƳƻŘŜƭ ǇŜǊ ŀƭǇƘŀ ǾŀƭǳŜ ƛǎ 
denoted by the blue dot and the number of genomic features required to separate between the 
2 cohort is written on the dotted line crossing through the blue dots.  The red dots denote models 
1 standard error away from the optimal model to avoid overfitting.  As before, the number of 
features required for the model is shown on the dotted line passing through the red dot. The 
binomial deviance plot indicates goodness of fit, the lower the deviance, the better the fit.  The 
red and blue dots on these plots correspond with the optimal model dots on the classification 
plot. 
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Given the similar performance of the GLM model using copy number data alone across all 6 

alpha values analysed, we turned our attention to the number of features used in each model 

to drive the classification of patients. The fewer number of regions used, the more clinically 

relevant and potentially biologically interesting the model for future studies.  Fewer features 

could also present opportunities to carry out more targeted sequencing of particularly 

interesting regions, potentially lowering the cost and improving clinical applicability of the 

classifier.  It is also possible to comment on functional roles of genomic regions better when 

fewer features are involved in a particular model.   

Figure 33 is a plot to summarise data models per elasticnet penalty described in Figure 32.  Per 

elasticnet penalty, the model 1 standard error away from the optimal model was used in order 

to avoid over fitting the model.  The x-axis of Figure 33 indicated the alpha value (or elasticnet 

penalty) between 0 and 1, 0 being full Ridge regression and 1 full LASSO regression.  The y-axis 

indicated the proportion of the discovery cohort (69 patients) who were correctly identified as 

a progressor or not.  The number above the error bars per classification value not in brackets 

indicated the total number of features reported as driving each model across the 50-fold 

validation, i.e. coefficients not shrunk to 0.  The number in brackets indicated the number of 

features observed in more than 75% of these iterations and, therefore, the most stable regions 

for separation of patient cohorts per model. 
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Figure 33 Penalty and feature stability across models 

Plot to show the classification rate and number of features driving the model for the best models 
defined per elasticnet/alpha value.  These models were 1 standard error away from the optimal 
model in order to avoid over fitting.  The x-axis of figure indicated the alpha value (or elasticnet 
penalty) between 0 and 1, 0 being full Ridge regression and 1 full LASSO regression.  The y-axis 
indicated the proportion of the discovery cohort (69 patients) who were correctly identified as 
a progressor or not.  The number above the error bars per classification value not in brackets 
indicated the total number of features reported as driving each model across the 50-fold 
validation.  The number in brackets indicated the number of features observed in more than 
75% of these iterations and, therefore, the most stable regions for separation of patient cohorts 
per model.  As the elasticnet penalty increased, the number of features identified as driving the 
model decreased.  These features were conserved across each model i.e. the recurrent features 
present in the full LASSO model (19) all featured in the model with alpha value of 0.9 plus 2 new 
features.   

 

All 6 models presented here classified patients stably over 67% with similar error rates.  The full 

Ridge model relied on all 560/590 features for classification. As the alpha value was changed to 

be closer to LASSO regression, the number of features required for this separation decreased as 

expected. The sparsest model was the full LASSO regression model (alpha value of 1) with only 

69 features used in any of the 50-fold cross validation iterations.  These features were the same 

as observed in the less sparse models, but they included further features as well. The number 

of features present in over 75% validation iterations also decreased as the alpha value increased.  

These features were conserved across each model i.e. the recurrent features present in the full 

LASSO model (19) all featured in the model with alpha value of 0.9 plus 2 new features and all 
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21 of those features were the same features present in the 0.8 alpha value model.  This was an 

important observation to show stability between models and that the separation we observed 

was real. 

The full Ridge model was not appropriate for our analyses as nearly all features were used to 

build the model making it difficult to draw biologically meaningful conclusions.  Although the full 

LASSO model was the sparsest model, we chose an alpha penalty of 0.9 in order to avoid 

overfitting ǘƘŜ ƳƻŘŜƭΦ  ¢Ƙƛǎ ƳƻŘŜƭ ƘŀŘ тр ŦŜŀǘǳǊŜǎ ǿƛǘƘ нм ŎƻƴǎŜǊǾŜŘ ŀŎǊƻǎǎ җтр҈ ƛǘŜǊŀǘƛƻƴǎ ƻŦ 

cross-validation. 

These data included all samples from all 69 patients in the training set, including their HGD/IMC 

samples.  We challenged the model and removed these samples from the analysis and it 

remained stable as shown in Figure 34. The classification rate was only 1% lower when using the 

alpha penalty of 0.9 when HGD and IMC samples were removed. Excluding the full ridge model, 

inappropriate for drawing meaningful biological conclusions, the classification rate was stable 

at around 70% when HGD and IMC samples were removed. Given the similar classification rates 

with and without HGD/IMC samples, we determined that the model was not driven by these 

samples and was able to classify samples as at risk of progression or not. We, therefore, 

determined to use the model including all samples to maximise the statistical power.    

In order to check for further possible confounding features that could have been driving 

separation rather than CNAs, we investigated the: number of samples per patient; number of 

ǊŜŀŘǎ ǇŜǊ ǎŀƳǇƭŜ ŀƴŘ ŀ ΨǇǊƻȄȅΩ ƳŜŀǎǳǊŜ ŦƻǊ ŎƻƳǇǳǘŀǘƛƻƴŀƭ ŎŜƭƭǳƭŀǊƛǘȅ ŀƴŘ ǎŀǿ ƴƻ ŘƛŦŦŜǊŜƴŎŜǎΦ  

We also re-ran the model with randomised labels and our ability to classify disappeared.  This 

was evidence that the difference we observed between progressors and non-progressors was 

real and not driven by extremes of gains or losses.  We carried out leave one (patient) out 

analysis and classification rates remained stable above 70%.



 
 

Figure 34 Penalty and feature stability with and without HGD/IMC samples 

Plot to show the classification rate and number of features driving the model for the best models defined per elasticnet/alpha value with (A) and 
without  (B) HGD and IMC samples. These models were 1 standard error away from the optimal model in order to avoid over fitting.  The x-axis 
of figure indicated the alpha value (or elasticnet penalty) between 0 and 1, 0 being full Ridge regression and 1 full LASSO regression.  The y-axis 
indicated the proportion of the discovery cohort (69 patients) who were correctly identified as a progressor or not.  The number under the error 
bars per classification. The value at the bottom of the bar not in brackets indicated the total number of features reported as driving each model 
across the 50-fold validation.  The number in brackets indicated the number of features observed in more than 75% of these iterations and, 
therefore, the most stable regions for separation of patient cohorts per model.  As the elasticnet penalty increased, the number of features 
identified as driving the model decreased.  These features were conserved across each model i.e. the recurrent features present in the full LASSO 
model (19) all featured in the model with alpha value of 0.9 plus 2 new features. Light blue bars indicate the alpha value of 0.9 chosen in order 
to avoid using all features (full ridge) and overfitting the model.   
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4.3 Results from the Model  

The results presented here are for the 69 patients from the discovery cohort as discussed so far 

(35 progressors:34 non-progressors).   

4.3.1 Global Summary 

Figure 35 shows a summary per patient of the samples from their follow-up that were correctly 

classified as progressor or non-progressor using the default probability cut off of 0.5.  We have 

presented these data as a ratio, because the number of samples varied per patient based on 

their length of follow-ǳǇΣ ƭŜƴƎǘƘ ƻŦ .ŀǊǊŜǘǘΩǎ ŀƴŘ ǘƘŜ ŀƳƻǳƴǘ ƻŦ 5b! ƻōǘŀƛƴŜŘ ǇŜǊ ǎŀƳǇƭŜΦ  ²Ŝ 

correctly predicted at least one sample per patient correctly in 94% progressor patients and non-

progressor cohorts.  In a receiver operating characteristic curve (ROC) we observe an area under 

the curve (AUC) of 80.16%. 

We correctly classify all samples in 37% progressor patient and 74% non-progressors and at least 

50% of samples per patient in 80% of progressors and 94% non-progressors.  As mentioned 

ǇǊŜǾƛƻǳǎƭȅΣ ǘƘŜǎŜ ǎŀƳǇƭŜǎ ǿŜǊŜ ǘŀƪŜƴ ƻǾŜǊ ǎǇŀŎŜ ŀƴŘ ǘƛƳŜ ŦǊƻƳ ǘƘǊƻǳƎƘƻǳǘ ŀƴ ƛƴŘƛǾƛŘǳŀƭΩǎ 

patient follow-up.  We have already commented on the pathological and mutational 

ƘŜǘŜǊƻƎŜƴŜƛǘȅ ǿƛǘƘƛƴ ŀ ƭŜǎƛƻƴ ƻŦ .ŀǊǊŜǘǘΩǎΦ  Lǘ ƛǎΣ ǘƘŜǊŜŦƻǊŜΣ ƴƻǘ ŀ ǎǳǊǇǊƛǎŜ ǘƘŀǘ ǿŜ ƻōǎŜǊǾŜ 

heterogeneity when we look at classification on a per-sample basis.  ²Ŝ ŘƛŘƴΩǘ ŎƻǊǊŜŎǘƭȅ ǇǊŜŘƛŎǘ 

any samples from 2 progressor patients.   

For the patients in the non-progressor cohort who had samples predicted as progressor samples 

(26.5% patients), we are unable to comment on whether they will ever progress.  At the point 

of writing this thesis, none have progressed to HGD/IMC or received endoscopic therapy as part 

of their surveillance.  Three patients have died of unrelated causes but had ND at their final 

endoscopy, two have left surveillance but had ND at their most recent endoscopy and four are 

still under regular surveillance. 
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Figure 35 Ratio of samples predicted correctly 

The blue and green bars indicate the ratio of samples correctly classified per patient in the progressor 

and non-progressor patients.  Individual patients (anonymised) are shown down the y-axis.  The ratio 

was used as numbers of samples per patient varies.  1 indicates that all samples from a patient were 

predicted correctly.  The percentages indicate the proportion of patients in a particular sub-category: 

all samples correctly classified, some samples correctly classified and no samples correctly classified.   
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4.3.2 Pathology in Progressor Cohort 

As mentioned, analyses presented in Figure 35 included all samples from a given patient across 

multiple timepoints and different diagnoses of dysplasia.  Figure 36 shows the distribution of 

samples from the progressor patients that were correctly classified according to belonging to a 

ǇǊƻƎǊŜǎǎƻǊ ǇŀǘƛŜƴǘ ǇŜǊ ǇŀǘƘƻƭƻƎȅ ƎǊŀŘŜΦ  CƻǊ ǘƘŜ [D5Σ L5 ŀƴŘ b5 .ŀǊǊŜǘǘΩǎ ǎŀƳǇƭŜǎΣ ƻƴƭȅ ǎŀƳǇƭŜǎ 

taken from endoscopies prior to endpoint endoscopies were included in analyses to account for 

field effect.  94.3% of HGD and IMC samples were correctly identified.  Interesting, 79.6% LGD 

ǎŀƳǇƭŜǎΣ унΦп҈ L5 ǎŀƳǇƭŜǎ ŀƴŘ стΦу҈ ƻŦ b5 .ŀǊǊŜǘǘΩǎ ǎŀƳǇƭŜǎ ǿŜǊŜ ŎƻǊǊŜŎǘƭȅ ŎƭŀǎǎƛŦƛŜŘ ŀǎ 

progressor samples prior to HGD/IMC diagnosis.  This suggested that our method of patient 

classification could be successfully applied prior to histological identification of dysplasia.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 36 Prediction by pathology 

A graph to show the percentage of samples in progressor patients classified correctly separated 

ōŀǎŜŘ ƻƴ ǇŀǘƘƻƭƻƎȅ ƎǊŀŘŜΦ  ¢ƘŜ ID5κLa/ ǎŀƳǇƭŜǎ ǿŜǊŜ ǘŀƪŜƴ ŦǊƻƳ ǘƘŜ ǇŀǘƛŜƴǘΩǎ ŜƴŘǇƻƛƴǘΦ  ¢ƘŜ 

LGD and NDBE samples were from endoscopies prior to HGD/IMC diagnosis.  The total number 

of samples included in analyses are shown in the bars.  Abbreviations: HGD=high-grade 

dysplasia/intramucosal cancer samples, LGD=low-grade dysplasia, ID= indefinite for dysplasia 

NDBE = non-ŘȅǎǇƭŀǎǘƛŎ .ŀǊǊŜǘǘΩǎ. 
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18 patients had samples with LGD diagnoses prior to HGD/IMC included in these analyses.  All 

had at least one of these classified as a progressor sample between 1 and 10 years prior to 

progression. 

Figure 37 ǎƘƻǿǎ ǘƘŜ ǇǊƻǇƻǊǘƛƻƴ ƻŦ b5 .ŀǊǊŜǘǘΩǎ ǎŀƳǇƭŜǎ ǇŜǊ ǇŀǘƛŜƴǘ ǘƘŀǘ ǿŜǊŜ ŎƻǊǊŜŎǘƭȅ ŎƭŀǎǎƛŦƛŜŘ 

as progressor samples using the GLM model.  As with Figure 35, we have presented the samples 

as a ratio given the variation in number of samples per patient.  Importantly, all samples are 

from endoscopies prior to their endpoint diagnosis of HGD/IMC.  29/35 patients had sufficient 

tissue frƻƳ b5 .ŀǊǊŜǘǘΩǎ ǎŀƳǇƭŜǎ ǘƻ ƛƴŎƭǳŘŜ ƛƴ ǘƘŜǎŜ ŀƴŀƭȅǎŜǎΦ ²Ŝ ǇǊŜŘƛŎǘŜŘ b5 .ŀǊǊŜǘǘΩǎ ŀǎ 

being at risk of progressing for 82.8% of these patients at any timepoint.  We classified all ND 

.ŀǊǊŜǘǘΩǎ ǎŀƳǇƭŜǎ ŀǎ ǇǊƻƎǊŜǎǎƻǊ ǎŀƳǇƭŜǎ ƛƴ пуΦо҈ ƻŦ ǘƘŜǎŜ нф ǇŀǘƛŜƴǘǎΦ  ¢ƘŜ number of ND 

samples in patients where 100% were predicted ranged from 1-10 samples between 1 and 13 

years prior to progression.  72.4% patients with ND samples prior to progression had at least 

50% samples predicted as progressors from their ND samples alone. 
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Figure 37 Proportion of progressor ND Barrett's samples per patient classified as progressor 

The red bars indicate the ratio of samples correctly classified per patient in the progressor 

patients.  Patients with ND .ŀǊǊŜǘǘΩǎ ǎŀƳǇƭŜǎ ŀǊŜ ǇƭƻǘǘŜŘ Řƻǿƴ ǘƘŜ ȅ-axis.  The ratio was used 

as numbers of samples per patient varies.  1 indicates that all samples from a patient were 

ǇǊŜŘƛŎǘŜŘ ŎƻǊǊŜŎǘƭȅΦ  ¢ƘŜ ƴǳƳōŜǊ ƻŦ b5 .ŀǊǊŜǘǘΩǎ ǎŀƳǇƭŜǎ ǇŜǊ ǇŀǘƛŜƴǘ ƛǎ ƛƴŘƛŎŀǘŜŘ ƛƴ ǘƘŜ ōƻȄΦ  

Only samples prior to HGD/IMC diagnosis were included.  Abbreviations: NDBE ς non-dysplastic 

.ŀǊǊŜǘǘΩǎ ID5 ς high-grade dysplasia, IMC ς intramucosal cancer. 
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4.3.3 Endoscopies Over Time 

Clinically, it was important to address the question of how early we were able to classify patients 

as progressors or non-progressors.  When looking over time, we included all samples per 

individual endoscopy as these samples were taken as part of standard clinical practice according 

to the Seattle protocol (4 samples every 2cm of BE lesion). The number of endoscopies and 

samples included in analyses is shown in Figure 38. In the progressor cohort, we were able to 

predict progression in 71% of samples prior to 10 years before progression to HGD/IMC (Figure 

38).  Before the endpoint (0-1 month) we consistently classified samples from over 65%, with a 

classification rate of over 70% for the majority of time periods included in these analyses.   

In the non-progressor cohort, the maximum proportion of samples classified as progressor 

samples was 36%. As with the progressor cohort, individual patient profiles were investigated 

further and results of these are presented further in Section 4.3.4. It is worth noting that all 

samples classified as progressor samples were from 9 patients in the non-progressor cohort. 

Given current clinical knowledge of these patients, these endoscopies may be identified as false-

positives, but further follow-up is required before this is known.  



 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 38 Summary of progressor and non-progressor classifications over time 

A summary of the percentage of endoscopies classified as a progressor sample over time.  Time in months is shown prior to endpoint is shown along 
the x-axis. Progressor endpoint was HGD/IMC and non-progressor endpoint was most recent sample not classified as HGD/IMC. The y-axis shows the 
percentage of endoscopies with at least 1 sample classified as a progressor sample.  The total number of endoscopies (n) and number of samples (s) 
included in analyses is shown above the bars. This number varies due to the variation in endoscopy intervals during patient surveillance and the 
overall length of surveillance per patient. Where available, multiple samples per endoscopy were included in analyses. 
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4.3.4 Progressor Profiles Relating to Time and Pathology 

Figure 39 (A-E) show individual progressor patient profiles over time from the 35 patients in the 

discovery cohort.  Figure 39 A shows patients with 8 or more years follow up, B with 6-8 years 

follow-up, C had 4-6 years follow up, patients in D had 2-4 years follow-up and E shows patients 

with samples only available from within 1 year prior to their endpoint endoscopy.  For 

presentation purposes, the full legend is below E of Figure 39.   Per endoscopy, we recorded the 

highest pathology per timepoint and plotted a binary score as to whether any of the samples 

were predicted of progression.  As stated in section 4.2, we used the default probability cut-off 

of 0.5 for determining a sample as predictive or not in these analyses.  Where there were 

multiple endoscopies within the same year, we plotted multiple pathology flags with the highest 

pathology grade identified.  

63% of progressor patients had at least 1 sample predictive of progression from all surveillance 

endoscopies we had material from.  7 of these patients only had samples from their endpoint 

endoscopy or endoscopies within 1 year of progression to HGD/IMC.  All others had samples 

from at least 2 years prior to progression.  We were able to predict all samples as predictive of 

progression as far back as 13 years prior to HGD/IMC progression. 

91% of patients had samples from endoscopies prior to their endpoint endoscopy predictive of 

progression, just not necessarily at every endoscopy. Interestingly patient 30 had samples with 

LGD predictive of progression within the same year as their IMC diagnosis.  However, their IMC 

endoscopy was not predictive of progression. 

As discussed, only 2 patients (6% of the cohort) had no samples correctly predictive of 

progression.  Both only had samples from 2 endoscopies.   

We have shown the patient profile plots from Figure 39 in Appendix 2 with bar charts included 

to show the proportion of samples per endoscopy with any sample predicted as a progressor 

endoscopy.  In brief, only 17% of these endoscopies had less than 100% of samples predictive of 

progression.  Of course, the number of samples included varies on a per endoscopy basis.  

However, this suggests that alterations at the copy number level included in this classification 

method is largely clonal and sample independent. 

In addition, 3 samples from 1 progressor patient (patient 34 as presented in Figure 39A) were 

run as repeats. These samples were from endoscopies in 2000, 2003 and 2010. Samples were 

processed together but in a separate batch from the samples included in analyses presented 

here. As such, they are not true technical repeats. All samples, however, were classified as high 

risk for progression.  
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A 

Anonymised patients with more than 8 years follow-up per row showing pathway of 

progression to HGD/IMC and whether any samples per endoscopy were positively 

classified as progressor or not.  Full legend below Figure 39E.  Abbreviations: BE ς non-

ŘȅǎǇƭŀǎǘƛŎ .ŀǊǊŜǘǘΩǎΣ L5 ς indefinite for dysplasia, LGD ς low-grade dysplasia, HGD ς 

high-grade dysplasia, IMC ς intramucosal cancer 
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B 

Anonymised patients with 6-8 years follow-up per row showing pathway of progression to 

HGD/IMC and whether any samples per endoscopy were positively classified as progressor 

or not.  Full legend below Figure 39E. Abbreviations: BE ς non-ŘȅǎǇƭŀǎǘƛŎ .ŀǊǊŜǘǘΩǎΣ L5 ς 

indefinite for dysplasia, LGD ς low-grade dysplasia, HGD ς high-grade dysplasia, IMC ς 

intramucosal cancer 
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C 

Anonymised patients with 4-6 years follow-up per row showing pathway of 

progression to HGD/IMC and whether any samples per endoscopy were positively 

classified as progressor or not.  Full legend below Figure 39E. Abbreviations: BE ς non-

ŘȅǎǇƭŀǎǘƛŎ .ŀǊǊŜǘǘΩǎΣ L5 ς indefinite for dysplasia, LGD ς low-grade dysplasia, HGD ς 

high-grade dysplasia, IMC ς intramucosal cancer 



122 
 

  

  

D 

Anonymised patients with 2-4 years follow-up per row showing pathway of progression 

to HGD/IMC and whether any samples per endoscopy were positively classified as 

progressor or not.  Full legend below Figure 39E. Abbreviations: BE ς non-dysplastic 

.ŀǊǊŜǘǘΩǎΣ L5 ς indefinite for dysplasia, LGD ς low-grade dysplasia, HGD ς high-grade 

dysplasia, IMC ς intramucosal cancer 
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Figure 39 Progressor patient profiles 

Individual patient profiles (1 per row) with months before diagnosis of high-grade 

dysplasia/intramucosal cancer on the x-axis.  Per endoscopy the highest grade of pathology is 

shown in boxes.  Each endoscopy was classified as positive or negative for classification as a 

progressor (y-axis).  An endoscopy is classified as positive if any sample from that endoscopy is 

correctly classified.  Where there were multiple endoscopies within the same year, we plotted 

multiple pathology flags with the highest pathology grade identified.   

A - patients with samples for more than 8 years of follow-up, B - patients with samples for more 

than 6-8 years of follow-up, C - patients with samples for more than 4-6 years of follow-up, D - 

patients with samples for more than 2-4 years of follow-up, E - patients with samples for more 

a maximum of 1 year prior to progression 

Abbreviations: BE ς non-ŘȅǎǇƭŀǎǘƛŎ .ŀǊǊŜǘǘΩǎΣ L5 ς indefinite for dysplasia, LGD ς low-grade 

dysplasia, HGD ς high-grade dysplasia, IMC ς intramucosal cancer 

 

E 

 

E 
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4.3.5 Non-Progressor Patient Profiles Relating Time and Pathology 

74% of patients had all samples classified as non-progressor samples (Figure 35).  As previously 

mentioned, we are unable to categorically determine whether a non-progressor will never 

progress.  At the time of writing the thesis, however, no patients included in this analysis have 

progressed to HGD/IMC.   

Figure 40 shows individual patient profiles for the 9 non-progressor patients in the discovery 

cohort who had any samples predictive of progression.  Samples were available for between 3 

and 13 years of surveillance for these patients.  As with the progressors, for each endoscopy we 

have recorded the highest pathology and plotted a binary score as to whether any of the samples 

were predicted as progressor samples.  Where multiple endoscopies were carried out within the 

same year, both endoscopies were plotted separately.  We used the default probability cut-off 

of 0.5 for determining a sample as predictive or not in these analyses.  As these patients have 

not progressed to HGD/IMC, we would expect all samples to be negative for classification as 

progressor samples. 

6 patients had samples from their most recent endoscopies classified as progressor samples.  

Patient 19 died from unrelated causes so there are no further endoscopy records and patients 

9 and 21 have not had surveillance since the endoscopies with samples classified as progressor 

ǎŀƳǇƭŜǎΦ  !ƭƭ ǘƘǊŜŜ ƘŀŘ b5 .ŀǊǊŜǘǘΩǎ ŀǎ ǘƘŜƛǊ Ŧƛƴŀƭ ŘƛŀƎƴƻǎŜǎ ōǳǘ ǿŜ Ŏŀƴƴƻǘ ŎƻƳƳŜƴǘ ƻƴ ǿƘŜǘƘŜǊ 

they will eventually progress to HGD/IMC.  Patients 36 and 54 have had endoscopies within the 

ƭŀǎǘ п ȅŜŀǊǎ ŀǎ ǇŀǊǘ ƻŦ ǊŜƎǳƭŀǊ .ŀǊǊŜǘǘΩǎ ǎǳǊǾŜƛƭƭŀƴŎŜ ǿƛǘƘ b5 .ŀǊǊŜǘǘΩǎ ŎƻƴŦƛǊƳŜŘ - they continue 

to be stable non-progressor patients. Patient 25 also continues to be under surveillance but was 

diagnosed as indefinite for dysplasia at their most recent endoscopy. 

A further 2 patients had 1 or 2 endoscopies classified as progressor samples: patients 5 and 11 

(Figure 40). Patient 11 died of unreƭŀǘŜŘ ŎŀǳǎŜǎ ōǳǘ ƘŀŘ b5 .ŀǊǊŜǘǘΩǎ ŀǘ ǘƘŜƛǊ Ŧƛƴŀƭ ŜƴŘƻǎŎƻǇȅΦ  

tŀǘƛŜƴǘ р ƘŀŘ ǘƘŜƛǊ Ƴƻǎǘ ǊŜŎŜƴǘ ŜƴŘƻǎŎƻǇȅ ŀ ȅŜŀǊ ŀƎƻ ŀƴŘ ǎǘƛƭƭ ƘŀŘ ŀ ŘƛŀƎƴƻǎƛǎ ƻŦ b5 .ŀǊǊŜǘǘΩǎΦ   

As with the progressor cohort, we have included bar charts showing the proportion of samples 

per endoscopy predictive of progression classified as progressor samples in Appendix 2.  23% of 

these endoscopies had fewer than 100% samples predictive of progression.  This is higher than 

the 17% observed in the progressors but still suggests that in the majority of lesions, disorder at 

the copy number level was clonal. 
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Figure 40 Non-progressor patient profiles of patients with samples classified as progressor 
samples using the GLM model 

Individual patient profiles (1 per row) with months before most recent endoscopy on the x-axis.  

Per endoscopy the highest grade of pathology is shown in boxes.  Each endoscopy was classified 

as positive or negative for classification as a progressor using the GLM model (y-axis).  An 

endoscopy is classified as positive if any sample from that endoscopy is correctly classified.  

Where there were multiple endoscopies within the same year, we plotted multiple pathology 

flags with the highest pathology grade identified.  Patient clinical status is annotated on the right. 

BE = non-ŘȅǎǇƭŀǎǘƛŎ .ŀǊǊŜǘǘΩǎΣ L5 Ґ ƛƴŘŜŦƛƴƛǘŜ ŦƻǊ ŘȅǎǇƭŀǎƛŀΣ [D5 Ґ ƭƻǿ ƎǊŀŘŜ ŘȅǎǇƭŀǎƛŀΦ 
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4.4 Validation of GLM Model 

We held back a validation cohort of randomly selected 20 patients, 10 progressors and 10 non-

progressors in order to confirm the results.  When building the model, we had already carried 

ƻǳǘ ΨƭŜŀǾŜ-ƻƴŜ ƻǳǘΩ ŀƴŀƭȅǎƛǎ ŀǎ ǇŀǊǘ ƻŦ ƻǳǊ ŎǊƻǎǎ-validation.  To ensure that the model was not 

being driven by a few patients, we removed all samples from one patient, built the model and 

then classified the patient whose samples had been removed.  All samples were classified 

consistently at around 70%.  This meant we were confident that a similar proportion of samples 

would be correctly classified. 

We ran them through the model described in section 4.2.  As before, the elasticnet penalty value 

was 0.9.   

As expected, samples were correctly predicted in line with the model development at around 

70% for both cohorts, 69% for progressors and 76% for non-progressors. 

Figure 41 shows individual patient profiles over time for the 20-patient validation cohort.  As 

before, for each endoscopy we have recorded the highest pathology and plotted a binary score 

as to whether any of the samples were predicted as progressor samples.  We used the default 

probability cut-off of 0.5 for determining a sample as predictive or not in these analyses.  Where 

multiple endoscopies were carried out within the same year, both endoscopies were plotted 

separately.   

90% of progressor patients had samples from endoscopies at or prior to HGD/IMC diagnoses 

predicted as progressor samples.  Patient 1, for whom we had no HGD/IMC samples for analysis, 

was the only patient to have no samples classified as progressor samples. 

For 40% non-progressors, none of the samples were classified as progressor samples.  The 

remaining 60% had at least one endoscopy classified as a progressor sample.  At the time of 

writing all have had surveillance endoscopies within the last 3 years and none have been 

diagnosed with dysplasia.  Patient 8 has been diagnosed ID for dysplasia and all others with ND 

.ŀǊǊŜǘǘΩǎΦ  ¢Ƙƛǎ ŎƻǳƭŘ ōŜ ŎƘŀƭƭŜƴƎƛƴƎ ŦƻǊ ŎƭƛƴƛŎŀƭ ǳǎŜ ŀǎ ǇŀǘƛŜƴǘǎ Ƴŀȅ ŜƴŘ ǳǇ ƻǾŜǊ-diagnosed.  

However, sensitivity was prioritised over specificity in the GLM model for optimal clinical 

ŀǇǇƭƛŎŀōƛƭƛǘȅ ƛƴ ǘƘŜ ŎƻƴǘŜȄǘ ƻŦ .ŀǊǊŜǘǘΩǎ ǎǳǊǾŜƛƭƭŀƴŎŜ (further discussed in section 4.5).  We are 

also unable to comment on whether these patients will progress in the future.  

 



 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 41 Patient profiles of validation cohort 

Individual patient profiles (1 per row) with months before most recent endoscopy on the x-axis.  Per endoscopy the highest grade of pathology is shown in 

boxes.  Each endoscopy was classified as positive or negative for classification as a progressor (y-axis).  An endoscopy is classified as positive if any sample 

from that endoscopy is correctly classified.  Where there were multiple endoscopies within the same year, we plotted multiple pathology flags with the 

highest pathology grade identified.  BE = non-ŘȅǎǇƭŀǎǘƛŎ .ŀǊǊŜǘǘΩǎΣ L5 Ґ ƛƴŘŜŦƛƴƛǘŜ ŦƻǊ ŘȅǎǇƭŀǎƛŀΣ [D5 Ґ ƭƻǿ ƎǊŀŘŜ ŘȅǎǇƭŀǎƛŀΣ ID5 Ґ ƘƛƎƘ ƎǊŀŘŜ ŘȅǎǇƭŀǎƛŀΣ  

IMC = intramucosal cancer 
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4.5 Altering Classification Threshold Cut-off 

The classification score is the number assigned to an individual sample by the GLM model. These 

scores can be anything from 0ςмΦ !ǎ ǘƘŜ ƻǳǘǇǳǘ ƻŦ ƭƻƎƛǎǘƛŎ ǊŜƎǊŜǎǎƛƻƴ ƛǎ ōƛƴŀǊȅΣ ƛƴ ǘƘƛǎ ΨǎŀƳǇƭŜ 

ŎƭŀǎǎƛŦƛŜŘ ŀǎ ǇǊƻƎǊŜǎǎƻǊ ǎŀƳǇƭŜΩ ƻǊ ΨǎŀƳǇƭŜ ƴƻǘ ŎƭŀǎǎƛŦƛŜŘ ŀǎ ŀ ǇǊƻƎǊŜǎǎƻǊ ǎŀƳǇƭŜΩΣ ǘƘŜǊŜ Ƴǳǎǘ ōŜ 

a cut off to distinguish between these two outcomes. When determining the cut off, the aim is 

to strike a balance between the false positive and false negative rates. For a balanced data set, 

with 50% of outcomes being positive and 50% being negative, the logistic regression threshold 

would be 0.5. For the analyses presented so far, we used this default threshold for classification 

probability of 0.5. As discussed previously, the AUC from ROC analyses was 80.16% with 80% 

sensitivity and 80% specificity (Figure 42). These data show that using a binary cut off of 0.5, the 

number of progressor samples taken from any timepoint in a patientΩs follow up correctly 

classifying either a non-progressor or a progressor sample was 80.16%. This classification rate 

allowed us to predict samples, independent of pathological diagnosis in progressor patients as 

early as 13 years prior to progression.  

This dataset, however, was unlikely to be balanced. We, therefore, determined to identify the 

optimal cut off score for striking a balance between the false positive and false negative rates 

using ROC analysis. Lƴ ǘƘŜ ŎƻƴǘŜȄǘ ƻŦ .ŀǊǊŜǘǘΩǎ surveillance, the clinical goal is to increase the 

proportion of progressor samples correctly classified and, therefore, increased opportunity for 

increased early intervention in a cancer with dismal outcomes. We, therefore prioritised 

sensitivity (or true positive rate) over specificity (or true negative rate). We observed the highest 

AUC when the binary cut-off threshold was lowered from 0.5 to 0.38 ς it increased to 85.75%, 

meaning that 85.75% of samples were correctly classified as either progressor or non -

progressor samples.  The sensitivity increased to 84% and specificity decreased to 79% (Figure 

42). It is worth noting that, as explained in Section 2.5 classification rate of the GLM was 

evaluated, through 50-fold cross-validation, at the optimal lambda value. 

Lƴ ǘƘŜ ŎƻƴǘŜȄǘ ƻŦ .ŀǊǊŜǘǘΩǎΣ ǘƘƛǎ ǘǊŀƴǎƭŀǘŜŘ ǘƻ ŀƴ ƛƴŎǊŜŀǎŜŘ ǇǊƻǇƻǊǘƛƻƴ ƻŦ ǇǊƻƎǊŜǎǎƻǊ ǎŀƳǇƭŜǎ 

correctly classified and, therefore, increased opportunity for earlier intervention (Figure 43). The 

proportion of progressor patients with all samples correctly classified increased from 37% to 

54% and the number with at least half of their samples correctly classified increased from 80% 

to 86%.  The same 2 patients had no samples correctly classified using both probability 

thresholds. As previously mentioned, one only had ND tissue available for analysis and the other 

had 1 HGD sample but all other samples were ND. 

In terms of non-progressor patients, we predict all samples as non-progressor samples in 54% 

of cases (Figure 43).  This decreased from the 74% correctly predicted with the default 
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classification threshold of 0.5 due to the increased false positive rate (Figure 42).  14 patients 

(46% of cohort) had at least 1 sample predictive of progression during their surveillance, an 

increase from 9 patients (26% of the cohort) using the default threshold ς these 9 patients have 

samples classified using both thresholds.  As discussed, it is not possible to determine whether 

these patients will never progress, however, at the time of writing none have progressed to 

LGD/HGD.  Their follow-up is discussed in more detail below.   

Four patients (19, 49, 11 and 38ύ ŘƛŜŘ ŦǊƻƳ ǳƴǊŜƭŀǘŜŘ ŎŀǳǎŜǎ ōǳǘ ŀƭƭ ƘŀŘ b5 .ŀǊǊŜǘǘΩǎ ŀǘ Ŧƛƴŀƭ 

endoscopy.  Three patients (9, 31 and 21) have not had surveillance since the endoscopies with 

ND samples classified as progressor samples.  Six patients (36, 50, 39, 45, 54 and 5) had 

endoscopƛŜǎ ǿƛǘƘƛƴ ǘƘŜ ƭŀǎǘ п ȅŜŀǊǎ ŀǎ ǇŀǊǘ ƻŦ ǊŜƎǳƭŀǊ .ŀǊǊŜǘǘΩǎ ǎǳǊǾŜƛƭƭŀƴŎŜ ǿƛǘƘ b5 .ŀǊǊŜǘǘΩǎ 

confirmed - they continue to be stable non-progressor patients.  Patient 25 also continues to be 

under surveillance but was diagnosed as indefinite for dysplasia at their most recent endoscopy. 

As expected the validation cohort follows a similar pattern to the main cohort (Figure 44) with 

one more non-progressor patient having at least 1 sample identified as a progressor sample and 

one patient now having all samples classified as progressor samples.  The progressor cohort have 

similar proportions of samples correctly predicted using both cut-offs. 
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Figure 42 Receiver operator curve analysis 

Graphs to compare sensitivity (or true positive rate of classification) on the y-axis and specificity 

(or false positive rate) on the x-axis of the predictive model per sample depending on probability 

thresholds used.  The area under the cure (AUC) correlates to the likelihood of a random sample 

to be correctly classified.  In graph A, the default probability threshold of 0.5 to predict samples 

and the AUC was 79.76%. For graph B, the probability threshold was lowered to 0.38 and 

increased the AUC to 85.75%.  This alteration resulted in increased sensitivity and decreased 

specificity.  



 

 

Altered classification probability threshold of 0.38 

 

Default classification probability threshold of 0.5 

 

Figure 43 Patient classification comparison based on classification probability threshold 

The blue and green bars indicate the ratio of samples correctly classified per patient in the progressor and non-progressor patients.  Individual 

patients are shown down the y-axis.  The ratio was used as numbers of samples per patient varies.  1 indicates that all samples from a patient 

were predicted correctly.  The percentages indicate the proportion of patients in a particular sub-category: all samples correctly classified, some 

samples correctly classified and no samples correctly classified.  The left-hand panel was generated using the default classification probability 

of 0.5 and the right-hand panel was generated with the classification probability of 0.38, informed by ROC analyses. 

 



 

 

Altered classification probability threshold of 0.38 

 

Default classification probability threshold of 0.5 

 

Figure 44 Patient classification comparison based on classification probability threshold for validation cohort 

The blue and green bars indicate the ratio of samples correctly classified per patient in the progressor and non-progressor patients in the validation 

cohort.  Individual patients are shown down the y-axis.  The ratio was used as numbers of samples per patient varies.  1 indicates that all samples 

from a patient were predicted correctly.  The percentages indicate the proportion of patients in a particular sub-category: all samples correctly 

classified, some samples correctly classified and no samples correctly classified.  The left-hand panel was generated using the default classification 

probability of 0.5 and the right-hand panel was generated with the classification probability of 0.38, informed by ROC analyses. 

 


























































































































