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Introduction: The main risk factor for the development of oesophageal adenocarcinoma is
CFNNBGGQa 28a2LKE3Idza 6. 90 ¢2 RAIFIy2z2asS (Kz2a$s |
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 sequencingVGS) has been
established a a costeffective method of investigating copy number changes in formalin fixed

paraffin embedded (FFPE) tisq{$heinin et al., 2014)

We hypothesised that copy number alteratiomsly be valuable markers in disease progression

and aimedto OK I NI OG0 SNRA &S GKSY Ay GKS idN@elNpradeth 2y 2 F
progression in patients from a point in time as close to baseline endoscopy as possible and to
integrate p53 staining.

Methods: To optimisesWGSve 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 compred. Accounting for poor biopsy cellularity 0.4X coverage was used.

We performed FFPE shallow WGS 06 8amples fromm@a89-patient cohort comprising a 1:1

ratio of patients who progressed to high grade dysplasia (HGD) atidnts who never
progressed. 1-31 samples per patient were collected over time and space throughout
surveillance. Nomprogressorshad significantly longer followp (pvalue = 0.0008). Data was
processed based on pusthed bioinformatic pipeline€Copy number analysis was carriedt o

using ageneralised linear model (GLI)order to develop a predictive algorithm.

Results5 dzZNA Yy 3 2 LIGAYA &l GA2Y T Yypm: 2F O2LR ydzYo SN OK
FFPE samples from spatially distiregions of an individual tumourWe fourd 91% and 93%
agreement in copy number calls using orthogonal platforms between @@en)and 50%
(FFPBRellularity samples from one tumour.

Ly G4KS ync abYLXS . INNBGiIQa O2K2NIX 6S 20aSNIISF
progressed tacancer compared with neprogressorsand significantly more CN alterations in
progressor patients @+ f dz§ ~ Maoreb canceréissociated genes weraffected in
progressorsand we observe significant heterogeeity between patients. There wadso 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, wauccessfully classified samples as earlyragrpssor 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 diésd 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 dbserved 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 surveglitivat progressed to HGD
over time. The remaining 10% appeared as-poygressors until their diagnosis of HGD.
We investigated p53 expression in our patient cohort as the only biomarker to have successfully
0Nl yaArAiGA2y SR Ay(2 uivdl8nceO tWhilstAiw@ fodnd NUr cohoNdPbé (1 Q& a
representative in staining compared to other published cohorts, it did not contribute to the GLM
and the copy number data owtJSNF 2 NY SR (G KS dz&aS 2F Lo LI/ AY
surveillance.
Conclusions:We have optimised the use of shallow WGS in oesophageal adenocarcinoma and

I NNBGdQad PaAy3 GKSasS O02L® ydzYoSNI RIFGFZ ¢S Ol
will progress to cancer and the majority adtignts who will never progressthis gproach 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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1 Introduction
1.1 OesophageaCancer overview

Oesophageal cancer is the'most common cancer type across the population in the United
Kingdom and the '®6most common cause of cancer related de@@RUK, 2017)There are two

main subtypes of oesophageal cancer, squamous cell carcinoma (SCC) and oesophageal
adenoa@arcinoma (OAC), distinct from one another both in terms of the cell of origin and from

an epidemiological perspectiveSCC arises from the stratified squamous epithelium and is
typically seen in the upper 1/3 of the oesophagus whilst OAC arises fromugdarcells and

usually presents in the lower 1/3 of the oesophagusiorldwide, SCC accounts for

QX
(0p))
(0p))
<

approximately 90% of oesophageal cancer casgsR A a4 Y2 ald O2YY2yf @

extending from China to the Middle Ea@rnold et al., 2015) OAC is responsible for the

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

research(Arnold et al., 2015, Bosetti et al., 2008he survival rate favesophageal cancer (SCC
and OAC combinedgmains poor with a fyear survival of less than 20@edomnantly due to

late clinical presntation with advanced diseag€RUK, 2017)

~

1.2hSaz2LKFISEFEE ! RSy20F NOAYy 2yl | yR
The Clinical Challenge

The burden oDAChas increased by 43% since the 19irdthe 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 factoior the developmentof OAE &4 . F NNB G (1 Qa 2Saz2
(BEjLagergren et al., 1999F his precancerous condition develops in patients with a history of

chronic and severe reflux of acid and bi@ther risk factorenclude: Caucasian aticity, male

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

(Thrift et al., 2012, Hur et aR013, Singh et al., 2013, Hoyo et al., 201yowledge of I NNB (i (i Q &

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

at non-invasive stage@-itzgerald et al., 2014)
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1.2.1 Oesophageal Adenocarcinogtaging and Treatment
Patients with OAC typically present clinically with symptoms such gshagis (difficulty

swallowing) andveight loss. Following histological diagnosis, patients are staged according to
the Union for International Cancer Contdimeiican Joint Committee on Cancer (LHEIZC)
tumour, node, metastasis (TNM) systefablel and Table2. Treatment depends on the stage

at which a patient is diagnosed and is summarisetainle2.
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Tablel TNM <oring adapted from the Union for International Cancer Control Guidelines 8th

edition (2017)

T-tumour, Nlymph node,

TNM Score

Mmetastasis

Definition

Tumour (T)

Extent of primary tumour

Tis

High Grade Dyspladim situ)

Tla

Tumour invades lamina propria or muscularis mucosa

T1b

Tumour invades submucosa

T2

Tumour invades muscularis propria

T3

Tumour invadesdventitia

T4a

Tumour invades adjacent structuregy.pleura, pericardium, azygou
vein, diaphragm or peritoneurfresectable)

T4b

Tumour invades adjacent structuregy.aorta, vertebral body or
trachea(unresectable)

Regional Lymph Node
(N)

Presence or absence and extent of regional lymph node metastas

N1

Metastatic disease identified ind regional lymph nodes

N2

Metastatic disease identified in@regional lymph nodes

N3

Metastatic disease identified i/ regional lymph nodes

Distant Metastasis (M)

Presence or absence of metastatic disease staht sites of the

body

MO

No distant metastasis

M1

Distant metastasis

Histology Grade

Measure of microscopic analysis of tumour cells

X

Cannot be assessed

Well differentiated

Moderately differentiated

Poorly differentiated

Undifferentiated
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Table2 Pathologicalstage adapted from Union for International Cancer Control Guidelines
8th Edition (2017)

TNM stage indicated as definedTiablel. Treatment column highlights curative intent or not.

Pathological T N M Grade Treatment
Stage
0 is 0 0 N/A Curative¢ Endoscopic Therapy
1A la 0 0 1 Curative¢ Endoscopic Therapy o
Surgery
B 1b 0 0 1-2 Curativeq (Chemotherapy +/
Radiotherapy) + Surgery
A 2 0 0 3
1B 1 1 0 Any
3 0 0 Curative¢ Chemotherapy +/
A 1 2 0 Any  Radiotherapy + Surgery
2 1 0 Any
B 2 2 0 Any
3 1-2 0 Any
4a 0-1 0 Any
IVA 4a 2 0 Any Curative/Palliativeg
4b Any 0 Any  Chemotherapy +/Surgery
Any 3 0 Any
VB Any Any 1 Any Palliative- Chemotherapy

For OAC patients with advanced, stage |V disease with distant metastases, surgical intervention
would not cure the disease argb isnot recommended This accounts for approximately half

of OAC patientgLordick et al., 2016, Berry, 2014, Allum et al., 201Ratients may rexve
palliative chemotherapyradiotherapyor trastuzumab for HER2 positive patiemtish a view to
improving symptoms and prolonging life. For stage Il/lll tumours with nodal involvement,
patients are generally treated with surgery to remove the oesophagus (oesophagectomy)
preceded by chemotherappften combined with radiotherapfheoadjuvant) Localised disease
(NOMO) is most commonly treated via surgical resection of the oesopliagudick 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 survivgl OAC isno exception(CRUK, 2017) The Surveillars
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 thdSEER, 2017)Data to date
includes over 9 million cases and analysis includes data collected from20943 5year

survival rates have been calculated for localised disease (NOMO), regional metagtasiar(d
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distant metastasis (M1) arare 40%, 21% and 4% respectiveAnalysis of data from the SEER
database for OAC highlighted the improved survival since 1973, particularly for localisext disea
(Hur et al., 2013) However, statistics for the UK and Northern Ireland indicate the80P® of
patient are diagneed with stage HIV (metastatic disease at local or distant Si€&RUK, 2017)

1.22. F NNBGGQa hSazLKI 3dza

Giventhe poor overall outcome data foODAC, interventiorat the point of localised disease
would be a significant advance to improservival 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)

FNNBGdGQa A& | O2y RediintBey1950sKandiis oharatterided g i RS a ON
replacement of normal squamous epitheliumtbé distal oesophagus by columnar epithelium
that is visible endoscopically and confirmed histologid&8irrett, 1950)National guidelines for
the ongoing management of BE in the UK and the United Statesnmend repeat endoscopies
at regular surveillance intervalgitzgerald et al., 2014, Spechler et al., 201$urveillancés
carried outto increase the prportion of patients in which neoplastic lesionseaetected 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 biopsgngling within the columnasined
oesophagusemains the current goldtandard for diagnosing BElinical guidelines from the

American Gastroenterological Associati@Bpechler et al., 201Idequire the presence of
AyGaSadAayrt YSOFLXFaAl oLauv Ay 2NRSNI G2 RAlF3IAy2a
evidence that BE with IM is biologicathore unstable than columnar epithelium without IM

and, therefore, more likely to progress towards dysplastic or neoplastic le¢Bbas et al., 2011,

Smith et al., 1984, Skinner et al., 1983jowever, there is always the concernttlildl may be

missed due to sampling bias. For these reasonsBtitish Society of Gastroenterology (BSG)

J3dZARStE AYySa R2 y20 NBLdzZANSE La F2N . I NNBGdIQa RAL

should be taken into consideration ftite frequency okurveillancqFitzgerald et al., 2014)

DiagnosisSurveillancand 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 OfCrley et al., 2013)On the other hand, a meta
analysis of 51studies including more than 11,000 patients demonstrated that endoscopic
surveillance of patients with nedysplastic BE increases the likelihood for early detection of

neoplastic lesions and therefore reduces mortality by more than 61% (mortality rid&;®3%
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confidence interval Cl: 0.2420.617)(Qiao et al., 2015) These data were supported by the
results of a prospective multicentre cohort study from the Netherlafiisstelein et al., 2016)

It istherefore recommended that all patients with Bfaould enter a surveillance programme.
Targeted biopsies should be taken from visible lesiorspmious 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 segmeng the sacalled Seattle protocdlLevine et al., 2000)

The Vienna classification of gastrointestinal epithelial neoplasia facilitates the categorisation of
BE into five classes: nalysplastic (ND), indefinite for dysplasia)(lIDw grade dysplasia (LGD),

high grade dysplasia (HGD) and invasive neop(&sihlemper 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 artedicts such as poor specimen orientation or crosting. In the presence of
dysplasia, pathological changes are observed histologically. These include: glandular distortion
and crowding, nuclear atypia (enlargement ardterations in size and shapas wvell as

increased nuclear to cytoplasmic rati®chlemper 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 discrepé@cies,
2006) Firstly, quadrantic biopsies every 2cm leads to samplingabtag histological levednd
secondly, the pathological assigant of a degree of dysplasia is a subjecthadl 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 igsiéakemisdiagnosis is commamnd

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

YR AYLINRGS 2dzNJ FoAfAGeE (G2 20.28ampedfisach I 84534
GSOKy2f23& A& ( Kéhdoscdpicamplifgydaviseulilising a gppnde to collect

sample cells from the whole length of the oesophagusich can then be combined with
OA2YFNYISNRE (G2 RAIFIYy2aS | (RdRdnhkk ét dl., 2016 RaksheE & . | NNB
et al., 2017, Kadri et al., 2010¥he aim is to overcome sampling bias and identify methods to
diagnose and stratify patients in the primary care setting.K S/ & ( 2T&RIAeStIAS u
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 progressidDAC of A.2-0.7% per patient per year

(HvidJensen et al., 2011, Desai et al., 2012he risk of progression to cancer, however,
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increases with the diagnosis of epithelial dysplasia. [ti#d. have reported arincidence rate

of HGD or invasive cancer of 43.4% per patient per year for patients confirmed to have LGD

by expert consensus; in contrast with @%% in patients wi had unconfirmeddysplasia at
their initial biopsy(Duits et al., 2015)Theprogression rate increasasibstantially to 25% when
HGD is preserKastelein et al., 2015Due to the significant risk of progression at the point of
HGD, endoscopic intervention at highlume, tertiary referral centres is advise&idqure
1)(Fitzgerald et al., 2014Regarding overall percentage of BE patients who progress to HGD, in
a Northern Ireland populatiotbased studyinvestigated8,522 patients with BE over a mean
follow-up of 7.0 yearsOverall,36 (0.2%) of patients progressed to HGBhat et al., 2011)
Similarly a nationwide, populatiorbased, cohort study in Denmaikvestigated11,028 BE
patients for a median of 5.2 year$Vhen excluding HGD diagnosis within the first year of
diagnosis, 106 (0.96%) progressed to HBWdJensen et al., 2011)

When investigating the effectiverss of treatment for LGD, a study compared 68 patients
treated with radiofrequency ablation (RFA) with 68 patients monitored by surveill@iwea et

al., 2014) All patients had diagnosis confirmed by an expert pathologist. Over 3 years, 26.5%
of the untreated arm progressed to HGD comparethwi% 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 #844BSG guidelines was, therefore, updated in 2015

to recommend repeat endoscopyronths after LGD diagnosis. If LGD is found in follow up
endoscopies and confirmed by an expert pathologist, endoscopic therapy should be considered

(Figurel).

Endoscopic Therapeutic Options

Advances in endoscopic therapy have offered alternatives to oesophagectomy for HGD and early
cancer. Whilst surgery remains an effective option, endosctmcapies offer mproved
morbidity and mortality For early cancefT1g (Table2) studies suggest that both treatments
result in similar diseasspecific survival busurgery is asxiated with higher death ratell et

al., 2007, Pech et al., 2011, Prasad et al., 20B@}ientaundergoing endoscopic procedures are
typically admitted as day patients. Endoscopic therapy has also been shown to be mere cost
effective than surgeryBoger et al., 2010) For these reasons, the BSG guidelines recommend
endoscopicnucosal resectiofEMR)of any visible lesion, followed kgblation of the entire
Barrett's segment. Ablationan be achieved usgy several rathods includingadiofrequency
ablation RFA and argon plasma coagulation (APC). This mamdtial approach has been
demonstrated to be both effective and sgldaidry et al., 2013, Shaheen et al., 200@}hereas

in the past treément was reserved for patients with HGDIMC treatment is now being offered

to patients with LGDon the basis ofrandomised controlled trial evidencas previously
21



discussed It is advised that both surgery and endoscopic therapy should be carriethout
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 endos¢spitis et

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

Primary diagnosis Endoscopic surveillance Treatment

Non-dysplastic
Barrett's

P “ " Consider
~ _ discharge _-°

every 3-5 years
vy y Non-dysplastic

PPI
Life style (e.g. diet,
weight)

Gastric metaplasia e
and length <3 cm

\4

Intestinal metaplasia - g
— Continue surveillance

[ Targeted and quadrantic biopsies (every 2 cm) ]

length <3 cm
ol - > (if not discharged)
Intestinal metaplasia | | OGD, Barrett's
length >3 cm every 2-3 years
— > OGI, »{ LGD >
LGD 2 Mﬂ\y £ £ Endoscopic
therapy:
e « EMR/ESD
v . | MDT
HGD/IMC =
Radical
AN therapy:
Poc & = Surgery (+/- CTx)

« Radio- Tx (+/- CTx)

Figurel Flow chart for clinical mnagement oBarrett's cesophagudaken from Gregson,
Bornschein and Fitzgerald, 2016

A summary of the clinical management of patients under surveillance /NB& (i (1 Q a

as recommended by the most recent BSG guidelines. Fodysplastic patients, surveillan
AVYIiSNDLIta NB AYyTF2NNY¥SR o0& GKS SEGSYyd 27
proton pump inhibitors and lifestyle alterati@. For patients diagnosed with HGD or (
individual cases should be discussed for therapeutic intervention at the MDT m
Following LGD diagnosis, patients should undergo follow up within 6 months and, if dys
confirmed, be discussed atT as per patients with HGD and OA®breviations: LGD: lo
grade dysplasia, HGD: highade dysplasia, OAC: oesophageal adenocarcinoma,
multidisciplinary team meeting, EMR: endoscopic mucosal resection, ESD: enc

submucosal dissectiolRFA: adio-frequency ablation OGD: oesophagastraduodenoscop
(ar andneronv)
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1.3 Cancer Evolution

Peter Nowell describedancer progressioas an evolutionary process of stepwise accumulation
of somatic genetic aberrations through various routes as far back agi@v&ll, 1976) Recent

research from bth targeted whole genomapproachesonfirm this

Worldwide whole genome sequencingMG$ collaborations such as the Cancer Genome Atlas
(TCGA) and the International Cancer Genome Consortium (ICGC) reveal a more complicated
geneticpicture of cancer than previously anticipated. The belief that we would identify novel
WYl 3A0 odzZ £t SGaqQ F2NJ OFyOSNI RAFIy2ara YR GKSNI L
proved challengingjiven the level of intra and inter tumour heteroggity (Gerlinger et al.,

2012, JamaHanjani et al., 2017, McGranahan and Swantadl7} Understanding clonal
evolution of cancer can help us better understand the events preceding cancer develppmen
metastatic pathways, mechanisms of treant resistance and recurrenceThe 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 candss. i§ 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 evéentro et al., 2017, Sottoriva

et al., 2015, NiZainal et al., 2012)

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

“

inFigure2Y (G KS Of 2yt S@2ftdziAzy (GKS2NEB FyR (KS WoA3

The principle behindhe clonal evolutiortheory is the a&cumulation of genetic variants gells

over timeand wasdescribedin breast cancer b§lik Zainakt alin breast cance(Nik-Zainal et

al., 2012) Depending on the mutations hcdzA NS RX  LJ- NI A Odzf I NJ ANR dzLJa 2 F
than others and better equipped for survival and proliferation and the resulting picture is one

of coexisting and competing clones composed of selectively advantageous and neutral

Ydzi | GA2 Yy 3A GSNEVS RF yWRNYLI aASY3ISNE QO Ly GKS O2ydS
and be regulated by a complex network of factors including: exposures and lifestgle (

smoking, drinking), inherited genetic alterations, cellular sigmatsiformones, growh 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 multgé clonegresent(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 tunour type, there may well also be multiple mechanisms for progression.

Clonal Evolution Theory Bia Bana Model of Evolution

Molecular time
Chromosomal instability

0% ]
10% *
and cancer-specific |

* mutation signatures ;

20% \

40%

50%

60%

70%

80%

90%

100“1‘

Figure2 Proposed methods of evolutiomdapted from NikZanialet al 2012 and Sottoriva
et al 2015

A comparison of the twgrimary cancer evolutionary models. Both show time incre:
down the yaxis. The clonal evolution theo(left) is based on the premise of mutatiol
evolution. Depending on the mutations acquired, particular groups of celldnap 2 Y S
than others and better equipped for survival and proliferation and the resulting picture
of coexisting and competing clones composed of selectively advantageous and

YdziF GA2ya GSN¥YSR WRNA @S NEIGnesoconipete) die oatiand N
grow one another over time. The principle behind the big bang miggit) following sweep
of clonal expansion in the progression towards cancer, a transformation event occu
tumours grow predominantly as a singtenal expansion with multiple sub clones pres
The arrows indicate accumulation of private mutations over time due to errors in repli
and genomic instability. These contribute to intratumor heterogeneity.
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1.31adzil A2y f1yR&aOILIS 2F h!/ YR
OAC

WGS studies have begun to elucidate the comgexomic profileof cancer. Dat&merging

from ICGCGand TCGAwith respect to OAC is one of a highly mutated cancer with a mutation
burden of around 10 single nucleotide variations (SNVs) per Megabéize(Rosdnnes et al.,
2015a, Stachler et al., 2015)This rate is approaching that seen in those cancers with a well
defined @rcinogen such as melanoma and lung cancer. Furthermore, itis a very heterogeneous
diseaseat the level of somatic point mutationsith only a small number of genes that are
recurrently mutated across multiple casdikely to be causative (scalled drver mutations).
Therecurrently mutated geneglentified arehighlighted inTable3 (Dulak etal., 2013, Weaver

et al., 2014, Noorani et al., 2017After TP53there is a long tail ofienesrecurrentlymutated

in fewer than 20% of patients.

The lack of driver eveas in OAC is particularly challenging in the use of individual markers in
clinical management of patient®: identify individuals at risk of pgressing to cancer, stratify
patients under surveillance for cancaentify prognostic markers in the contef therapeutic
response andurther options for targeted therapiesA driver mutation is defined as a genetic
aberration that confers selective advantage to cancer cells. For example, in the colon, mutations
in the APCgene are often the first to confea growth advantage for cells harbouring the
mutation (Vogelstein et al., 2013The next clonal expansion invarighibllows mutation in
KRAS Clonal expansion continues through mutations in genes sudhlKBCASMAD4
andTP53 resulting in a malignant tumougVogelstein et al.,, 2013When one or a few
mutations are identified as being particularly important in the progressianprticular cancer

type in the majority or a suigroup of patients they may beeffective markers for patient risk
stratification or therapeutidargets The lack opoint mutationdriver evens identified in OAC
indicates a high level of heterogeneity between patients ictdes 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 togetivith the base either side enalde
patterns or signatures to emerd€igure3 ¢ 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 melanomagAlexandrov et al., 2013) In OAC, a common mutational
signature of T:A>G:C transversions in a €dritext has been described, and it has been
suggested that this could be a mutation pattern caused by acid exposure in the context of
gastoesophageal reflpalthough this remains to be provegbulak et al., 2013, Weaver et al.,

2014, Nones et al., 2014)
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Environmental DNA repair and enzyme activity Aging
factors [

Mismatch ) APOBEC wf: Mutational processes =
o | | repar deiecls""" deficiency RET: DNA damage + DNA repair

e (|O00® OO0 || © ®

Smoking

o Vgl | el

Pool of
mutations
Mutational .
Portrait (%] O
o |0 |0
0 .0 0 C 0. ¢
C>T >

C>A C>G

Figure3 Mutational signaturesadapted from Contincet al 2017

Biological factors such as: environmental factors, DNA repair and enzyme activity and aging
to alterations at the at theDNA level. These alterations are beginning to be characterise
examples are shown at the top of the figure. An individual tumour will be made up of a pool ¢
mutations depending on the evolution of that particular tumour and environmental factbe
patient has been exposed to. It is possible to elucidate a mutational portrait for a patient ba
base alterations and the nucleotide context of these changes (lower panel). This offi
opportunity to investigate driving factors of individlutumours and may enable classificatior
patients based on these patterns.
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Table3 Twenty nost commonly mutated genes in OAC adapted frddooraniet al 2017.

The top genes frorDulaket al2013andWeaveret al 2014and ranked by percentage
according to Dulakt al2013

Gene Name Percentage of samples witt Percentage of samples witt
mutationsDulak (n=145) mutationsWeaver (n=30)

TPS53 74 80
SYNE] 30 17
DOCKzZ 14 3

CDKNZ2A 12 7
ABCBI1 12 17
ARID1A 10 20
EYS 9 7
CNTNAPE 8 13
SEMAS5A 8 20
PCDHS 8 13
HECW 8 7
SMARCA¢ 8 0
TRIMS58 8 3
SLC39A1. 7 10
PNLIPRP; 7 7
KCNU1 7 0
MYO18B 6 3
ARID2 6 3
CcDcC1o02l 6 3
TLR4 6 7
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I NNBGiGQa
t FLJSNBE FNRY L/ D/ FyR ¢/ D! O2YYSYGSR 2y (KS 3Sy
to tumour (Rosdgnnes et al., 2015a, Stachler et al., 201Bhese were the first studies to carry

outWGSon  NNBiiQa (AraadsSao

The overall mutation rattnND. | NNB (i i Q& édroand 5.2 &l8/SRIVsiper Még&base

which, whilst being lower than in OAC, is higher than reported for many other invasive cancers
including multiple myeloma, breast cancer andocettal cancer(Rossnnes et al., 2015a,

Stachler et al., 2015) Stachleeet al. observed a significant difference in the mutation burden
betweenNDF Y R Re &L I AaGAO . I NNBGGQa 6KSy SElovAyAy3d

Q(

observed to the same degree by Rdsseset 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 graae discussed isection 1.2.2

Previous datdrom candidate gene studieshowedthat loss of the tumour suppressor pl6
occurs commonlyagardless of progression status. In contrast3 loss tends to occur later in

the progression sequenc@eid et al., 2001, Leedham et al., 2008, Weaver et al., 204¢})
mentioned, he extent to which mutations can occur across a plethora of genes involved in
cancer, even in patients witND. I NNJBa$ He@oine apparent sintke advent of genome

wide sequencing data. In one such stydyformed by the Fitzgerald group,®$ data in OAC

was used to derive a custom panel of 26 genes and patients vaithesND. | NINUEtH rhafyé

years of followup (66 samples) were comparedtivcasef 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 genéB53and SMAD4 TP53was recurrently
mutated in HGD (72%) and OACY®%ut only in 1 sample &fD. | NNJB<.00Q1) whére

ND. I NNE (i v paildnty 8ho never progressed to HGD or O8RIADAvas mutated at

a lower frequency (13%) but was only found at the stage of invasive cancer (P=0.0061). Based
on these observations, Weavet al. proposed that from the panel of genes examined,
mutations inTP53and SMAD4mark the boundaries betweeNDanddysplastic BE, and invasive
cancer, respectivelfWWeaver et al., 2014)Other sequencing studies observe p53 mutations in

NDtissue adjacent to cancéBtachler et al., 2015, Streppel et al., 2014)

Using WGS technology, Ross Inekal. assessed 1,443 single nucleotide variaBiHVs) Y3
aF YL S&a FTNRY | aAy3f SThedhadbé&ey coleded mver@ Yeriod®f 34 SAY Sy
years(Rosdgnnes et al., 2015a)in theNDsamples 6 clones were identified with an initial clonal
sweep but with just 3 SNVs common to all sampgleggesting extensive ongoing evolution in
the BE segment These were three stochastic variants and motknown 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 analjRissinnes et al., 2015a) Taken
G623SGKSNE (KS LRfteaof2ylf IyR (Kdza KSGSNRIASYyS2dz
of the degree of mutational overlap betwa adjacent BE and OAC samflRessnnes et al.,

2015a)

The WGS discussed hdf&tachler et al., 2015, Rebmes et al., 2015a)arried out analysis on

. FNNBGGQa | R2FOSyid (G2 Gdzy2 dz2N ¢tKSasS &l YLX Sa
therefore a useful resource for the research community withouttfer invasiveproceduredor

patients. Howevertishould also be remembered that genetic mutations fountlid. | NNB G G Qa
sampled adjacent to a cancer miagt be comparable to those found IND. | NNB GG Qa Ay I LJ

who never progressed.
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1.3.2 Structuraw S F NN y3SYSyGa Ay h!/ IyR . I NN
As well as singe base substitutipterger scale structural rearrangements at the chromosomal

level also play a significant role in cancer progresaimhmay be particularly important in OAC

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

categorised as balanced and unbalanced rearrangem@ntisio, 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 mdégesothan

the normaldiploid state of human cellsAs well as being a marker for chromosomal instability,

genamic regions containing oncogenes or tumour suppressor genes may be ampldietkd

or rearranged contributing directlyp tumour progression.

Balanced alterations include inversions and translocetio Inversion involves breakagé a
chromosome atwo locations resulting in a region of DNA being invert&danslocations involve

part of a chromosome breaking off andtathing 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 atéwns (CNAS), insertions, chromothripsis and
breakagefusion bridge (BFB) events. CNAs involve amplification or deletion at the resolution
of: whole chromosomes, chromosomal arms or-shibpomosomal regions from the diploid state

of normal cells. Insedis involve the insertion ofucleotides into a chromosome.
Chromothripsis is a phenomenon of chromosomal shattering due to errors in segregation during
mitosis. BFBevents define a further category of largeale rearrangements involving telomeric

loss chromosomal fusion and disrupted separation during anapkissaes et al., 2014)
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OAC

Cirielloet al published pan cancer analyses stating that cancers can be divided into those
driven by SNVs and those for which CNAs drive progre@Sidallo et al., 203). Inspite of

the high mutation burden of OAC, discussedection 1.2.1WGS studies have identified OAC

as a cancer driven by structural variatidfigure4) (Dulak et al 2012, Secrier et al., 2016)

3,000 4

@ Copy number alterations/SVs
0 SNVs/indels

Total alterations

Figure4 Structural variation vs mutations in OA&lapted from Secrieet al 2016

A figure adapted from Secrieret al 2016 (Secrier et al., 2016howing the total number ¢
alterations in a cohort of 119 OAC tumour samples sequenced as part of K&Xa<).(} otal coun
of single nucleotide variations per sample are shown below 0 and larger scale structural
and copy number alterations above 0. For most samples, there are more larger scale alt
than single nucleotide variations and indels.

The most recent paper on OAC to emerge from the ICGC project identified the most significantly
amplified loci acording 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 geneachas CLDN22, CDKN2A and CDKSE&ier et al., 2016)

Noneset al. categorised 22DACsamples based on structural variants (SV9 ithiree classes:

dzyadll ofS 3ASy2YSa gAlGK xnpn {+& LINBaSyd I ONRaa
<450 events were evenly distributed across the genome (n=2), and complex localised changes
where SVs cluster only in a single or a few chromosqmeb4)(Nones et al., 2014)The latter

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

be amplifiedas a result of chromothripsis and BFB eventtuding the oncogen®YC(Nones

et al., 2014) Such chromothripsis, or catastrophic events, ogogrin 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.
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I NNB GG Qa

2 KSYy . IFNNBGGQa al YLX Sa ! fdsgopyinin@dudhy WES, the h !
YIE22NRGEe 27F . | ddBely digaid géndmé Witbi§raficaftly fBwer CNAs than
their adjacent tumour samples (P<0.0001), showRigure5 (Rossinnes et al., 2015a)
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Figure5 Copy number alterations in OAC ardijacent Barrett'staken from Rosdnneset al
2015a
Copy number data from whole genome sequencing of 23 patients. Samples from their tum
I R2FOSyd . I NNBidiQa 6SNBE FylrfeasSRo ¢KS
OAC data. l@omosomes are along theaxis. Any variation from 0 on theayis indicates a ge
(above) or loss (below) 0. There are significantly more copy number alterations in the ti
O2YLI NBR ¢gA0K (GKS . I NNBGdQa al yLi Sao
As previously discussed, these gdes were taken fronthe point at which a patient had
LINEANB&aaSR G2 OF yOSN® ¢tKS NBEtS 2F /bla Ay
KIa 088y Ay@SatraliSR SEGSyardgsSte 208NLGKS

et al investigated copy number using SNP armaydrozen biopsiefrom the index endoscopy

(i.e. atfirst diagnosis oBF and the penultimate etioscopy from OAC diagnosis for progressors

(Figure6). These were compared to similar time points for fpwagressorgLi et al, 2014)

While alterations were observed in both patient cohorts, tb@py numberprofile of non

progressorsremained elatively quiet over time, whereathe percentage of the genome

harbouringsomatic chromosomal alterations jpmogressor patientincreased rajaly from zero
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and 50% at baseline to approachit@0%within 48 months of the cancer diagnosis. These CNAs

includedgenome doublingn some caseand increased gnetic diversity(Li et al., 2014)

Maximum pairwise divergence in individuals at 2 timepoints
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« Nonprogressors < Progressors
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Figure6 Copy number alterations over time in Barrettadapted from Liet al 2014

Copy number data generated llyi et al., 2014)ising SNP arrays on frozen biopsies fron
point patients under surveillance. Comparisons were made between sampledtaketheir
FANBGO RAFAIy2ara 2F . I NNBdpetuiimate $yrROAC did§rio
endoscopy for progressor and most recent endoscopy forpragressors. In both grapl
the xaxis shows time from endpoint diagnosis andxys the maknum percentage of th
genome with chromosomal alterations. In both cohorts, alterations were observer. In th
progressors they appear to remain stable whilst increasing in the progressor cohort t
OAC diagnosis.

1.3.3 Current UnderstandingofEf dzi A2y 2F . FNNBGdQa G2
t NA2NJ G2 2D{ adGddzRASaz S@2ftdziAz2y 2F . MANBIGQa 41
et al. identified clones bydifferences in flow cytometric DNA content, pattern loks of
heterozygosity l(OH as well as point mutations I@DKN2Apl16)and TP53 They investigated
multiple . | NN&uiple® taken from the same patiefilaley et al., 2006) They found that
genetic diversitjpetween the samplegcalculated usingqumber of clones, Shannon index and
genetic divergence based on LOMs strongly predictive of neoplastic progression of the

I NNE (i (nCaad thisdms Ben corroborated in a folloyw studiegMerlo et al., 2010, Li et
al., 2014, Martinez et al., 2016Maleyet al. proposed that a founder clone containing a p16
mutation providing a growth advantage to these cells leading to a clefedtsve sweep across
GKS . FITNNBGGQa aS3avySydao {dzoaSljdzSyid 3ISYSNI GAZ2Y 2
sweeps with loss of additional tumour suppressor genes conferring a selective advivitdgg
et al., 2006) Leedhanet al.investigated regions of LOH as well as p16 and p53 point mutations
2y Iy AYRAGARdIzZ-f ONRBLI fS@St o ¢ KSANI NBadzZ Ga ad
from multiple independent cloes that evolved separately, resulting in a polyclonal mosaic of

selective sweepfLeedham et al., 2008)A more recent study investigating clones defined by
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fluorescent in situ hybridisation (FISH) probes sufmmb this model and proposedhe co

existence ofmultiple independentthat (dependent on genetidliversity within the BE lesion)

may die out eventually or lead to clonal outgrowth and cancer progresBigure7). Through

evaluation of genetic diversityktS & Keé LR iKSaAraSR (KIFG OSNIIFAYy .9
(Martinez et al., 2016)
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Figure7 Model of Barrett's evolutiontaken from Martinez et al 2016

lllustration from (Martinez et al., 2016proposing an updated model for F NNB G (1 Qa S@2 f dzi
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®& studies hie prevailing view for thgeneticevolution of
OAC is that it occuggradually through sequential loss of tumour suppressors culminating in loss
of TP53 chromosomal instabilittand @ncer development. Howevewhole genome data
suggests thin some case3P53mutation can lead to more rapid progression to cancer via
chromosomal catastrophee(g. chromothripsis), or genome doubling and genetic instability

(Stachler et al., 2015, Nones et al., 201@Jones may coexist and die out expand and lead to

OAC progressiorFigure8A f f dzA I N> 1S4 GKA & OdzNNByild @GASg 27

No dysplasia Dysplasia OAC

CDKN2A -«

TP53
Copy number
changes

SMAD4
Copy number
changes

Increasing: copy number changes, structural variants and genetic instability

Figure8 Overview of progression of Barrett'to OAC adapted frorsregsoret al 2016

lllustration of progression to oesophageal adenocarcinoma (OAC) from multiple clones with
accumulation of mutations, with a predominance of tumour suppressor genes over time.
CDKNZ2A loss of function is shown as an early event, p53 mutation likely toheadrkundary

to dysplasia and SMAD4 mutations seen uniquely in the cancer.-rLoplyer changes,
structural variants and genetic instability increase over time. A crisis event (denotgdriay

occur to promote rapid genomic instability and progression amoer. Neutral clones may
regress over time (e.g., grey and purple clones).

In OAC, surveillance of patients with the jm@ncerous lesion offers a rare opportunity to
interrogate these events in real timeTo date, however,no WGSstudies haveanvestigdaed
patients who progressed to cancer compared with {pwagressors usingamples from multiple
time-points. Studies have inveghted targeted panels over time or SNP arragsedominantly

only baseline and endpointamples have been studieWGS and exome sequencing studies
haveused.  NNB GG Qa GAaadzS | Ral OSy itiernt dreadyddevalozed |

canceror looked at an individual patient who progressed
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1.4. A2YFNJSNAR AY . FNNBOGOIQEA hSazLK|

I 0A2YIl NJ SNJ A aralR &FukiggSrivlectlggenePdr cheracteristic by which a

LI NI A Odzf I NI LI K2t 23A0Ff 2N LKe&aA2t23A0Ff LINRO
Dictionary). In the context of | NNX (mai®@#omarker categories have been defined:

diagnostic bkimarkers forprevalence ofdysplasia in BEnd progression biomarkers for BE to

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

remainND.

Abiomarker of progression must be clinically superior to the current gigiddard andmprove
clinical management of patients. As described in section 1cBr2ent clinical practicanvolves
taking biopsies from visible lesioftur "random" quadrantic biopsies at 2 cm intervals over the
entire extent of the Barrett's segnmé using white light endoscopy the socalled Seattle
protocol (Schlempeet al., 2000) Biopsies are analysed histologically by pathologiR&tients

with a low risk of progression shodultkallybe discharged or undergo reduced levels of invasive
surveillance and not be subjected to unnecessary treatmemose likely to progressequire
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

oesophagectomysection 1.2.2)

1.4.1 Diagnostic Biomarkein Barréi (iQ@sbphagus

1.4.1.1 TP53n the Clinic
To date the only Ba8 G 1 Qa o0A2YIFNJ SN G2 GNryarAdazy adzOC

immunohistochemical (IHC) analysis p83, in the context of diagnosindysplasiag it is,
however, still not widely usedAs previosly mentioned, mutation of p53 in the context of
CFNNBGOGGQAa KFa 0SSy adz2asSadSR G aveavérbiil, I0KS (G NI y a A

Thetranscription factorTP53is one of the most weltharacterised genes in candeas been
NEFSNNBER (2 Ia {KS(Lawe ap2NRIays a/certrdl rold i the regdafichY S Q
of cellular responses to a wide variety of physiological stresses such as DNA damage and
hyperproliferation both as a tumour suppressor gene and an oncog@fmusden and Lane,

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

Under normal physiologicabaditions, 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 rasiscriptional

modifications such as phosphorylation, ubiquitination and methgfa{Siliciano et al., 1997,
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Saito et al., 2002, Dai and Gu, 201These alterations refiun a weakened interaction between

p53 and MDM2 leading to increased p53 lev®ieulmeester et al., 2005, Stommel and Wabhl,
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 géMenendez 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 integrityMutations in the p53 protein have been linked to
progression of the vaghajority of neoplasms with appximately 50% of all tumours containing

p53 mutationg(|IARC, 2017)

TP53alone and in combination with other markers has been investigated both as a diagnostic
biomarker and a marker of progressi¢wweston et al., 2001, Murray et al., 2006, Kastelein et
al., 2013, Kaye et al., 2009, Reid et al., 20@E)well as the possibility of sequencing, inactivating
mutations of TP53are also frequently detectable HiAC 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 mutéiaye et al.,
2009)

Assessment of p53 staining has also been shown to decrease theobserver variability

between pathologists concerning the diagnosis of dysplastic le¢imge et al., 2009, Kaye et

al., 2016) Therefore, takinthis body ofevidence into accountmmunohistochemistry for p53

has beerecommendecasanadiy OG G2 AR (GKS KAa{d2t23A0Ft Fyl
mostrecent BSG guidelinéBitzgerald et al., 2014)

It is worth nding that IHGstudies following patients over time also find aberrant p53 expression
in NDtissue in a low percentage of BE patients: 7% of non progressors and 18% of progressors

(Kastelein et al., 2013)

1.4.1.2 LociSpecific and Panels ofa@nostic Biomarkers

Copy Number Alterations

l' 4 RA&AOdzaA&ASRX /b!a LXFE Iy AYLRNIFYydG NREtS Ay {Of
confirmed in WGS studi€Rossinnes et al., 2015a, Stachler et al., 2018)the context of

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

both on individual loci and on a genomede basis.

Fluorescent in situ hybridisatiofISHlis 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)], 8g24iftyc) and 20913 in the progression of rdysplastic BE to OAC
through the use of biopsies and cytology brushi(igggiel et al., 2008b)Low levels of
amplification (twethree copies) of chromosome 1&myc, and 20g13 were seen in ND BE at
frequencies of §14%. 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& ket al.,

2008b) Anothercombined the use of immunohistochemistry and FISH (probes for EGFR and
ErbB2) to investigate the timing of changes of expressi@pzainel of receptor tyrosine

kinases (RTKEGFR, ErbB2, ErbB3, Meid FGFR2h the progression of BfPaterson et al.,
2013) In concordance with the study conducted by Ryafial (Rygiel et al., 2008pit was

found thatRTK 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 initiatioasMB&ER

expression was primarily up regulated in invasive dis¢Raterson et al., 2013)

Rygielet alalso 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 retrospectivesgossna

study, they found copy number alterations in 13% +tysplastic 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 deted@it@@AdGvith sensitivity

and specificity of 85 and 84% respectivigygiel et al., 2008a)

Mutation Panels

In a small study using the Anfpdiq Cancer Hotspot panel (a generic cancer parmeitational

load was assigned to each patient. Basdiiimpsies for the nosprogressordiad no mutations
whilst they observed mutations in 6/8 progressor patients with baseline sar(pidPortillo et

al, 2015).This study appeared to contradict the WGS studies which showed that non progressor
patients were highly mutated. This wiileely due to the use of archival, formalin fixed paraffin
embedded (FFPE) material and the difference in the respecéme ganels since there were
only 3 overlapping genesith genes shown to be important in OAC progressid?b3, SMAD4

and CDKN2AWeaver et al., 2014) It is surprisinghowever,that in the Del Portillo study
CDKN2& I ay Qi T2 dzy R {0 2progréssois aaithisih&sRprevioysly Weznyidentified

in a number of studies as an early evé@alipeau et al., 2007, Reid et al., 2001)
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1.4.1.3 GenomeWide Diagnostic Biomarkers

Vargheseet al. identified a predominantly MYCegulated 90 gene signature to distinguish

between HGD} Y R b 5 . «ONDIB)sigORNA titarray technology fresh frozen

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

were identified with an area uret the curve 00.870 pp:’z O2y FTARSY OS Thiy 4§ SN £ Y
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 highaisk had
significantlyhigher rate of progression §0.047§Varghese et al., 2015)

1.4.2 Putative Biomarkers of I NNBSagrésSién

h@dSNJ 6KS 2SFNEX NAa] AGNIGAFAOIFIGAZY 2F . I NNBGGC
vast majority have investigated putative target genes or markers of chromosomal alterations

alone or in panelsMany key studies are describedre (Table4). To date, however, none have

successfully made into clinical practic@his is in part due tahe lack of prospective and
randomised2 Y G NR f f SR GNAIf RIFEGF Ay . FNNBIGQad Cdz2NILKS
through splitting the cohort into a discovery and validation set, or by testing a biomarker(s) on

an independent cohortt & RA &40dzaaSRXI (KS LINBvhd@phdrdsgigion2 T . | NN
which presentsa challenge fombtaining reasonably sizedalidation cohorts.As additional

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

1.4.2.1 LociSpecific and Panels of Biomarkers ofRession

TPS3

As discussed, p53 IHC to aid diagnosis of dysplasia is the only biomarkeatlyrecommended

AY GKS Of AYyAOlf YA r¢tlosH&iws yiastedXdseontrol St (n€685) @
conducted by Kasteleipt 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% @0.3)land 14.0 (95% ClI,
5.3-37.2) respectively and the combination of LGD with aberrant p53 expression gave a RR of
1.2 (95% ClI, 6-24.5). Interestingly, the prediction of progression following diagnosis of LGD
alone (15%) increased to 33% when aberrant p53 expression wasedgdtoiKastelein 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, -pdaégent
KSGSNRISYSAGe Ay . I Nexpebsiof &r tokakiloss of pbR ktéifing hASd h @
dysplastic BEaries from 5@; 89% in the literaturg¢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
0SSy LINRLI&SR (G2 LINBRAOG LINPINBaarzy 2F . I NNB(i

CopyNumber Alterationsaand Genetic Diversity

Galipeauet al. built on previous work from th&eidgroupinvestigating CNin the progression

2T . | (R&Re1ali, 20919nd reported that a panel GfP53.OHCDKN2AOHand presence

2F GSGNY LX 2ARe AYRAOFGSR | ww FBHNI)(Gdipddwstd G Q& LINJ
al., 2007) In a more recent study, the LOH amitrosatellite instability M1S) status of 10

specific gene loci were combined into a risk score to predict progression toward$BHiCet

al., 2015)

In an aproach designed to enable analysis of FFPE material, a combination of abnormal DNA
ploidy and expression of the novel biomarkepergillus oryzakectin (AOL), resulted in af8ld
increased risk for progression (OR 3.31; 95% CI:6L(8), or nearly 4old in patients with
baseline LGD (OR 3.90; 98%2.396.37) (Bird-Lieberman et al., 2012b, Bitdeberman et al.,
2012a)

As discussed in section 1.3, itagge sudy (n=268) published in 20G6ethods of determining
genetic diversity in ecology and evolution were adapted to determine genetic diversity within
BE segmentdMaley 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 pil6 andp53. It was found that genetic diversitpas 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 findifigerlo et al., 201Q) All major measures of
diversity were used including genetic divergence as wah&®py-basedmethods such as the
Shannon Index. It was found that all measures were strong and sighificadictors of
progression to EAC in the cohort studidthe RR wak.68 (95% CIl 1.46.94), 1.98 (95% CI 1.63

¢ 2.41) and 1.93 (95% CI 1.6§2.31)for the number of clones, Simpson index and Shannon
index respectively (Cox proportional hazards model P=<0(004r)o et al., 201Q)

A prospectivestudy investigated the brush cytology samples taken at the index endoscopy of
428 patents with BEOf these, 22 patients progressed to HGD or QRRi€k of progression was
investigated using combination of clinical variables (including: age, sex, BMIkisigpatatus,

length of BE, PPI use and family history) and a panel of 6 molecular markers analysed using FISH
(p16, TP53, HER MYGand aneusomy). In a univariate analysis, age, circumferential BE length,
pl6 loss,MYCgain and aneusomy were significantigsociated with progressiotJsing an

WI Gy 2NXMEE YEN] SN a02NBQ o6FadSR 2y GKS ydzYoSNI 27
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associated with progressiopl6loss,MYCgain and aneusomy). A model combining abnormal
marker scoreage and circumferentiddE length was used to classify patients into high and low
risk with an AUC of 0.{8immer et al., 2016)

More recenty, astudy investigated clones defined by 2 panel$t8Horobes. The supported

this model and proposed that multiple independent clonesegistingthat, dependent on

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

cancer progressiorF{gure?). They hypothesisedlthi OSNIiF Ay .9 f Saizya I NF

through evaluation of genetic diversi(iartinez et al., 216)

1.4.2.2 GenomeWide Biomarkers of Progression

Copy number Alteratiorand Genetic Diversity

la SadrofAaKSRX /bla IINB (yz2ey G2 LXIFe |y AYL
Building orthe body of work from the Reid grotpvestigatingCNAof specificloch y . | NNB G i Q&
(Galipeau et al., 2007, Reid et al., 2000, Reid et al., 20041 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 point®f nonprogressorgLi et al., 2014) While there were

focal changes seen in both patient cohorts, the copy number profile ofpnogressors

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 diagngsigtion 1.3.Zigure6). These
CNAasncludedgenome doubling in some cases and increased genetic divérsiy al., 2014)

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

risk of BE progressioAJC= 0.94when 2 timepoints investigated, 0.84 with just baselifig 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 testedd OAC samples but has yet to be validatechin a
AYRSLISYRSY(G . I NNBGGIQa O2K2NI o

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 hypethylated genes3LC22A18, 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%figitg¢Alvi et al., 2013)

An 8 gene hypermethylation panel consistingpd6, RUNX3, HPP1, NELL1, TAC1, SST, AKAP12,

and CDH13as also been investigated in the context of BE progredsi@a under receiver
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operating characteristic curve (AUC) = 0.843 at 2 years, AUC = 0.829 at 4 year€ana.840
for the combined model{Jin et al., 2009)
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Table4 Biomarkers of pogression of Barrett's



Reference Study Design Sample Size  Baseline End-point Statistical findings Validation
Histology Histology Cohort?
P53 | Murray 2006 Nested case- 197 ND OAC OR 11.7 (95% CI 2.37 - Yes i
Immunohistochemistry control study 30.0) Kastelein
2013
Kaye 2009 Samples 143 LGD HGD/OAC RR progression with Yesi
prospectively consensus LGD: 1.56 Kastelein
collected, 2013
retrospectively
analysed
Kastelein 2013 Case control 635 ND HGD/OAC p53 overexpression: RR No
study 5.6 (95% CI 3.1 - 10.3)
loss of p53 expression:
RR 14 (95% CI 5.3 1 37.2)
17pLOH | Reid 2001 Samples 256 ND, ID, LGD OAC RR 16 (95% CI 6.2 39) Yes i
prospectively Galipeau
collected, 2007
retrospectively
analysed
Aneuploidy/Tetraploidy | Reid 2000 Samples 322 ND, ID, LGD OAC RR 11 (95% CI1 5.571 21) Yes'i
prospectively Galipeau
collected, 2007, Bird-
retrospectively Lieberman
analysed 2012
17p LOH (p53), 9p LOH | Galipeau 2007 Samples 243 ND OAC RR 38.7 (95% CI 10.8 i Yesi di
(p16) and abnormal prospectively 138.5) Pietro 2015
DNA ploidy collected,
retrospectively
analysed
LGD, abnormal DNA | Bird-Lieberman Population- 380 ND, ID, LGD OAC With baseline LGD: No

ploidy, Aspergillus
oryzae lectin (AOL)

2012

based nested
case control
study

OR=3.90 (95% CI 2.39-
6.37)
Without baseline LGD:
OR=3.31 (95% CI 1.81 71
6.05)



Age, circumferential
BE length, p16 loss,
MYC gain and
aneusomy

8 gene methylation
panel

4 gene methylation
panel

10 loci panel

90 gene panel

Genetic and Clonal
Diversity

29 loci panel defined
using SNP array

Timmer 2016

Jin 2009

Alvi 2013

Eluri 2015

Vargehse 2015

Mayley 2006

Li 2015

Samples
prospectively
collected,
retrospectively
analysed
Retrospective
double-blinded

Validated in
retrospective
and prospective
cohorts

Case control
study
Samples
prospectively
collected,
retrospectively
analysed
Samples
prospectively
collected,
retrospectively
analysed
Samples
prospectively
collected,
retrospectively
analysed

248

195

46

69

150

268

248

ND

ND

ND

ND

ND

ND

HGD/OAC

HGD/OAC

OAC

OAC

OAC

OAC

OAC

AUC =0.76

AUC =0.843 at 2 years,
AUC = 0.829 at 4 years,

AUC =0.840

AUC =0.988 97%
specificity and 94%
sensitivity

Risk stratification: low
risk: <2 genes,

intermediate: 2, and high:

>2

AUC =0.95 (95% C1 0.89 7

1)

Significantly higher rate of

progression in patients

regarded as high risk (p =

0.047)

Diversity predictive of

progression independent of

measurement method

AUC T 0.94 using 2

timepoints, 0.84 baseline

only

No

No

Yesi Alvi
2013

No

Yes T
Varghese
2015

Yes i Merlo
2010 and
Martinez
2017

Yes (but in
OAC only) i
Li 2015



1.5 Study Justification

¢CKS fAYAGIGAR2YyA 2F . FNNBGGQa adz2NBSAtflyOS RAaOo
AONF GATFE LI GASYGa dzyRSNJ . I NNBGGQa adz2NBSAttlFyOS
stratification should be able to identify patients as lgaas possible, ahead af dysplasia

diagnosis.

As discussed, the high mutational burden, lack of driver gene identificatiometedogeneity

between patients suggests that more global changes su€iNsss genetic diversity and clonal

evolution may bemportant to interrogatefor ¥ dzZNJi K SNA Yy 3 2dzNJ {y2¢6f SRIS 27
and biomarkers. We, therefore, sought tdouild on the significant existing body of work

investigating.

¢2 RFEGSZT dza$S 2F /b!a G2 LINERA Qlle fdrivBsRibidaG A 2y A Y
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 heterogeneousidease when analyse of multiple loci or genewide analysis is necessary

(Li et al., 2008, Li et al., 2014, Li et al., 2015, Martinez et al., 2016, Timmer et al.,VE616)

therefore, determined to further develop eosteffective,clinically applicable method, suitable

for use in FFPE biopsiiesa cohort of patients withstrongclinicaland pathologicahnnotation

The potential for clinical translath was athe 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

LI GASYy G al YL Sa 02ttt SOGSR Fa LI NI 2 FopsiesNNBGG QA&
GFr1Sy SOSNE HOY 2F . IINNBGGQa asS3aySyido CCt 9 al
method to maintain tissue architecture and cell morphology making it ideal for histological
examination. The DNA from these samples, however, is associatieca number of well

documented challenges including: low DNA yield (especially from tiny biopsies), fragmentation,
crosslinking, base changes such as deamination of cytosine to uracil and varying levels of
amplifiability using polymerase chain reactiCR). 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.

Heterogend G & @A GKAY . I NNIBliscis@dpretidosiy(Garyhger ek 4l.42012,S Sy
JamalHanjani et al., 2017, McGranahan gaanton, 2017) Figure9 highlights the issel with
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endoscopic biopsy sampling in relation to histological and mutational analysis. Dysplfisia is 0
not distinguishable fromND . | NNBnidldsdgicallyand, due to the random nature of
surveillance biopsies, patients may be misdiagnosed. Simitadymutational landscape of

F NNBGGQa AsdandKpBiyciBridPni&nifd thajenomic 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 patiaith sufficient tissue for analysis in order to

comment on as much of an individual lesion as possible.

TIM >

I

Mo

Dysplasia

Mutations obsarved Mutations observed

1.CDEN2A 1. CDKMN2A,TP53 and

2.TP53 SMAD4

3.CDKN2A and TP53 2. CDEM2A and TP53
3. CDEMNZ A

7] COKN2A and TP53 mutations present
% insampling region

_ _ TP53 and SMAD4 mutations present
in sampling region

|| COKN2A, TPE2 and SMAD mutations
| present in sampling region

== mm == Region of no dysplasia
== == == Region of high grade dysplasia

= wem  wem Region of cesophageal
adenocarcinoma

Figure9 lllustration to highlight smplingbias adapted from Gregson, Bornschein and
Fitzgerald 2016

A diagram to show issues with sampling bias at the histological and mutational level in a ¢
2F . FNNBGGQa 20SNJ GAYSO® wS3IAz2ya 2F (K
and example mutations are highlighted. Heterogeneity with 'y Ay RA @A Rdz
means that location from which biopsies are taken is vital for histological diagnosis. HGLC
may be missed if oesophageal tissue appears flat and undistinguishable from the res

FNNBGGQa frBgereidy ysdexadefodtatl atkh® imStational level. Even in re
described histologically as HGD and OAC, different combinations of mutations may |
depending on sampling. For example, interrogation of sampiettie middle panelould shov
a CDKRA mutation, sample 2 a p53 mutation and sample 3 would exhibit both mutati®he
far-right panel shows a lesion with OAC and HGEampling bias is again highlighted at
mutational level.
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1.5.2 Technology

It has already been highlighted that p53 is ety the only biomarker to have successfully
transitioned into the clinic. When investigatinga single ora panelof protein markers,
immunohistochemistry remains the most popular technology. iftégpensivehigh throughput

and relatively simple toniplement 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 samplesWe determined to characterise p53 expression in our patient cohort in

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

We consideed thefactorsinfluencing clinical applicability when deciding on a tealbgyfor

investigating CNAs.

Fluorescent in situ hybridisation (FISH)

FISHhas been used in a number of biomarker studies in the context of BE to investigate
structural alterations at the chromosomal ley#artinez et al., 2016, Timmer et al., 2016, Rygiel

et al., 2008a, Rygiel et al., 20084} utilises the hybridisation of fluorescently labelled probes
to complementary chromosomal regions. In the context of BEtghimique has been used to
look at panels of chromosome regions and to investigate clonal evolution of the digedde

interrogate CNAs

Despitebeing 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 utidesieesd. This
technique quickly becomes expensive with large panels of pfblaestings et al., 2016)
Although well established with optimised protocoisjs a very timeconsuming techique as
manual analysis is required on a cell by cell badigreTisalsoneed for technical expertise in
interpreting samples for solids tumours as there is common cell to cell heterogdhteistings

et al., 2016)

Flow Cytometry
Flowcytometry is a popular methotbr detecting aneuploidy and involves sorting single cells

based on their DNA contenginglecell analysis is not as clinically applicadee it is noteadily
appliedto FFPE tissue A recent study however, has shown promising results using flow
Oeli2YSUGNE Ay CCt 9folwing Banhal dissedtidhiBbiYegions dfINtErésiironi
the tissue blocKChoi et al., 2017)
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Genome Wide Technologies

Highthroughput genome wide technologg, such as WGS and array technolaffgrd 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

genomewide reducing the need for target identificati@md aresensitive for detecting LOH.

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

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

these methods require a normal germline sample for compariddeally bloods usedas the

germine reference material for ICGC5 dzS (2 GKS 3f | yRdzZ I NI yI {dzNB
duodenumover normal squamoug Sa 2 LK 3dza AF o06f22R Aa y20 | @I Af
are more genetically related to one anothaand there should be no issues with field effect within

the oesophagusTK S&S & YLX S& I NB y28i NRdziAySte O2ftfSOGS

Cost is central to the clinical applicability of any technology. It is also still too expensive to carry
out arrays or highdepth WGS on a perample basis in a clinical setting/e were quoted
approximately £350 per sample for Affymetrix FFPE SNP atheytechnique carried out on
frozen samples by Ekt al. Despiterapidly 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 cinical practice. It has the advantage of being appropriate for use with FFPE
YIEGSNRIFf C2NJ . FNNBOGQa | yR h! /sidgle KléoSdd S NE

¢
(7))
-+

variants ENV}to investigate remains a challenge for the disease.

Shallow Whole é€home Sequencing

Shallow WGS (sWGS3,a fairly new but establishedhethod for investigating CNAs in blood,
frozen tissue and FFPE tis{@eheinin et al., 2014)It involves whole genome sequencing but
a4 F YdzOK f 2 ¢ S Noutid EGIENK Rostiséqueyicin@dtublidsmich R typically

50X. This means that eachateotide is read an average of 50 times in order to confidently call
alterations at the resolution of single base alterations. For structural changsqdssible to

carry out as littleas 0.1X sequencing in tumours. As a technique establishegalniished for

use in FFPE material, it offers the potential of clinical translation through the use of diagnostic
material collected worldwide as partf atandard clinical practice. Orman also process and
sequence samples for sSWGS for approximately $86 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 gliomaptace the
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Od NNBy i WwD2t R { 0 yRI NRi€etior SfAKahdR19FcRrddodoyieenis i A I G A
using FISH and in namall cell lung cancer to investigate clonal relationships of primary and

secondary tumours to assist in therapy managem@facintyre et al., 2016)

sWGS has the advantage that it has been optimised to not require germline samples. Copy
number profiles obtained from sWGS atleerefore, relative copy number profiles rathdran
being informative forabsolute copy number. When considering all pros and ¢sunsmmarised

in Tableb5) of the different methods and the samples available, we chiosesesWGS.

Table5 Advantages and disadvantages fdirgcal translation of technologies

ADVANTAGES FOR CCINI DISADVANTAGES FOR
{9 Lb ' ww9 ¢ CLINICALUSEIN ww9 ¢
SURVEILLANCE SURVEILLANCE

FISH 1 Applicable to FFPE i Targeted approach in
material a heterogeneous
1 Information at the disease
cellular level 1 Expensive as number
i Established protocols of probes increase
1 Manual analysis per
cell
FLOW CYTOMETRY 1 Information at the 1 Bulk DNA content
cellular level only rather than
1 Established protocols biologically
informative data
1 Further processing
post FFPE storage
WHOLE GENOME 1 Unbiased genome 9 Cost prohibitive of
SEQUENCING (50X) wide clinical applicability
9 High resolution (approx.£2500 per
1 Absolute copy samplg
number data 1 Germline sample
needed
SNP ARRAYS 1 Unbiased genome 9 Cost prohibitive of
wide clinical applicability
9 High resolution (approx. £350 per
1 Absolute copy samplg
number data 1 Germline sample
needed
SHALLOW WHOLE 1 Unbiased genome 1 Relative copy number
GENOME SEQUENCING wide
(0.4X) 1 Cost effective
(approx. £85 per
patient)
9 Suitable for FFPE
material
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1.6 Hypothesis and Aims

The overall goal of this study wasuse a clinically applicable methoditwestigate CNAs in the

progression and use this information poedict theultimate risk of progression to HGD or OAC

in individual patientsWe aimed tddentify patients as at risk of progressian early in disease

evolution as possibland from as fewendoscopic samples as possilite optimal clinically

applicability

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

Thesteps were therefore to

1.
2.
3.

To define and collate a suitable cohort in which to investigatgyressior2 ¥ . | NNB (i i Q&
Toinvestigat€NAs\ y G KS LINE INRSings2G58 2F . F NNB GG Qa
Todevelop amalgorithm in order tgoredict progression in patientsdm a point in time

as close tdaseline endscopy as possible

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

LINEINBaaArzy 2F . FNNBGGQa 6AGK GKS Yz2al 6ARS
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2 Methods and Materials
2.1 Patient Samples

2.1.1 SudyDesign

In order to answer the question of which mutationaere driving progression of Bt
adenocarcinoma and thus determine progression biomarkers a nesteecoas®| study design

was used. Cases were defined as BE patients who haveSpiogrS R T N2 Y . | NNB G G Qa
OACO LINR INB&&a2NRBEO YIFGOKSR F2NJ 383 aSEx tSy3adkK 27
have not progressed to HGD during the time they have been under surveillance (non
progressors). Noprogressor patients had significantly longer follow up thhe progressor

patients in order to include stable negprogressorsas far as possible. When matching patients,

the priority was to ensure longer followp in the noRprogressors As there was a larger pool

of nonprogressorsonsented for research, we a@d to identify patients with longer than 2cm

. FPNNBdGGQae ''a SELISOGSR TNRY GKS RAaSrasS RSy23N
included in the study. Age at diagnosis was given less priority in terms of matching. However,

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

of follow up significantly longer in the ngrogressorghan theprogressors

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

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

of the following studies: Progressor study (RE@ K | nonpkKpHUO X . FNNB&dQa . A2
01/149), OCCAMs (REC-N3/H0305/52 and 10/H0305/1), BEST (RB6/Q0108/272)BEST2

(REGMA K|l nony kT mM0Z . | NIBASHTaneDTIME 2 (REMD/HF3@8/168)y 9 /

NOSE study (REM8/H0308/272), Sponge study (REQG3/306 ) Patients included those

undergoing surveillance a&fUHas part of their routine care and d¢ise referred from other

hospitals via the regional MulDisciplinary Team (MDT). In order to make the cohort as

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

Inclusion criteria:

9 Patients previously consented to one of the studies listed with permission for their
samples to be used in research

1 ProgressorsPatients withBEdiagnosed wittHGD on IMCThey must have had at least
a yearfollow-up prior to the development of HGD @AC

1 Non-Progressors: Patients wiBEwho have had tleast 3 years followap (minimum of

two surveillance endoscopigand who have never been diagnosed with HGDAC.
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Exclusion criteria:

1 Patients who have not consented to a previous research stahsenting for use of

samples.

Patients included in this study were identified from a database of over 5000 patients held in the
CAUTASNItR fF02NFU2NES® !'a RAAOdzaASRI (KS LINELR
HGD or OAC is lgwneaning themajority of these patients were meprogressor patients. To
account for potential sampling bias and ndimgnosis (a wektstablished limitation of current
surveillance methodology discussed in sectlo.?), we determined that progressor patients
must have at least a year follewp. This further reduced the number of suitable patients
available.

As we aimed to comment on CNAs over time in individual patientédemdify the earliest point

at which we could predict progression in an individual patient (as statédjnit was important

that progressor patients had samplagailable 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 asfdiinical picture on a pgyatient basisas

well as conduct analyses at the cohort level.

In the case of rare deases and/or expensive technologies, nested -casgrol cohorts are

often used(Ernster, 1994)As mentioned cases and controls were from the same research
RFGlFIolrasS gAGK adagNRy3 OfAYyAOLIft Fyy2G4lFlGA2Yy |yR Y
minimise confounding factorsWe matched cases and controls with &:1 ratio given the

financial congtaints of WGSNe designed this studyith a view to validation in a larger patient

cohort in the future perhaps with fewer samples included per patiembce methodology and

proof of principle had been established

Suitable patients who were under suivd £ YOS |G ! RRSYoNR21SQa K24
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 individuapatient. There is also a summary of the highest grade of dysplasia diagnosed

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

1 Progressors: HGD or IMC samples with a clinical fallpgreater than a year

1 Non-Progressors: No HGD/IMC samples with a clinical follpwof»3 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.
Pathd 2 3& NBLERNIA& 6SNB Ylydzadtfte NBFIR yR 2yfeé LI

requested from CUH tissue bank.

For potential progressor patients identified at MDT, pathology reports were requested from the
corresponding hospital and were manuallyafysed to confirm the suitability of the patient.
Providing theyhad consented to a suitable study (listedsaction2.1, suitableparaffin blocks
from their clinical surveillancendoscopiesvere 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 anddeessing

Formalin Fixed Paraffin Embedded (FFPE) Samples

Samplesused were diagnostic FFPE blocks collected routinely as part of the endoscopic
surveillance programme. Quadrantic biopsies were taken every 2cm of the length of the
. FNNB GG Qa fidual patisht adeyrding 16 tha FeRttle@rotocsligure10). Fixation

was carried out using 10% neutral buffered formalin (4% formaldehyde in phosphate buffered
salhe). Samples were fixed overnight and embedded in paraffin wax. Between hospitals there
may have been slight variation in this protoc@iopsysamples from the same level within a

. F NNB G § Qwere all&mbédslgtiin the same FFPE block. FRRtErial is stable to be

stored at room temperature until further processing.
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PROGRESSOR’S

21 year follow up

Non ) HGD/IMC
Dysplastic

Research
Database of over
5000 patients NON - PROGRESSOR’S

> 3 year follow up

Non Non
Dysplastic Dysplastic

FigurelO Types of patient samples

Samplesobtained fromprogressorsaand nonprogressorsover time and spacePatients ha
multiple endoscopy visits and at gdaendoscopy multiple samples were takerepresented il
the figure by multiple images of the stomach and oesophagus above the follow up arrov
between endoscopies varied between monthgears based on clinical igielines for patier
management. écording to the Seattle protocaluadrantic biopsies should be taken ever .
of BO¢ represented by the blue dots on the oesophagus at each endoscopic ¥isitth
oesophagus is highly motile, it is important to nobat it is not alwag exactly 2cm apart ar
measuremens mayvary highly between endoscopiesience there may be 2 blue dots at ¢
endoscopy and 3 at the next in the figurdeachslide or section cut for DNA extraction fr
the FFPE block conta&id mutiple biopsies (likely 4). Where sufficient material, samples
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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. Whisiskagnosis 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.

Onesectionwas usedfor diagnosticH&E analysisis part of standard patient management
further sections were cut for DNA extraction (8 x 10um k). Beneath this a second H&

was cut followed by sections faip to 10 blank slides for additional biomarkanalysis in the
future-mn>Y & SO0 A 2y &ss, Uhmged Slide$i Wlockstwere cut by Cambridge
UniversityHospitalsNHS Foundation Trust (CUH) tissue bank as part of the Biomedical Research
Centre. Biopsiewere frequently vey small,and, at times, there wadimited 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 slkitles an
10,609 blank slides from 110 patients.

2.1.3 FFPE Sample DNA Extraction

6-8x10um sections were usedepsample for DNA extractionDNA was extracted from FFPE
sectionsusing Deparaffinization buffgQiagen, Hilden, Germany)y R DSy SwSI Ru 5b! C
Tissue Ki(Qiagen, Hilden, Germang$ peri K S Y | v dzprotddal. BaNdptdaal DNA yield,

samples were incubated at 56°C overnight with a further 10ul proteinase K added halfway

through the incubation. A double elution in 30ul Buffer ATE was carried out. |ISamwere

stored at-20°C until required.

2.1.4 FFPE Sample DNA Quantification

Followingextraction, DNA was quantified using the Qubit® dsDNA High SengitgiyKit on
0KS vdzoAlGt Hon FEdzNBYSGSNI Fa LISNI Yy daBleyO (i dzNB NI 2
UK).

FFPE storage is associated with low DNA yield. This was frequently found to be thaccase

varied significantly between samplds ¢KS @SN IS BASEtR 41 a& MpdPno)
1ng/ul - 174ng/pl). The variation in yieldorrelated with biopsy size generally whickias

expected. As we intended to optimise a method suitable for higikK N2 dz3 K LJdzi 2 F . I NJ

P

RAFIy2a0A0 CCt9 0A2LARYN AMIS It MBA RSR FENI KSBNIS
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degreeof DNA quality prior to dowstream 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 Bioanalysé€Agilent Technologies, Santa Clara W&3 used to assess DNA quality

of random FFPE sampldsyy assessing fragment sizes of DNA present. Dye molecules
intercalated with the DNA andvere detected by laser indted fluorescence. Fragments were
separated by size by electrophoresis so smaller moés migrated faster than larger fragments.
The Agilent High Sensitivity DNA Kgilent Technologies, Santa Clarg W&s used following

the manufacturer guidelines. Samples were found to be generally less fragmented than

expected with the majority ofragments larger than 1000 base pairs (bp) in length.

2.2 Sample Processing for Shallow Whole Genome Sequencing

sWGS ws carried out on a total of 8&amples from a cohort of 44 progressor patients matched
to 45 nonprogressors It was, therefore, importanto develop standardised, higimroughput

methodology for sample preparation.

Whole ggnome libraries were prepared using the ThruPLEX®deNAit (Rubicon Genomics,

Ann Arbor, Michigan, USA) which wdessigned for low input samples and suitable for ustaw

FFPE samples. \tas compatible with platforms from multiple companies €.g. Agilent
Technologies, Santa Clara) 8 exome and custom panel enrichment protocolswas a single

tube workflow, designedo minimise loss of material. Age werethe 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, ideallyen 200

and 30@p. DNA fragmentatiorwas carried out using the Covaris® ultrasonic@oburn,
Massachusetts, USAhich utilises advanced focused acoustic (AFA) technology. The use of
high frequency ultrasound allows acoustic energy to be focused very specifi¢hitytive small

vial of samge.

For the first 3 batches dfamples (n£11) we had access to the S220 where>56amples were
processed individually. For the lateatches (n=69Ave had access to the LE220 which allowed

for plates of 96 x 50 samples to be processed together.

Following correspondence with Rubicon Genomics (Ann Arbor, Michigan, USA), we determined
'y AyLdzi 2F 17py3d F2NJEAONI NE LINBLI NI GA2Y D
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we had sufficient DNA, 375ng DNIBy RS NB Sy G a2y AOlF GAz2y Ay | G201l ¢
FfAljdz2Ga 2F mn>f O2dzZ R 06S dzASR FT2NJ £ A0 NI NBE LINB
a2y AOFGSR AYy pn>ft @2tdzyS FyR 02y OSy({iN} iSR ¥F2f¢f
in nucleaserke water to reduce concentration of salts in such downstream processes.

Sonication conditions were based on protocols fr@avaris® Initial sonication conditions are

shown inTable6 and were designed for exome capture using Agilent SureSelectAgilient

Technologies, Santa Clara)fidlowing whole genome library preparation and conditions taken

from the protocol(http://www.agilent.com/cs/library/usermanuals/Public/G94580000.pdj.
2.5% of the samples sequenced were processed using these conditions. This was designed for

frozen mateial and to produce fragments of 150bp length.

Table6 Initial Covari®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 desirg@tioritise CNA investigations a&s many
samples as possible. Inclusion of exome data in thea@i@nt cohat 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 retsd 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 bioandyser of340bp. The conditions are shown Table?7. This was larger than desired for
exome sequencing but, by this point in the project, we had decided againsteegequencing

and it was suitable for th&@hruPLEX® DM&q Kit(Rubicon Genomic#&nn Arbor, Michigan,

USA) We observed an average fragment size larger than predicted by manufacturers for frozen

tissue processinglue to the presence of large crebsked fragments Larger fragments,
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however, do not produce library ahruPLEX® DMaqg Kit(Rubicon Genomic#nn Arbor,
Michigan,USAJs optimised to create libraries from 2€D0bp fragments.

Table7 Optimised Covari®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 highroughput Covaris® LE220 (Woburn, Massachusetts, WSA)
optimised conditions to have an average fragment size as clo$#Q@bp as possible. The
conditions tried were based on published protocols dimal settings aredetailed inTable8.

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 ple¢ge12 x 8 samples columns.

Table8 Optimised Covari®conditions for LE220 model

Setting Value ‘
Duty Factor 20%

Peak Incidence Power 450

Cycles per Burst 200

Treatment Time 115seconds

Bath Temperature 76 /

2.2.2 Sample Concentration

As mentioned previously, ideally 375ng DNA was sonicated to enablealiuots to be
inputted directly for library preparation. For samples where this wagnssible (n=435),5ng
of DNA was sonicated in Blhuclease free water. Samples were concentrated uspyendorf
Concentrator 5301Eppendorf, Stevenage, UK¥amples were concentrated at 45 to 40>
and resuspended to a total of 2Dprior 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 king Bioanalyser
Followingsonication 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.

TheAgilent High Sensitivity DNA kitdilent Technologies, Santa Clarg W&s used following

the manufacturer guidelinesAverage fragment size was calculated by gating the traces using
the upper limit of 2000bp as fragments larger than this following sonication would not undergo
successfullibrary preparation. There was no difference between samples concentrated

following sonication and those that did not require p@smication processing-igurell)

#® 1:H1Batch6 # 4: C5 (speedvac) Batch 6 7: C8 (speedvac) Batch 6 » 9:H10Batch 6 11: C12 (speedvac) Batch 6
# 2:H2Batch 6 5: H6 Batch 6 # 8:H9Batch 6 # 10:H11Batch 6
[FU] H1 Batch 6

150

T T T T T T T T T T L—
35 100 150 200 300 400 500 600 1000 2000 10380 [bp]

Figurell Samples post sonication and speedvac

This figure shows a bioanalyser trace following sonication of samples. Samples with limited DNA
following extraction were concentrated using tlspeedvac in order to reconcile differences

between sonication volumes (5{) and input for library preparation (3). We carried out

quality control to ensure that there was no difference between sonicated samples that
underwent concentration possonicai A 2y ' yR (K2aS GKFd RARYQU® mko
62@S KIFIR 0SSy 02yO0Syihesd areSrivliEated by $ed asierik Sigh onK | Ry Q
the trace. Average fragment sizes for all samples weremitBbp of one another.
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2.2.4 Library Preparain

Libraries were prepared using the 96 sample Dual IntleeuPLEX® DM&g Kit (Rubicon
Genomics Ann Arbor, MichiganlUSA) Samples were prepared following the manufacturer
protocol. The methodology follows standard library preparation workflow. dtsmgle tube
workflow, designed to minimise loss of material. The major steps are outlined and explained in

Figurel2.

ds DNA Template

l DNA
sepal Step 1: Repair
) Cleavable
Stem-loop i Replication
Adaptor -.— ﬁfd dion Stop
v Adaptors
=3 =o'4 -
Y o b - . > Step 2: Ligate
Cleavable l_ Bluntend Ligation g0 160p
Replication Nick Adaptor
v

Stop S
€_ - - _3 —

Nick l Extension and Cleavage \
\ Step 3: Extend,

High Fidelity Cleave, Amplify
Amplification

Primer A
= » Barcode

4—‘/ Primer B ==

Figurel2 ThruPLEX® DNBeq vorkflow

1. Repair

Following sonication, the ends of the DNA were repaired to produce double stranded fragments

with blunt ends
2. Ligate

Adapters boundnith high affinii @ (2 GKS pQ S @RnPFRESFENA Os5bK dp
blocked endsvere used to prevent adapters binding to one another, a common problem in DNA

library preparation.
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3. Extend, Cleave, Amplify

2 KSy | RFLIGSNE 6SNB tA3FGESRET | 0oQ yAOl o+ta tS7F

to complete library synthesis triggering cleavage of the steap adapters. Sampigpecific
dual indices were added, intercalated and library amplifiedBwacles of high fidelity PCR.

The protocol was optimised for low input frozen samples and also sltowe 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 inpDINA and carry out 8 PCR amplification cycles.

For every batch of libraries prepared (2B samples per batch) a iemplate control (nuclease

free water) was included.

2.2.5 Library Quantification
Libraries were quantified by gPCR using KAPA library Quandifi Kit for lllumina Sequencing

Platforms KK4854 (Kapa Biosystems, Wilmington, UH)e manufacturers protocol was

followed.

it/ w NBFOGA2Yya 6SNB wmn>ft o6c>f LINAYSNI YIadSNI YA

was run in triplicate. Six DNAastlards 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 gPCR
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, libesrwere diluted 1:1000, 1:10,000 and
1:100,000 as recommended by the ThruPLEX®-delyAorotocol. This was impractical to
perform in a highthroughput setting when all libraries were run in triplicate. The dilution that
consistently fell reliably withithe range of DNA standard Ct values was 1:100,000. Therefore,
all libraries weresubsequenthydiluted 1:100000 as standardor 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 byneufacturer Table
9).
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Table9 Calculating library oncentration

Library Concentration in| Average Size Adjusted Dilution | Concentration
Name Triplicate (pM) Concentration| Concentration| Factor | of Undiluted
Library (pM)
Library 1] A1 |A2 |A3 | A A X 100000 | Y x 100000
1:100000 (452/library
average

fragment size)

=Y
Library 2/ B1 |B2 |B3 |A B X 100000 | Z x 100000
1:100000 (452/library

average

fragment size)

=Z

Library fagment size was calculated using thgilent High Sensitivity DNA kifdilent
Technologies, Santa Clara)lU%1 random libraries from the batch prepared together were run
on a single bioanalyser chip, gated according to protocol and average fragnenateiss the
libraries was calculated. These samples wkremedrepresentative 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 retsequencing process, batches of up
to 95 samples were pooled for sequencing. As per the ThruPLEXdgNviotocol, unpurified
libraries were pooled at a concentration of 20nM. A #0@liquot of pool underwent
purification to remove primer dimeartefacts introduced during PCRPurification was carried
out using AMPure XP beads as per the protocol supplied by ThruPLEX&dD{Rubicon

Genomics, USA) at a bead:library volume ratio of 1:1.

Final pool quantificatiomvas carried out using the KAPA library Quantificatiorpkitocol at

1:1000, 1:100 and 1:10@00. Fragment size was, again, determined using the Agilent High
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Sensitivity DNA kit gilent Technologies, Santa Clarg.Ush unpurified pool was run aigside

the purified pool to establish the removal of primer dimefig(rel3).

Sample poolsvere submitted foMWGSat a concentration o20nM.
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Figurel3 Primer dimer emovalexample

The above traces show the same pool of individually barcoded sample libraries. Libraries per
batch were pooled together for sequencing to reduce batch effect. TFarisxshows the
fragment length in base pairs. Theyis shows the intensity of fluoremuce. The peaks at 35

and 10380bp are the control upper and lower markedhpurifiedand 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 1006pm 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 s WGSdda

Samples were prepared in batches of up to 95 samples run alongsidéeaptate control of

water. Library peparation wassuccessful in 99% 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 PCRscy8lamples

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 sanpglekliSeq lane. As discussed, our
methodology was based on the study published by Schetrahin 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. h€ average number of reads we achieved per sample was
23,062,191 (rang887201122009544% which correlated to 0.4X coveragéablel10).

Table1l0sWGS metrics

- N N —

Number of Reads 23062191 21926250 3,872,011¢
220,095,445
Coverage 0.4X 0.4X 0.1¢3.7X

Number of readg number of reads per sample inputted to QDNAseq post alignment and
filtering QC

Coverage; The term used to correlate the number of reads with number of times an individual
0lFlasS A& WNBI RQ
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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 analysigl@.@.2X) and 04old (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 Scheinatral (Scheinin eal., 2014)was followed for sequencing
optimisation in OAC. Single end 50bp sequencing was carried out on the HiSeq2500 to reach

approximately8 million reads per sample. This correlated to approximately 0.2X coverage.

P NNBGGQa {FYLX Sa FT2NJ/2LF® bdzYoSNI !yl feahs

As with the OAC samples, single end 50bp sequencing was carried out. To account for poorer
cellularity in biopsy samples, we sequenced at approximately @8X million reads)
Approximately 10 patient samples were run per HiSeq2500 lane-wRgrthrough 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 achiéve same depth of coverage.

2.4.2 QDNAseq Processing

Sequencing data wadigned using Burrowd/heeler Aligner (BWA) and processed using the
software package QDNAseq

https://bioconductor.org/packages/release/bioc/html/QDNAseq.hirdevdoped and
published byScheiniret al (Scheinin et al., 2014)

QDNAseq processing consists of two steps performed in each sample. The first step involves
dividing the human genome intdNB 3 A 2y a OF f f S R5kVO kengthadd oK I G 6 SNB
overlapping Raw number of reads per bin were presented on medi@ormalised log

transformed copy number profiléSigure14A.

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 regiibmghe

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 combiRajime 14B).
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Further filtering was carried out based on the combination of recurreadtred regions of the
genome identified by the ENCODfroject, particulaly known repeat elements, such as
satellites, centromeric, andetomeric repeats This step improved the copy number profiles,
however, Scheiniet al identified further artefactual regions. They analysed normal genomes
from 38 patients across ethnicities from ti®00 Genome Project. From this, Schewtiral

defineda further 10,431W. f | O1 f A & (verRrerdoved o amaksiERyKre140).

Plots from Figure 14 were taken from data from Scheiniat al from the Netherlands
investigating low grade gliomaAn example from data from a sample of OAC is shoWigimre
15. As with thelow-grade gliomadata, copy number profiles improved from the raw copy

number data following downstream filtering.
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Figurel4 Example copy number plots from Scheinin et al 2014

Figure of example data frof®cheinin eal., 2014) X axis shows 15kb naverlapping bin
across chromosomes @23 with mediarnormalised log-transformed data on the “axis
Top left corners indicate the number and size of bins (15kb) and top right show the ex
and observed standard deviation.

A Indicates raw, uncorrected sequencing data prior to any downstream processing.

B Shows the same sample Agost filtering for GC content and mappabilitiledian rav
copy number values were calculated for regions with the same GC content and map
and fitted a local regression (LOESS) curve. Raw read counts were divided by tF
value per GC content and mappability combination.

C The same plot as i and B but having undergone filtering for blacklisted regic
Blacklisted regions from theNECODE project as well as further analysis of normal sa
from the 1000 genomes project were removed
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Raw Read Count Profile Post Filtering and Blacklisting Profile

Figurel5Example of pre and post filtering with QDNAseq from our data

Figure of an FFPE OAC sample from our dtltbwing 0.2X shallow WGS. The left shows
copy number data. X axis shows 15kb Herrlapping bins across chromosomesg 23 witr
mediannormalised logrtransformed data on the-axis.

On the righthand side of the figure, the same sample is shd@llowing downstream processi
with QDNAsegMedian raw copy number values were calculated for regions with the sar
content and mappability and fitted a local regression (LOESS) curve. Raw read cou
divided by this LOESS value per GC coraadtmappability combination. Blacklisted regi
from the ENCODE project as well as further analysis of normal samples from the 1000 ¢
project were removed.
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2.4.3 Segmentation

In order to comment on regions of relative gains or losses, segmentagagrcarried out; this is

standard methodology for copy number analysis.

For optimisation in OA@nd. | NNJRé&€hIR ahapter)3we 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 Scheirgéhas
Ll2aaArof So C2tft26Ay3d 2LWAYAALFGA2YZT 6S OF NNASR
and space for 89 patients. We chose to usxewise constant segmentatiomplemented by

Fy w LI O1F 3S OKNiderSerR al. 42012)0JbsyhvadryhossriNdver DNAcopss it

offered the possibility fojoint 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 nonroverlapping bin. Segmentation jointly interrogates peaks identifying break points for
the segnent, 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 segmentatioffom our BE cohorts shown inFigure16. 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 amplificationd deletions.

As we had data frorfrozen, high cellularity tissue samples and poorer cellularity diagnostic FFPE
biopsy for one patient, initial cubffs for identification of copy number gains and losses were
set based on this patient. A gain was defired1.1 and a loss 0.9. We investigated other
methods of sample and patient specific clusteriegy(k-means) and none of these analyses
suggested we should alter these values significantly. This was advantageous for high throughput
patient analyses andomparing samples within a patient as well as grouping patients as cohorts

of progressoror nonprogressors
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09

Segmentation Value

Figurel6 Example of segmentation of chromosome 8 in a sample

Example of segmentation of chromosome 8 in an isolated sample. Diploid regions of the
equate to a segmentation value of approximately 1 on tkexis. The saxis represents genon
regions of chromosome 8 from the beginning on the-keihd side.

2.4.4 Complexity

l'a ¢S 1ySg . HghNNdstéragengous] ®e det&mined to include a measure of
complexityor diversity shown previously to be important in predicting progression of patients
gAlK . distdeEed io ehaptesil

Affinity Propagation Clustering

In the first instance, we investigated complexity using affinity propagation (AP) clustering using

GKS w LI O1F3S Wi LIOf dza § SN LINR-@mnperAbysEFrayand &3 S3IYSy
Dueck, 2007, Bodenhofer et al., 2011)fhe main advantage of AP clustering over other

clustering methodsg.g. kmeans) for this data set was the fact that we did not have to pre

define the number of clusters we exped 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 similarphita andselecting

apointing OK Of dza (i SNJ I & (i KS-maaBskeénirdidy. | OLBRinpatdoh thish £ | NJ { 2
method was raw segmentation data from all samples in an individual patient. Negative Euclidian

distance measure was used to measure similarity between sample data poMmtstiple

iterations were carried out resulting in multiple pairwise distance measures. This information

6l a8 dzaSR (2 RSTAYS WSESYLIXINBRQ F2NJ Oft dzZaGiSNAR |y

similarities to exemplar data point&igurel?).

71



A
INITIALIZATION ITERATION #1 ITERATION #2 ITERATION #3

°, o, . o, p, °.
& ot P . = Shve . o/'o Ve o/'o »
\\o “*e ° " e ©.
'y X ~ S5, § 'y Lo —% 4 Q/KL_O \\X =
© S ° . O -9 o ¢ —o
3 ) 3 o0 2 0o A Lo—o
O“O\ o -0 99 L o |
T . ( ° ° Q/[ °
° e ° ‘.
G"(o o""/c ® » ° *
ITERATION #4 |TERATION #5 ITERATION #6 CONVERGENCE

N N A(; v< %K%

> 3>

| non-exemplar:_ exemplar I

Figurel?7 Affinity Propagation clustering workflow by Frey and Du2R07

Figure taken from Frey and Du@R07to explain how affinitypropagation 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
AYF2NXIEGAZ2Y 61 & dza S& clisers avd Fsdighcdl othes dat paidisItdNB Q T
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 discussein more cktail in the Results section 431 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. Mgewd

samples per patient and were, therefore, able to comment on complexity using the number of

Of dZAGSNAR LINBaSyd LISN LI GASYd FyR | WAAYAf I NRGE

method.

Complexity score per sample

Whilst AP clusteringncouraged 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, inclubest persampleglobal

measures o reflectthe generalgenomicdisorder/complexity in the sample:

1 Length of segmeng following segmentation, as describeddrt.3samples with fewer copy
number changes will have a longer average segment length as the majority génlome
will be diploid

1 Variance within a sample this wasthe distanceof the segmentsfrom one anotheron a

per-sample basis
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T Number of extreme copy number valuger sample¢ extreme copy number values of

normalised data were defined as-# standard deviations from the mean

2.5 Generalised Linear Model

2SS LI ASR I 3ISYSNIftAaSR fAySIH N(FiedlRag et alg D[ a 0
2010) to interrogate the strength of relationship of multiple variable measures with known
outcomes, in this case progression to HGD/OAC or not. Ot anajor 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 feeds or variables played the greatest role in identifying this

separation.

2.5.1 Model Development

As described further in theasults chapter 4we carried out shallow WGS on 89 patients, 45 who
progressed to HGD/IMC and 44 who did not progress. We dividedahort into a 69atient
discovery cohort (35progressorsand 34 nomrprogressory and 20patient validation (10

progressorand 10 norRprogressoryin order to strengthen our results and predictions.

We built a model using all the 643 samples from tBep@tients in the discovery cohort. The
data input was values of genomic regions post segmentati@gn3Rand complexity score (24

per sample.

To define features (or coefficients) to interrogate, we divided the genome into 590 features of
approximatly 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 ttdy 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 peakather than bins. As segent sizes and locations varied,
when encoding the datave 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 fedure identification was important in this project, we determined to develop a model that
would confidently and reliably separafgogressorsand nonrprogressorgqclassification rate)
using as few of the defined features as possible. We investigated tlaikdoing the elasticnet

penalty value and an example of model development is showiignre18. The elasticnet
73
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penalty in glmnet is defined betwedh(pure Ridge regression) and 1 (pure LASSO regression).

The closer the penalty is to 1 tilsparserthe final feature set will be.

Figurel8shows example qualityontrol 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, th&xis shows the proportion of patients

correctly identified as progressor or ngmogressor for each lambda value (on thexis).

[ FYORI @ f dzSay 20NM G 22 NDIWiESSIRA (W[ImMo a2t dziS RSQOAFGAZ2Y
sum of the differences between the real progression status andnviha 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 onlycontributorsand any highlgorrelated coefficients will result in only a single coefficient

being selected. the binomial deviance plots which is the most accurate measurement for
Y3z2RySaa 2F FAGQDP ¢KS f28SNJ GKS YSIY O0AY2YALf

2.5.2 Cross Validatioand Model Definition

Each model with a particular alpha and lambda values was builtfold ®rossvalidation. 1/5

of all patients and their samples were removed per iteration and a model built using the
remaining 4/5 patients. The classification vailsi¢he proportion of the removed patients who
were successfully classified per model. For each alpha and lambda value;fdaliscBoss
validation was run 10 times on 5 different splits resulting irf&@ cross validation. The values
plotted in clasdication plots ofFigurel18 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 reflectedlie binomial deviance plot.

For each elasticnet penalty value, thatimmal model is shown by the blue dot. In order to reduce
W2 PSNFAGOAYAQ o0& aStSOlAy3a GKS o0Sad Y2RStE LRaa

error away from the optimal model. These are denoted by the red dots on the graphs.
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All samples, 10fold, 5 splits
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Figurel8 Example GLM model development

GLM model development using varying alpha (elasticnet penalty) valuesHidgeregression
(alpha = 0) t&. ASS@egression (alpha = 1). Per alpha value, 2 plots are shown: classification and
binomial deviace. Each model was built oA&d crossvalidation and run 10 times resulting

in 50fold crossvalidation. The variable factors are lambdeaagis) and alpha penalty (above
pairs of plots). The classification result correlates to the proportion ofeptt correctly
classified as progressor or n@nogressor. For each model, the mean classification value plus
error bars from the 5dold cross@l t ARIF GA2Yy A& LI 20GSR® ¢KS w2 L
alpha value is denoted by the blue dot and thenber 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 feaures 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 mdded on the
classification plot.
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2.5.3 Feature Stability

The closer to lasso regression from ridge regression, thesepa model should become.the

fewer the features required to separate patients.

We were interested in furtheidentifyingfeatures usedo drivethe classification of patients per

model.

Figurel9shows information for the example model per alpha value describ&tbinre18¢ the

model 1 standard error away from the optimal model in order to avoid over fitting. Jhesx

of figure indicates the e#icnet penalty between 0 and.1The yaxis 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 thefold validationj.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 IED/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 samplespptient; number of reads per

Al YLE S YR || WLINRPE@Q YSIadaNB F2N O02YLiziF GA2y L €
also reran the model with randomised labels. We also carried leave one (patient) out analysis

to ensure that models were not drivesy a couple of patients.
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All samples, 10 folds, 5 patient splits
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Figurel9 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 valuEhese models were 1 standard error away from
the optimal model in order to avoid over fitting. Thexis of figure indicated the alpha value

(or elasticnet penalty) between 0 and 1, 0 beingRitlgeregression and 1 fulASS@egression.

The yaxis 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 eamthel 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 inased, the number of features identified as driving the
model decreased. These features were conserved across each neotted recurrent features
present in the fulLASS@odel (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 cuor IHCprocessing 0 G KS ¢AaadzS . Fyl RSLINIYSyd 21
Cambridge.
The immunostaining was carried out on the Leica BGND- 1 &8 aiGSY dzaAy3 . 2yR

Refine Detection reagentdeica Microsystems UK Ltd., Milton Keynes, UK) and a monoclonal
antibody for wild type and mutant forms of p53, NCp53-D07 (Leica Microsystems UK Ltd.,
Milton Keynes, UK). The protocol for p53 staining had previoesy bptimised clinically and

in the laboratory. e antibodyused was and was diluted 1:5& 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 weunterstained using the

Leica Autostainer XL and then cowtipped using the Leica Fully Automated Glass Coverslipper.

2.6.1 Scoring System

Each slide Y dzf GALX S o0A2LJAASa FNBY | aAay3atsS tS@gSt 2
aS3aySyid 27F  ring NdsSperfomadby mysglfOf@llowing training from expert
LI K2t 23AaGa 65NJ al NAlF hQ52y 2@ yblindegdRgatiNg ! KY I R a

the pathological status of the patient.

Score It Weak staining, similar to background

Score Z; Moderate diffuse staining not clearly discriminated from background
Score 3, Strong positive staining in BEpithelium

Scored4 ¢ Absent pattern staining in Bipithelium

Examples of staing scoring is shown Figure20. Any slides displaying equivocal or significant
staining(score Z; 4)were double scored by an expertthalogist (Dr Ahmad MiremedifScores

2F M YR H ¢SHABIPVEFRABWER & WRY DI O YA abnoimal WA AIY A
p53 staining. Following scorifigr each tissue sample on a slide, it was determined whether

staining overall was significant or nsignificantfor a particular slide Significance was called if

one or more lopsy on the slide contained significant staining for p53.
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Non Significant p53 Staining
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Significant p53 Staining
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Significant — strong positive
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Figure20 Examples of p53 immunohistochemistry scoring system

The scoring system used in the cohort when investigating expression of p53. Scbeewdd

s SNB iKS

samples.

0 S NYVASTRy WHRQT Yy i Q | &

aldlrAyAy3a Aa
A score of 3 meant that the sample displayed a strong overexpression

suggestive of stabilisation and overexpression of the proteinesophageal crypts. Absi
pattern staining was scored as 4. This refers to complete lack of p53 expression. Sc

and 4 were classed aggnificant staining in the scoring system.

*adapted from Zeki and Fitzgerald 2015
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3 Results: PatienBelection 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
GF1Sy Ia LINI 2F (GKS OdzZNNByid wD2f R BE.(As YRl NRQ
described previouslyhese are diagnostic FFPE biopsies taken during endoscopic surveillance of
patients who progressed to HGD/OAC and those who have never progressed to HGEB4OAC.
discussed in Sectiohl, witable mtients were identified from an extensive database of over

5000 patients held in the Fitzgerald laboratory. Patients who progressed were recruited when
discussed aMDTY SSiAy34&a G ! RRSYyoNR21SQad

A brief summary of key detai{described in detail in Chapter &)e below:

Aprogressorg & RSTFAYSR & | LI GASYyG dzyRSNJ adzNBSAE Iy
or OAC. They must have had equal to or greaterthart IN&® & F2€t f 2 ¢ dzLJ®

A non-progressorwas defined & | LI GASYy(d dzy RSNJ &adzNBSAffl yOS
progressed to HGD or OAC. They must have had equal to or greater&h&ri- 3olEwup.

g S@OSNB SyR2a02LER I G0Sy RS Rurveiliancd, diagllostid FFyEI | & LJ
al YL S&a 6SNB (I 1Sy SOSNE wOY 2F | asSaySyid 27
protocol. Per ptient, we have samples taken usitigs method from separate endoscopies

over time. As they were diagnostic sample® 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 sd@lyrogressors

and 90 nonprogressorsWe have processed samples from 109 of these patients (49 progressors
and 60 norprogressors). The remaining 30 Rprogressor patients have been identified as
suitable and follow up documented for future studies. Samples hatvbe®n processed by the
CUHtissue bankas it is costly and timeonsuming to carry out and no studies require these

samples in the immediate futurgigure21.

As shown irFigure21 we included all available progressor patients in all analyegbe case of

rare diseases and/or expensive technologies, nesi@skcontrol cohorts are often used. As

mentioned cases and controls were from the same research database with strong clinical
Fyy2idl A2y YR YFEGOKSR F¥2NJ 38z &4SE lyR fSy3idk

Given thehigh costs associated witVGSwve matchedcases and controls: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 fra@06 samplesTable 11 and, following
extraction, 804 samplefsom 89with sufficient DNA for sequencing012 diagnostic blocks had
sufficient material fomn H&E slide followed by up to 10 blank slides for immunohistoubktry.

We, therefore, have 10,609 slide®red Tablell).

We removed anon-progressor patient who progressed to OAC in 2017 after more thand® ye
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 progres¥w.further non
progressor retracted consent for samples to be used in redeand was tlerefore removed

from analyses.

In addition to being central to the body of work included in this thesis, the wealth of samples
afforded by this PhDtogether with highquality clinical annotation of samplemakes it an

invaluable resource for the Fitzgerald laboratory.
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Patient Research Database: over 5000
patients under surveillance for Barrett’s

|
Suitable Patients Identified: 139 patients
49 progressor’s, 90 non-progressor’s

(approximately 2:1 ratio) =
T 30 non-progressor patient samples not

- - - processed
Patients with Samples Processed: 109

patients
(49 progressor’s, 60 non-progressor’s)

| 1 x non-progressor recently progressed

Final Patient Cohort: 108 patients
(49 progressor’s, 59 non-progressor’s)

1:1 ratio cohort All patients available
- > — 2 x non-progressor’s and 1 x progressor
: . progressor e s u_e 2 removed due to insufficient tissue for
insufficient DNA for sequencing 1 slides
1 x non-progressor removed consent
1 x non-progressor removed consent

Sequencing Cohort: 89 patients Staining Cohort: 104 patients

45 progressor’s, 44 non-progressor’s 47 progressor’s, 57 non-progressor’s Patient |dentification

(approximately 1:1 ratio) 879 slides

804 DNA samples =

s Excluded patients
Thesis cohorts
Figure21 Consort dagram

Consort diagram to explain the differecbhorts described in this thesis. In the overall cohort, we determined to identify approximatel
ratio of nonprogressors : progressors in order to ensure availability of plenty of material for current and future studies. We de@dec¢
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 | processed samples. Red bexekidedwatnts
Green boxes indicate the 2 cohorts with results presented in this thesis.



Tablell Summary of samples available for overall cohort

Abbreviations: FFREormalinfixed paraffin embedded, H&Ehaematoxylin and eosin

TotalFFPBlocks requested for processing 1291

Blockswith sufficient tissue for DNA 1096
Extraction

Samples with sufficient tissue for H&E and 1012
blank slides

Total number of slides (H&E + blank slides 10,609

The patient demographics for the final cohort used for sequencing and IHC are summarised in
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Table12d 4 RA&A0dza&aSR Ay GKS YSGK2Rasz LI GASyida ¢S
and length of follow up. To maximise the stability of qogressorsas far as possible, they

had sigificantly longer follow up than thprogressors
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Tablel2 Patient cemographics foioverall ohort

A table of demographics for patients for whom we have processed samples. As expected from
the matching criteria, the only significant difference between thmgressorsand non
progressorsvas the length of surveillance.

Age (years) 60.4 (4282) 60 (3176)

Sex (M:F) (37:8) (44:15) 0.29

Maximal 4.58 (310) 5.29 (115) 0.36
. NNB G a

Oesophagus

Length (cm)

Length of 5.87 (£15) 8.14 (314) 0.0005
Surveillance

(Yearsy*

5FGF aK2ga YSIFYy oNry3aIS0o F2NJIF3IST .| NNBi
rounded to the nearest whole number.

P value calculated using Chi Squared test for sex and Mann Whitney U test for all othe!
categories.

** indicates significantifferences between median values.
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3.2 Cohort Rationale

As discussed in Chapter 1, the emerging genetic landscape of OAC ishogle wiutational

burden and heterogeneity between patienténderstandingglobal changes such @NAs

genetic divesity andclonal evolution may provémportant to further our knowledge of BE

progression androvide biomarkers for diagnosis and progression rist/e determined to
Ay@SadAa3ardsS /b!a Ay (GKS LINBPBINBaaiAzy 2F . FNNBGGC
to p53 IHC.

3.3 Shallow Whole Genome Sequencing Optimisation

¢CKS 62N] FTNRY . Idzl S | ENAsinNGFREamatarislPusizi) sW@E9 S a G A 3 |
predominantly in low tgadeglioma(Scheinin et al., 2014, van Thuijl et al., 20If)ey developed

and published a software called QDNAsaegscribed in more detail in Metlits (section 2.4.2).

As well agow grade glioma (1 KSé& Ay Of dzZRSR FylfeasSa 2F u 2NIf
breast cancer cell line BT474 to show that it was not a tunspecific method. We were,

therefore, confient 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 é¢blmique in
CFNNBGGQE F2NJ dzaS Ay 2dzNJ LI GASyd O2K2NI o

3.3.1 Optimisation in OAC

Weused material fran a patient in the ICGC oesophageal project, also led by our dgrecause

we had high quality WGS data as a comparisbhne patient was a male, diagnoseith OCAC
(T3NOMO) at 77 yearsSnap frozen patient tumour samples were taken for 1@G; at the
same time, FFPE material was taken from spatially distinct regions in the turbarfrozen
sample used was scored as having 90% cellularity by an expert ggtt@od had 50X WGS as
LI NI 2F L/ D/ ® -nuntbirProfife ded deaNapalyseO Asiny FREEC as part of the
standard ICGC pipelifiBoeva et al., 2012)

We extracted DNA frord K A &  LBFREAM&tgTial Scared as 7@¥mour cellularity forsWGS.

We carriedout SWGS as per the protocol published by Schedhial and processed samples
using the QDNAseq software page. As sequencing chemistry had advanced from the
publication, the coverage we obtained for the OAC sample was 0.2X rather than 0.1X. We
generatedlog ratio plots with segmentation values per bin shown by trange 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 @mtools andan these data in the same way as the FFPE sample through QipNEs2
segmented plots are shown side by sidd-igure22. We generated the results from CGHcall
designed for CNA analysis from array data andreffeas part of QDNAseq for calling copy
number alterations. Weompared 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 observefl0.5% agreement in copy number calls. This was particularly
encouraging as samples were taken from spatial distinct tumour regions and the heterogeneity

within tumours iswell describedSottoriva et al., 2015)

In Figure22, example gains and losses common to both gasarehighlighted. Thesimclude
gainsin 1q, 5p, 6, 7q, 8q, 13 and 20 wittalogains on chromosome 17dlosses were observed

in chromosomes 8p and 18dsainsare 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, MBTLBNdERBB?2 as well as deletions in SMAD#IRUNX{Ross

Innes et al., 2015a, Frankel et al., 2014, Dulak et al., 2012)

From these data, wevere thereforeconfidentthat SWGS could be used successfully to detect
CNAsn FFPE material from OAC using the software package QDNAsezxp&¢eedthat this
0§SOKYyAljdzS§ KFR GKS LRGUGSYdGAlFf (2 @& tolfuthef A SR
investigate the role o€NAsN the progression to OAC.
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Downsampled Frozen Tumour 90% Cellularity

Shallow WGS on FFPE Tumour 70% Cellularity
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Figure22 Optimisation of
SWGS in OAC

Figure of a single patient
who was part of ICGC. V
downsampled their 50X
sequencing data to 0.2X 1
be comparable with 0.2X
sSWGS data we obtained
from sequencing of an
FFPE sample. These
samples were from the
same tumour but distinct
spatially and in tams of
storage (frozen vs FFPE)
0.2X sequencing of frozel
and FFPE samples were
processed using QDNASk
and segmented using
DNAcopy.

Copy number calls were
identified using CGHcall.
Over 90% of calls were
shared between the 2
samples and examples o
gains and losses annotatt
with known cancer genes
are shown in the lower
panel.



332hLIAYA&FrGA2Y AY . I NNBGdQa

. FNNBGGQa &l YL S& eKdorgpredwitr2umyur udpies. FEiksty R WNGAwE O
poorer cellularity as samples are biopsy sampglespared to surgical resectioand secondly
there arefewer CNAgresent in the majority of samplésa  jprénabgnalnt lesiofRossinnes

et al., 20153, Li et al., 2014)

As withthe tumour pilot, we compared patientfrom whomwe already had copy number data
availablefrom ICGC We had50X sequencing for a 90% cellularity snap frozen tunsample
taken from the resected tumour in 2011. The FRi&pde was a diagnostic biopsy sample with
50% IMC.To account for the difference in cellularity, warried out0.4X forthe FFPE biopsy

sample

Samplesvere processed in the same way as the Gaf@ple, through QDNAseq and the plots

in Figure23 are the same logratio plots with the orange segmentation line from DNA copy.

Again, the 50X WGEta was downsampled usingu8tools t00.4X 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 ingenesassdcti SR ¢AGK h!/ FyR . FNNBIGQa Ay

EGFR, GAT/&hd ZNF217as well as loss EDKN2A y2 6y G2 o6S |y SIENIe& S@S§
development Figure23).

We analysed calls generated by CGHcall on 4Bkl binbasis, 91% of bins had the same copy
number cdl. We confirmed this usirte Battenbegalgorithm which is an orthogonal platfan

to call copy umberandobtained 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 andserved 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: Iccation 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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Downsampled Frozen Tumour 90% Cellularity Shallow WGS on FFPE Biopsy 50% Cellularity
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Figure23 Optimisation of SWGS in Barrett's

CAIdzNE 2F | aAy3ftsS LI GASYyd 6Kz g1 & LI NI
50X sequencing data to 0.4X from frozen tumour material to be comparable with 0.4
data we obtained from sequencing ah FFPE diagnostic biopsy sample. These sample
from the same tumour but distinct spatially and in terms of storage (frozen vs FFF
cellularity with the diagnostic biopsy having lower cellularity. 0.4X sequencing of froz
FFPE samples wepeocessed using QDNAseq and segmented using DNAcopy. Copy
calls were identified using CGHcall. Over 90% of calls were shared between the 2 sanr
examples of gains and losses annotated with known cancer genes are shown in the lowt
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3.4 Discussion

3.4.1 Patient Cohorts

Il adzAdrofé YFUOKSR LI GASY(d O2K2NI ¢+ a ARSYUATFAS
over 1000 samples available for DNA and histological examination over time and space from
these patients, we have collated a piegs and uniqueresource for analysis as part of this
project as well as wider use within the laboratoBue to stringent inclusion and exclusion
criteria as well as financial limitations, patient numbers were limited. However, numbers were
similar to conparable 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, v are continuing to identify suitable patients who fulfil critedefied 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

technologiedor somatic alterations

In an effort to maintain @hical 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 developmentGfi©®A

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 enspatants were matched for age,

aSE FYyR tSy3adkK 2F . FINNBiliQao® I OKIfftSy3aS gKSy
non-progressorss it is impossible to say whether they will ever progrédss was highlighted

by 1 patient in our cohonvho progressed to IMC in 2017 following 10 years of surveillance and

NDBE.To account for this, we ensured that npnogressordad significantly longer followp

than progressor® 2 KSNB LRaarotS ¢S 2yfte AyOf dsSR LI GAS
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

P NNB GG Qaod

3.4.2 Optimisation of SWGS
We have successfully appliddk S G SOKyYy A lj dzS F R2 LJi SBwgadlegliomaz] S , f a i

forthe firsttimeAy h!/ FyR . FNNBGGQAd 2Sa2LKI3dza FyR | NB
patient cohort(Scheinin et al., 2014)

We robustly confirmed this methodology in OAC through comparisdwdsn FFPE and SF

samples from spatially distinct locations of an individual tumour obtained as part of ICGC. In
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spite of welldocumented issues of intrumour heterogeneity, we observed over 90%
agreement in CNAs between the samples when processed QédAseq It was encouraging
that these alterations were in regions previously identified in Q&&nkel et al., 2014, Dulak et
al., 2012)

SWGS is a technique also used in the context of circulating tuibidwith incredibly low dele

fractionat as low as 0.1X coveragith succes¢Belic et al., 2015, Main et al., 2014, Ulz et al.,

2016) This, and its applicability in FFPE samples, gave us confidence to eplimisethod

AY RAIF3Iy2aG6A0 o0A2LJaASa TNRBY . | NbDiFragé @ a.4xa dzNIIS A £ f

account for poor cellularity.

la GgAGK 2dzNJ 2LIGAYAAlI GA2MOAYRIKhNRG Q2 DL NEN 2Ry dFE
cellularity, FFPE diagnostic biopsy. We decided to compare these samples using orthogonal
platforms for copy number analysis in order to ensure robustness and wermigged to see

over 90% concordance and a classical OAC profile using both methods.

¢KSasS RIFdlF 3IF@S dz& O2y TARSYOS (2 OF NNE 2dzi 4a°
Fylrfe@aAay3d /bl ad Ay G(GKS LINPINBaAa&dA2ZY atdWer 80% NNB (i Q&
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. f@aaloptimise

clinical applicability, we determined to develop theds that were higkthroughput.
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4 Results:Copy Number Changes The
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(p))

progressorsohort.

In total, 804 samples across the 89 patiewteye analysed. Thduwsly design for this cohort is
shownin Figure24. The cohort was randomly swlivided 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 withaaerage number of samples per

patient of 8.8 and the same range o631 samples.

89 patients
(804 samples)

44 Non
Progressors

(443 samples)

45 Progressors

(361 samples)

35 Discovery 10 Validation 34 Discovery 10 Validation
(303 samples) (58 samples) (340 samples) (103 samples)

Figure24 Copy number cohort study design
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4.1 Global Copy Nmber Results

Based on the segmented copy number data generated using the pieceastant fitter

segmenter (described in methods 2.4.3), witially investigated global differences at the copy

number level between progressor and nprogressor patients. Cuffs for calling gains and

losses from segmentation values were based onghtient describedn Chapter 3for whom

we had 50X WGS on frozen IMC as well as poorer cellularity FFPE biopsy material from their
diagnostic biopsy. The bioinformatic methodology is descrfhetier in Methods section 2.4

A gain was called as abovel land a loss below 0.9he analyses presented in sectighl

SEOft dZRSR I D5 2NJ La/ al YLX Sa odzi AyOf dZRSR ¢ f

surveillane over time and space

4.1.1 Size and Number obArrations

When we investigated the length of alterations (in terms of base pairs) at thetmaimosomal

level, we observed statistically significantly larger changes iprbgressorcompared with the
non-progressors(p<0.001)(Figure 25). The median length of alteration2.38Mb for the
progressor cohort and 12Bb for the nonprogressor patientgFigure25). In these analyses,

we adjusted for chromosomal length. The difference also remained significant when we
specifically investigatetbnger (312) and shomr (1322) chromosomes. To confirm that the
most advanced samples were not responsible for driving the differences we observed, HGD and
IMC samplesvere removedrom the analysis. Statistically significant differences remained for

all of the analyses desbed.
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Length of variable regions excluding HGD/IMC
Wilcox p-value 1.69e-24
median=2.38e+06

1.0e+08 - n=1884
7.5e+07 -
.C
ks
C |
Q@
-— [ ]
C
[} »
£ °
D 5.0e+07 - -
w
© o
= L X
© °
-
©
>
2.5e+07 -
median=1.52e+06
n=297
0.0e+00 -

1 1
Progressor Non-Progressor

Figure25Length of copy number alterations

Dot plot to show the median and spread of length fegions called as gains or loss
Gains were called as segmentation values above 1.1 and below 0.9. The ned&
were approximately 2.4Mb in progressors vs 1.5Mb in -poogressors. This w
significantly different between the cohorts (P < 0.001).
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We investigated the total number afegmentsdefined as variable observed between the 2
patient cohorts andobserved significantly more taetations in the progressor thamon
progressor patientgFigure26). The median number of alterations observed in the progressor
patients wasl8.5and 2.5 inthe nonprogressor cohort (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.

Number of segments per patient, excluding HGD/IMC
t-test p-value 0.00154

300 - median
18.5

o 200-
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e
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[
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> 100 - o i
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~ :
- median
[ g ® 50 25
Q
o
0- ’o.l L0 St
] ]
Progressor Non-Progressor

status

Figure26 Total nurmber of varible 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 iprogressors vs 2.5 in neprogressos. 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 independentligigure27.

Total gains & Losses excluding HGD/IMC

gain loss
1200 -

900 -

status
. NP
LB

600 -

counts

300- .
- |
0-
1 ] ] 1
NP P NP P

Gains and losses are signficantly enriched in Progressors vs Non.
Fisher odds 2.35(p=2e-06)

Figure27 Gains and losses iprogressors/s nonprogressors

Bar chart to show the total number variable regionsprogressorsand nonrprogressors
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.B@LD). and IMC samples were
excluded in these analyse&bbreviations: R, progressors, NB non-progressors, HGB high-

grade dysplasia, IMCintramucosal cancer
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4.1.2 Cancer Associated Genes with Copy Numiverafions

Regions called as gains or losses covered 10% genome of progressotspatieé 1% non

progressor patientgigure28.

A % 4 A x

28 SELISOGSR (2 20aSNBS YRAB2ANMYRIR I FRy 2@ asym &
cohort as tlese 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 withthe catalogue of somatic mutations in canc€&dSMIY; the cancer gene csus

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 wimtnprogressorsas well

as more patients affected by these alteratidifsgure29).

Figure29 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 showsupplementary data (Bpendix 1).

As expectedwe observedoss ofCDKN24p16) in both progressor and ngprogressor cohorts

la 0KA&a Aa ¢Stf R20dzYSyadSR G2 0SS Iy SINIeé& S@gSyi
progressionFigure29. 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. Thesetittes arise in a single cell and

Of 2ySa 2F OStfa ¢oAGK GKSaS oSNNI GA2ya YIe& 6SO
LINEEAFSNI GA2Y FyR SELIyairzy 2F (KSasS Otz2ySao !
directly contributes toclonal selection and disease progression as opposed to the many other

WL aaSY3ISNR f SN GA2ya GKI G Yproductofd diguptddS NIISR A

genome rather than required for disease progression.

Heterogeneiy between patients at the level of somatic genomic aberrations is well documented
in OAC anddiscussedfurther in Chapter 1. As expected, we observed high levels of
heterogeneity within our cohort with the vast majority of genes obging affected in fever

than 5 patients in each cohort.
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Variable region gains & losses
Excluding HGD/IMC
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Figure28 Mountain plot of variable regions

Plot to show data from all samples excluding HGD and IMC samples separated by progressofangresaor statugnon-progressors on top and
progressors below). Chromosome are show along the top of the plot. Segmentation values are mean adjusted so that treytthiag @ is gain/loss.
Gains are in orange/red, losses in green. Data from all 89 patientsudeddh this plot.



Top 50 genes by number of patients
Excluding HGD/IMC samples

CDKN2A -
TBL1XR1-
UBR5-
TP63 -
BCL6-
PRDM1 =

MET-

-
SDHD -
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wor- I Patint Couns
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NCOR2 -

MSH2 -

MDM2 -

MAP2K1 -

KMT2C -

IKZF1 =

HNF1A -

FOXLZ -

FANCG -

ERBB3-

EPAS1 -

ECT2L-

DAXX =

CDK4 -
ASXL1-

' '
Progressors Non.Progressors

Figure29 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 patiatring alterations of
individual genes. We observed more alterations in these genes in the progressor patients
compared with the noprogressorsas well as more patiestaffected by these alterationd he
number of patients with a particular gene afted is showrin the key, the majority of these
genes are seen in fewer than 5 patientse maximum was 13HGD and IMC samples were
excluded from these analyses.
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4.1.3 Complexity Masure

Due to the heterogeneity mentioned previously, we determinedneestigate 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 magkktartinez et al., 2016, Timmer et al., 201ahn

these studies, igater diversity was observed in progressor patients as early as their baseline.
We used affinity propagation clustering for all genomic datanfracross the genome to infer
complexity, described in depth in Methogsection 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 pecluster were defined and all genomic regions
assigned aluster Figure30). A significanadvantage for this method of clustering compared

to other methods €.9.k means) was that there was no need to ffetermine 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.

Figure30 shows an example patient who progressed to HGD in 2013, prior to that, all samples
from their 9 years ourveillances SNBE b 5 FijuBOBhbwis @amples 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 withekemplar 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 €.g.between 2009 an@?011) 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 (Figure30). Allother clusters were observed in all samples from the baseline

endoscopy.

Based on the number of clusters observed in an individual patient, a comp$exitg was
assigned per patient. We saw significantly more clusters in the progreshortccompared

with the nonprogressor cohortvhen we included HGD/IMC sampldéiswas, however, not a
robustenough method to predict progression alone as significance was lost when we removed
HGD and IMGamplegFigure31). As the studyaim was to predict the likelihood of progression
from as early as possible, thimethodology was, therefore, not appropriate for predicting

progression alone.
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Figure30 Example of affinity propagation clustering in a patient

All genomic regions from one sample were compared directly to all other samples from an
AYRAGARIzZE f LI GASyGQa &AdzNBSATEl yOSdutisehodn &SI NI F N
as well as pathology. This patient ha®. | NNB GG Q& dzy §Af (GKS& LINRPINE:
Exemplar regions were defined using affinity propagation clustering and all genomic regions are

clustered based on how similar they are to exemplarargi In the plot, different clusters are

denoted by different colours and regions similar to one another are closely correlated. The
FANIKSNI I NB3IAZ2Y A& LizZ €t SR Ay G2 F LI NIGAOdzZ I NI
region. For exaple, 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 unigue to this sample (in purple). Abbreviationsg BBn-dysplastic Barrefeda 2 ¢l D5

high-grade dysplasia A@affinity propagation.
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Excluding HGD/IMC
Wilcox p value 0.463
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Figure31 Complexity score from affinity pppagationclustering

A box plot identifying the number of clusters defined per patient using affpripagation.
This was used as a surrogate marker for complexity and separated progressors and nol
progressors. This plot included all samples per patient. P = progressor, Niprogi@assor.
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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
progressorsand nonprogressorsonfidently using sSWGS to investigatdA3. 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 agelised 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 isKF & LINA2NJ {y2¢6ft SRIS 2F GRNAGSNRERE Aa y2i0 N
how accurately we were able to classify our patient groups and, if successful,fedicres,or

variables played the greatestlmin identifying this separation.

4.2.1 Model Development

We built a model across all the 643 samples from the 69 patients in the disamreoyt (Figure

24). The data input was values of genomic regions post segation and a complexity score

per sample. As stated in the methodsgmentation jointly interrogates peaks identifying break
points for the segment, rather than the fixed size bins used in the analysis upstrehais and
assigns values to each segrgoer sample. Diploid regions have a segment value of
approximately 1. We had previously investigated complexitggi8P clustering (section 4.].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 meament 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 descrilaetaih In

Methods (section 2.4}

To define featurs (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 outhumbered the number of samples meaning there were too many
degrees dfreedom 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 tlaise, we calcated 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 separafgogressorsand nonprogressorqclassification rate)
using as few of the dimed features as possible. We were able to investigate this by altering the
elasticnet penalty value. Figure32, the elasticnet penalty is the alpha value ofween 0 and
1. This value determined where on the scal®ifgealpha value = @) LASS@egression (alpha

value = 1) model an individual modsts Figure32).

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, theckags#ication and

binomial deviance plot.

On the classification plots, theakis shows the proportion of patients correctly identified as

progressor or nofprogressor for each lambda value (on thaxis). Lambda values (also called

WYy NYQ @N}yovdaStdei S RSOAFIGAZ2YyaQ @ ftdsSao FAY G2
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-efficients that do not shrink to Oam be

identified as contributing to the model.Binomial deviance plots are the most accurate
YSIF&dzZNBYSyid F2NJ wazz2RySaa 2F FALQO® ¢KS f26SNJI (
fit.

Each model with a particular alpha and lambda values wdsdyub-fold crossvalidation. 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 csified per model. Samples were classified using the default
threshold for classification of 0.5 probability. For each alpha and lambda vafol &ross
validation was run 10 times resulting in -&8ld cross validation. The values plotted in
classifiction plots ofFigure32 were the average classification values per model and standard
deviation bars. For every classification plot, the error rate increased agdba glateaued 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 TotNB RdzOS W2 GSNF A GG A
identifying the best model possible, we chose a model ganalalue 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 thatadidels performed stably at a simillvel
(Figure32).

105



All samples, 10fold, & splits
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Figure32 GLM model development

GLM model development using varying alpha (elasticnet penalty) values from Ridge re:
(alpha = 0) to LASSO regression (alpha = 1). Per alpha value, 2 plots are shown: classifi
binomial deviance. Each model was built efolsl crossvalidaion and run 10 times resulting
50-fold crossvalidation. The variable factors are lambdafks) and alpha penalty (above p.
of plots). The classification result correlates to the proportion of patients correctly classi
progressor or nofprogressor. For each model, the mean classification value plus error bai
the 50fold cross@l t ARIF GA2Y Aa LX2G0SR® ¢tKS w2L
denoted by the blue dot and the number of genomic features required to sepasiteden the
2 cohort is written on the dotted line crossing through the blue dots. The red dots denote r
1 standard error away from the optimal model to avoid overfitting. As before, the numi
features required for the model is shown on the datténe passing through the red dothe
binomial deviance plot indicates goodness of fit, the lower the deviance, the better théhi
red and blue dots on these plots correspond with the optimal model dots on the classif
plot.
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Given thesimilar 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 nliaieatly
relevant and potentially biologically interesting the modied future studies Fewer features
could also present opportunities to carry out more targeted sequencing of particularly
interesting regions, potentially lowering the cost and impragyiclinical applicability of the
classifier. It is also possible to comment on functional rolegeobmicregions better when

fewer features are involved in a particular model.

Figure 33s a plot to summarise data models per elasticnet penalty describEajure32. Per
elasticnet penalty, the model 1 standard error away from the optimal modelusead in order

to avoid over fittingthe model. The-axis ofFigure 33ndicated the alpha value (or elasticnet
penalty) between 0 and 1, 0 being fRidgeregression and 1 fulASS@egression. The-gixis
indicated the proportion of the discovery cottd69 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 tkHeld0
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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All samples, 10 folds, 5 patient splits
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Figure33 Penaty 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 avoidwer fitting. The saxis of figure indicated the alpha value (or elasticnet
penalty) between 0 and 1, 0 being fRlidgeregression and 1 fulASS@egression. The-gxis
indicated the proportion of the discovery cohort (69 patients) who were corredéytified 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 tkHeldb0
validation. The number in brackets indicated the numbefeatures observed in more than
75% of these iterations and, therefore, the most stable regions for separation of patient cohorts
per model. As the elastichet penalty increased, the number of features identified as driving the
model decreased. These fea¢s were conserved across each mddelthe recurrent features
present in the fulLASS@odel (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 simibarates. The full
Ridgemodel relied on all 56890 features for classification. As the alpha value was changed to
be closer td.ASS@egression, the number of features required for this separation decreased as
expected. The sparsest model was the BASS@egression model (alpha value of 1) with only

69 features used in any of the 56ld cross validation iterations. These features were the same
as observed in the less spansmdels,but they included further features as well. The number

of featurespresent in over 75% validation iterations also decreased as the alpha value increased.
These features were conserved across each mioeléhe recurrent features present in the full

LASS@nodel (19) all featured in the model with alpha value of 0.9 Rluew features and all
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21 of those features were the same features present in the 0.8 alpha value model. Tlais was
important observationto show stability between models and that the separation we observed

was real.

The fullRidgemodel was not appropate for our analyses asearlyall features were used to

build the model making it difficult to draw biologically meaningful conclusions. Although the full
LASSQOnodel was the sparsest model, we chose an alpha perwdlt9.9 in order to avoid

overfittingi KS Y2 RSt o ¢tKAad Y2RStf KIFIR Ttp FSFGdz2NBa oA

crossvalidation.

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 ssmfpbm the analysis and it
remained stables shown irfFigure34. The classificatiorate was only 1% lowerhken using the

alpha penaltyof 0.9 when KD and IMC samples were remdvé&xcluding the full ridge model,
inappropriate for drawing meaningful biological conclusions, the classification rate was stable
at around 70%vhen HGD and IMC samples were remav@iyen the similar classification rates
with and without HGD/IMC samples, we determined that the model was not driven by these
samples andwvas able to classify samples as at risk of progression or Wat. therefore,

determined to use the modehcluding all sample® maximise the statistical powe

In order to check forfurther possible confounding features that could have been driving

separation rather than CNAs, we investigated the: number of samples per patient; number of
NEIFRa LISNJ &F YL S FYR | WLINRE&Q YSI&adaNB T2N 02Y
We also reran the model with randomised labels and our ability to classify disappeared. This

was evidence that the difference we observed betwgeagressorsaand nonprogressorsvas

real and not driven by extremes of gains or losses. We carried out leave onen{patié

analysis and classification rates remained stable above 70%.
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All samples, 10 folds, 5 patient splits No HGD/IMC samples
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Figure34 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 elasticaetlehwith (A) ar
without (B) HGD and IMC samples. These models were 1 standard error away from the optimal model in saldrdwea fitting. The-axis
of figure indicated the alpha value (or elasticnet penalty) between 0 and 1, 0 being full Ridge regression and 1 fuldrASSED.r The-gxis
indicated the proportion of the discovery cohort (69 patients) who were atlyedentified as a progressor or not. The number under the
bars per classification. The value at the bottom of the bar not in brackets indicated the total number of features repaft®thg each mod
across the 5@old validation. The numben brackets indicated the number of features observed in more than 75% of these iteratior
therefore, the most stable regions for separation of patient cohorts per model. As the elasticnet penalty increased, ltlee ofufeature:
identified as driing the model decreased. These features were conserved across each model i.e. the recurrent features present in thé
model (19) all featured in the model with alpha value of 0.9 plus 2 new features. Light blue bars indicate the alpba0Alci@osen in orde
to avoid using all features (full ridge) and overfitting the model.



4.3 Results from the Model

The results presented here are for the 69 patients from the discovery cohort as discussed so far

(35progressors34 nonprogressors

4.3.1 GlobalSummary

Figure35shows a summary per patient of the samples from their follggmhat were correctly

classified as progressor or npnogressomsing the default probability ¢wff of 0.5 We have

presented these data as a ratio, because the number of samples varied per patient based on

their length of followdzLJE f Sy 34K 2F . FNNBGGIQa YR GKS | Y2dzyi
correctly predéted at least one sample per patient correctly in 94% progressor patients ard hon

progressor cohorts. In a receiver operating characteristic curve (ROC) we observe an area under

the curve (AUC) @0.16%.

We correctly classifgll samples in 37% progressmatient and 74% noprogressorand at least

50% of samples per patient in 80% mbgressorsand 94% no#progressors As mentioned
LINBGA2dzates (GKS&S al YL Sa 6SNB GF 1Sy 2@0SNI aLl (
patient followrup. We have almdy commented on the pathological and mutational
KSGSNRr3ISySAdGe S6AGKAY | €£Sarzy 2F . IFNNBGGQao
heterogeneity when we look at classification on a-pample basis2 S RARYy Qi O2 NNBOGft &

any samples fron2 progressor patients.

For the patients in the noprogressor 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 progresis® 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 anddour a

still under regtar surveillance.
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Progressors Non Progressors
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Figure35Ratio of samples predicted correctly

The blue and green bars indicate the ratio of samples correctly classified per patient in the prc
and nonprogressor patients. Individual patients (anorigad) are shown down thegxis. The rati
was used as numbers of samples per patient varies. 1 indicates that all samples from a pati
predicted correctly. The percentages indicate the proportion of patients in a particulazadaory
all sanples correctly classified, some samples correctly classified and no samples correctly cl
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4.3.2 Pathology in Progressool@rt

As mentioned, analyses presentedHigure35included all samples from a given patient across

multiple timepoints and different diagnoses of dysplaskigure36 shows the distribution of

samples from the progressor patients that were correctly classified according to belonging to a
LINEPINB&a&A2NI LI GASYG LISN) LI GK2f 238 3INI RSO C2NJ (K
taken from endoscopiprior to endpoint endoscopies were included in analysesccount for

field effect 94.3% of HGD and IMC samples were correctly identified. Interesting, 79.6% LGD

Al YLX S&a ywom: L5 alyYLfSa FyR ct1ody: 2F b5 . IN
progressor samples prior to HGD/IMC diagnosis. This suggested that our method of patient

classification could bsuccessfullyapplied prior to histological identification of dysplasia.

Samples predicted by pathology

100
94.3%

82.4%
79.6%
I I 67-8%

HGD LGD ID NDBE
Pathology

Percent identified
(&1}
o

0

Figure36 Prediction by pathology

A graph to show the percentage of samples in progressor patients classified correctly separated
0lFldaSR 2y LI GK2f23& 3INFRSO® ¢KS I D5kLa/ al YLX Sa
LGD and NDBE samples were from endoscqpiesto HGD/IMC diagnosis. The total number

of samples included in analyses are shown in the bars. Abbreviations: HGDreugh
dysplasia/intramucosal cancer samples, LGD=gmade dysplasia, ID= indefinite for dysplasia
NDBE=noR& aLJ  aGA O . I NNBGGQa
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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.

Figure374 K2 64& G(GKS LINRBLERZNIAZ2Y 2F b5 . FNNBGGQa &l YLIX S

as progressor samples using the GLM model. AsRigiire35, 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

tissuef2Y b5 . FNNBGIQa al YLi Sa (2 AyOfdRS Ay G(GKS&:

being at risk of progressing for 82.8% of these patients at any timepoint. We classified all ND
FNNBGGIQa al YLX Sa a LINPINBaaA2N aumbetdif SB Ay ny d

samplesin patients wherel00%were predicted ranged from-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 psogressorgrom their ND samples ahe.
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Figure37 Proportion of progressor ND Barrett's samples per patient classified as progre

The red bars indicate the ratio of samples correctly classified per patient in the prog

patients. Patients with ND F NNB G G Q& a Y LX S a-axis.NBe ratlb ®a$ s

as numbers of samples per patient varies. 1 indicates that all samples from a patiel

LINBERAOGSR O2NNBOiGf&od ¢CKS ydzYoSNJ 2F b5

Only samples prior to HGD/IMC diagnosis were included. Abbreviations: dNiBElysplasti
I NNB § (ih@ikgradeigsplasia, IMCintramucosal cancer.
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4.3.3 Endoscopie®ver Tme

Clinically, it was important to address the question of how early we wdeetalzlassify patients

as progressorsor nornprogressors 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 2ahBE lesiop The number of endoscopies and
samples included in analysiesshown inFigure 38In the progressor cohort, &were able to
predict progression iif1% ofsamplesprior to 10yearsbefore progression to HGD/IMEigure

38). Before the endpoint0-1 month) we consistently classified samples from ot Hwitha

classification rate of over 70% ftbre majority of time periodincluded in these analyses

In the nonprogressor cohortthe 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 Sec#oB.4 It is worth noting that all
samples classified as progressor samples were from 9 patients in thpragressor cohort.
Given current clinical knowledge of these patients, thesgosegopies may be identified as false

positives but further follow-up is required before this is known
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High risk predictions prior to final endoscopy
n = #endoscopies, s = #samples

Non-Progressor Progressor

90~

60 -

Percent predicted

36%
31%

30-

12% 12%

10% 11%
n=25 n=30 n=38 n=26
s=41 s=49 s=67 s=57

Months prior to endpoint

Figure38 Summary of progressaand nonprogressorclassifications over time

A summary of the percentage of endoscopies classified as a progressor sample over time. Time in months is shown paintte estedwn along
the x-axis Progressoendpoint was HGD/IMC and ngmogressor endpoint was most recent sample not classified as HGD/IMC-akiseeshows the
percentage of endoscopies with at least 1 sample classified as a progressor sampigtal Thenber of endoscopie@) and number ofamples (s)
included in analyses is shown above the bars. This number varies due to the variation in endoscopy intervals duringrpatilamce and the
overall length of surveillance per patieM/here available, multiple samples per endoscopy weckigted in analyses.



4.3.4 ProgressoiProfiles Relating to Time andtRology

Figure39 (A-E) show individual progressor patient profiles over time from the 35 patients in the
discovery cohort.Figure39 A shows patients with 8 or more years follow up, B witB Years
follow-up, C had 4 years follow up, patients in D haéftdyears followup and E shows patients
with samplesonly available from within 1 year prior to their endpoint endoscopy. For
presentation purposes, the full legend is below Eiglure39. Per endoscopy, we recordee
highest pathologyper 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 probab#ajf cut
of 0.5 for determining a sample as predictive or not in theselymes. 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
endoscopes 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 sampfeedistive 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 3€ahgules with
LGD predictive of progression within the same year as their IMC diagnosis. However, their IMC

endoscopy was not predictive of progression.

As discussed, rdy 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 froRigure39in Appendix 2 wittbar charts included

to show the proportion of saples 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 presentejime39A) 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 analysestpres

here. As such, they are not true technical repeats. All samples, however, were classified as high

risk for progression.
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Anonymised patients with more than 8 years folloy per row showing pathway o
progression to HGD/IMC and whether any samgles endoscopy were positivel
classified as progressor or not. Full legend bétayure39E. Abbreviations: BEhon
R&aLJ I aidAa QindefindeNi®y dysaaaiz, LAD®w-grade dysplasia, HGD
high-grade dysplasia, IMCintramucosal cancer
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Predictive Endoscopy
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6 - 8 years or more follow-up

HGD
Pos- R EE] -3 BE o "
=]
fa
MNeg-
HGD
Pos- 13 L3 L GO —
=
Meg-
LGD
Pos- —_s——@3* NG @ D S
HGD ~
Neg-
Pos- {3
HGD &
Neg-
IMC
[=r]
£n

Pos-
HED
Pos-
E
MNeg- 13 N5

HGD
Pos-
ta
wn
MNeg-
HGD
Pos-
|
L
M eg- .@ 1 E/.
84 72 £0 48 .36 24 A2 0

Months before diagnosis

Endoscopy Prediction ® Neg * Pos

Anonymised patients with-8 years followup per row showing pathway of progression
HGD/IMC and whether any samples per endoscopy were positively classified as prog
or not. Full legend belowigure39E. Abbreviations: BEnon-R& & LJ I & i A Cg
indefinite for dysplasia, LGB low-grade dysplasia, HG® high-grade dysplasia, IM§
intramucosal cancer
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C Progressors
4 - 6 years or more follow-up
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Anonymised patients with -6 years follomup per row showing pathway o
progression to HGD/IMC and whether any samples per endoscopy were posi
classified as progressor or not. Full legend bétayure39E. Abbreviations: B&non-
Re&aLX I aidA QinddfintéNfy dyispadig, LADBw-grade dysplasia, HGD
high-grade dysplasia, IMCintramucosal cancer
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D Progressors
2 - 4 years or more follow-up
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to HGD/IMC and whether any samples per endoscopy were positively classifi
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E Progressors
1 year follow-up
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Figure39 Progressoipatient profiles

Individual patient profiles (1 per row) with months before diagnosis of -higlue
dysplasia/intramucosal cancer on thexis. Per endoscopy the highest grade of patholc
shown in boxes. Each endoscopy was classified as posithegative for classification as
progressor (yaxis). An endoscopy is classified as positive if any sample from that endo:
correctly classified. Where there were multiple endoscopies within the same year, we |
multiple pathology flags witthe highest pathology grade identified.

A- patients with samples for more than 8 years of follap, B- patients with samples for mo
than 68 years of followup, C- patients with samples for more than@lyears of followup, D-
patients with sample for more than 24 years of followup, E- patients with samples for mo
a maximum of 1 year prior to progression

Abbreviations: BE non-R & & LJt | & G A O¢ indéfiltiNIBridiisplasia, LE&EHdow-grade
dysplasia, HGBhighgrade dysplasia, IMCintramucosal cancer
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4.3.5 NonProgresor Patient Profiles Relating Time aathBlogy

74% of patients had all samples classified aspragressor sample@-igure35). As previously
mentioned, weare unable to categorically determé whether a norprogressor willnever
progress. At the time of writing the thesis, however, no patients included in this analysis have

progressed to HGD/IMC.

Figure40 shows individual patient profiles for the 9 ngmogressor patients in the discovery
cohort who had any samples predictive of progression. Samples were available for between 3
and 13 yess of surveillance for these patients. As with firegressorsfor each endoscopy we

have recordedhe highest pathologgand plotted a binary score as to whether any of the samples
were predicted as progressor samples. Where multiple endoscopies weiedoaut within the

same year, both endoscopies were plotted separately. We used the default probabili§f cut

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 expedtsaimples 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

al YLX Sao lff GKNBS KIR b5 . FTNNBlGQa a GKSANI ¥
they will eventually progresso HGD/IMC. Patients 36 and 54 havel lemdoscopies within the

flrad n @SFENE & LINIL 2F NBIdz I NI .-théyNdBtinieQa & dzNIJ ¢
to be stable nomprogressor patients. Patient 25 also continues to be under surveillance but was

diagnosed as indefinite for dyspilast their most recent endoscopy.

A further 2 patients had 1 or 2 endoscopies classified as progressor samples: patients 5 and 11
(Figure40). Patient 11 died of uniel 4§ SR Ol dzaSa o0dzi KIR b5 . I NNBGGC
tFGASYd p KFER GKSANI Y2ald NBOSyid SyR2al02LkX | &SI
As with the progressor cohort, we have included tlaarts showing the proportion of samples
perendoscopy predictive of progression classified as progressor samples in Appe28 2f

these endoscopies had fewer than 100% samples predictive of progression. This is higher than

the 17% observed in therogressorsut still suggests that in the maiity of lesionsdisorder at

the copy number level wadonal.
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Predictive Endoscopy
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Patients with predictive endoscopies, max 13 years follow-up
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Figure40 Non-progres®r 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-#xs
Per endoscopy the highest grade of pathology is shown in boxes. Each endoscopy was
as positive or negative fotlassification as a progressor using the GLM modekig). A
endoscopy is classified as positive if any sample from that endoscopy is correctly cl
Where there were multiple endoscopies within the same year, we plotted multiple path
flagswith the highest pathology grade identified. Patient clinical status is annotated on the
BE=noRRealL) adA0 . INNBi{idQazx L5 I' AYRSTAYA
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4.4 Validation of GLM Model

We held back a validation cohort cindamly selected?0 patient, 10progressorsand 10 nor
progressorsn order to confirm the results. When building the mbdse had already carried
2dzi RtySI @26 Q | yI f & & aadlidatiod. ThJenslife thatThe RatiNva® haR a &
being driven | a few patients, we removed all samples from one patient, built the model and
then classified thepatient whose samples had been removedAll samples were classified
consistently at around 70%. This meant we were confident that a similar proportiamgias

would be correctly classified.

We ranthem through the model described section 4.2. As before, tledasticnetpenalty value

was 0.9.

As expected, samples were correctly predicted in line with the model development at around

70% for both cohos, 69% foprogressorsand 76% for nofprogressors

Figure41 shows individual patient profiles over time for the-gatient validation cohort. As
before, for each endoscopy we have recordked highest pathologgand plotted a binary score

as to whethe any of the samples were predicted as progressor samples. We used the default
probability cutoff 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 endoscoyses plotted

separately.

90% of progressor patients had samples from endoscaogiies 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 clsdias progressor samples.

For 40% no#progressors none of the samples were classified as progressor samples. The

remaining 60% had at leashe endoscopy classified as a progressor sample. At the time of

writing all have had surveillance endoscopiethin the lag 3 years and none have been

diagnosed with dysplasia. Patient 8 has been diagnosed ID for dysplasia and all others with ND

. FNNBGGQao ¢tKAA O2dz R 0S8 OKLIff Sy IdlaghasedF 2 NJ Of Ay
However, sensitivity wa prioritised over specificity in the GLM model for optimal clinical

I LI AOlF oAt AGE Ay (KS Q@uetyeiddseusseddntsectioh NIYB aré Q& & dzNI

alsounable to comment on whether these patients will progress in the future.
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Figure41 Patient profiles of validation ohort

Individual patient profiles (1 per row) with months before most recent endoscopy on#xésx Per endoscopy the highest grade of pathology is shc
boxes. Each endoscopy was classified as positive or negative for classification as a proegEs$orAly endoscopy is classified as positive if any si
from that endoscopy is correctly classified. Where there were multiple endoscopies within the same year, we plotted paitigitegy flags with th
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IMC = intramucosal cancer



4.5 Altering ClassificationlThreshold Cubff

The classificatiorscoreisthe number assignetb an individual sample by the GLM model. These

scores can be anythingfroorg@® ! a4 GKS 2dzildzi 2F f23Aa0A0 NBIN
Oft FaaAFTASR a LINPINBa&A2NI &4l YL SQ 2NJ Wal YLX S y2(
a cut off todistinguish between thesavo outcomes.When determining the cut off, the aim is

to strike a balance between the false positive and false negative fiaies. balanced data set,

with 50% of outcomes being positive and 50% being negative, the logistességn threshold

would be 0.5For the analyses presented so far, we usdddifault threshold for classification

probability of 0.5.As discussed previously, the AUC from ROC analyses was 80.16% with 80%
sensitivity andB0%specificity(Figure42). These data show that usingoaary cut off 0f0.5, the

number of progressor samples taken from any timepoint in a pa@efdllow upcorrectly

classifyingeither a nonprogressor or a prgressor samplevas 8016%. This classification rate

allowed us to predict samples, independent of pathological diagnosis in progressor patients as

early as 13 years prior fgrogression.

Thisdataset, however, was unlikely to be balanced. We, therefoe¢gmiined to identify the
optimal cut off scordor striking a balance between the false positive and false negative rates
using ROC analysis.y’ G KS 02 y (i Subdilangethe clinichlg@aliisit@iacrease the
proportion of progressor samplesicectly 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 ra.observed the highest
AUCwhen thebinary cutoff threshold was lowered from 0.5 to 0.238it increasa to 85.75%
meaning that 85.75% of samples were correctly classified as either progressor or non
progressor samplesThesensitivityincreasel to 84% and specificity deaead to 79% Figure

42). It is worth noting that, as explained in Secti@rb classification rate of the GLMas

evaluated, through 5@old crossvalidation, at the optimal lambda value

Ly GKS O2ydGSEG 2F . I NNBGGQazx dGKA& GNIyatliSR
correctly classified and, therefore, increased oppaity for earlierintervention Figure43). The

proportion of progressor patients with all samples correctly classified increased from 37% to

54% and the number witht 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 norRprogressor paents, we predict all sampless norprogressor samples in 54%

of cases Kigure 43). Ths decreased from the 74% correctly predicted with the default
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classification threshold of 0.5 due to the increased false positive Ftgie42). 14 patients
(46%o0f cohort) had at least 1 sample predictive of progression during their surveillance, an
increase from 9 patients (26% of the cohort) using the default threshtildse 9 patients have
samples classified using both thresholds. As discussed, it is s&ibf@to determine whether
these patients will never progress, however, at the time of writing none have progressed to

LGD/HGD. Their folloup is discussed in more detail below.

Four patients19, 49, 11and 3 RA SR FTNRBY dzyNBf I GSR Ol dzaS&a o dzi
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
endoscop Sa& GAUGKAY GKS f1aG n @SFNAR Fa LING 2F NB3
confirmed- they continue to be stable neprogressor patients. Patient 25 also continues to be

under surveillance but was diagnosed as indefinite for dysplasia itrituest recent endoscopy.

As expected the validation cohort follows a similar pattern to the main colrigtite44) with
one more noRprogressor patient having at lsl 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 bothafts.
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ROC - Progressors vs Non
A Probability threshold = 0.5
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Figure42 Receiver operator arve analysis

Graphs to compare sensitivity (or true positive rate of classification) on-thésyand specifici
(or false positive rate) on theaxis of the predictive model per sample dependingpoobability
thresholds used. The area under the cure (AUC) correlates to the likelihood of a random
to be correctly classified. In graph A, the default probability threshold of 0.5 to predict s:
and the AUC was 79.76%. For graph B, the pitibathreshold was lowered to 0.38 a
increased the AUC to 85.75%. This alteration resulted in increased sensitivity and de
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Default classification probability threshold of 0.5 Altered classificatn probability threshold of 0.38
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Figure43 Patient classification comparison based on classification probability threshold

Ratio predicted samples

The blue and green bars indicate the ratio of samples correctly classified per patient in the progressor-prognessor patients. Individt
patients are shown down the-gxis. The ratio was used as numbers of samples per patient varies. 1 indicates that all samples frorr
were predicted correctly. The percentages indicate the proportion of patients in a particulaagedpory: all seaples correctly classified, sol
samples correctly classified and no samples correctly classified. Thaneffpanel was generated using the default classification prob:
of 0.5 and the righhand panel was generated with the classification proligiof 0.38, informed by ROC analyses.



Default classification probability threshold of 0.5 Altered classificatbn probability threshold of 0.38
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Figure44 Patient classification comparison based on classification probability thresHoldvalidation cohort

The blue and green bars indicate the ratio of samples correctly classified per patient in the progressorpratjnessor patients in the validati
cohort. Individual patients are shown down theayis. The ratio was used as numbers of samples per patient varies. 1 indicates that all
from a patient were predicted correctly. The percentages indicate the proportion of patients in a parsichizategory: all samples correc
classified, some samples correctly classified and no samples correctly classified.-Admed gfanel was generated using the default classific
probability of 0.5 and the rightand panel was generated with theaskification probability of 0.38, informed by ROC analyses.























































































































































































