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Title: Determining Risk of Barrett’s Esophagus and Esophageal Adenocarcinoma Based on
Epidemiologic Factors and Genetic Variants

Abstract:
Background & Aims. We developed comprehensive models to determine riBkrodtt’s esophagus
(BE) or esophageal adenocarcinoma (EAC) based on genetic and non-genetic factors.

Methods: We used pooled data from 3288 patients with BE, 2511 patients with EAC, and 2177
individuals without either (controls) from participants in thernational Barrett’s and EAC consortium

as well as the United Kingdom’s BE gene study and stomach and esophageal cancer study. We collected

data on 23 genetic variants associated with risk for BE or EAC, and constructed a polygenic risk score
(PRS) for cases and controls by summing the risk allele counts for the variants weighted byutta¢ir nat
log-transformed effect estimates (odds ratios) extracted from genome-wide associatin ¥tedilso
collected data on demographic and lifestyle factors (age, sex, smoking, body mass index, use of
nonsteroidal anti-inflammatory drugs) and symptoms of gastroesophageal reflux disease. (GERD)
models with various combinations of non-genetic factors and the PRS were compared for their accuracy
in identifying patients with BE or EAC using the area under the receiver operating chdracten®

(AUC) analysis.

Results: Individuals in the highest quartile of risk, based on genetic factors (PRS), had a 2-fold higher

risk of BE (odds ratio [OR], 2.22; 95% ClI, 1-8960) or EAC (OR, 2.46; 95% CI, 2.82.92) than

individual in the lowest quartile of risk based on PRS. Risk models developed based on only demographic
or lifestyle factors or GERD symptoms identified patients with BE or EAC with AUC valuesitangi

from 0.637 to 0.667. Combining data on demographic or lifestyle factors with data on GERD symptoms
identified patients with BE with an AUC of 0.793 and patients with EAC with an AUC of 0.745.

Including PRSs with these data only minimally increased the AUC values for BE (to 0.799) and EAC (to
0.754). Including the PRSs in the model developed based on non-genetic factors resulted in a net
reclassification improvement for BE of 3.0% and for EAC of 5.6%.

Conclusions. We used data from 3 large databases of patients from studies of BE or EAC to develop a
risk prediction model based on genetic, clinical, and demographic/lifestyle factors. WeddenBRS

that increases discrimination and net reclassification of individuals with vs. without BE and EAC.
However, the absolute magnitude of improvement is not sufficient to justify its clinical use.

KEY WORDS: BEACON, SNP, neoplasm, environmental exposures



INTRODUCTION

The incidence of esophageal adenocarcinoma (EAC) has increased sharply in many Western populations
during the last four decadé$Despite recent advances in early detection and the availability of

endoscopic therapy for early neoplastic lesions, the estimated overall 5-year survivalathteAQr

patients remains poor at 18%Most cases of EAC are diagnossédvanced stages, with a median

survival of less than 12 months.

Barrett’s esophagus (BE) is the precursor lesion for EAC and is a metaplastic columnar epithelium of the
distal esophagusChronic and frequent reflux of duodenogastric contents into the distal esophagus is the
primary risk factor for BE and EAES The current approadhb the prevention of deaths from EAC relies

on upper endoscopy with biopsy to identify BE among individuals with frequent symptoms of
gastroesophageal reflux disease (GERD), followed by regular endoscopic surveillance of BEfto ident
patients with neoplastic progression before invasive EAC occurs. However, only 5-7% of patients
diagnosed with EAC have a prior diagnosis of Biad a large proportion of patients with BE are

asymptomatic and undetectédreatly limiting the usefulness of this strategy.

An alternative approach is screening using a risk prediction model, based on demographic and clinical
characteristics, genetic markers and other factors, for patient risk stratificativialifRy clinicians with a

tool that allows them to estimate a patiemisk may better aid them in deciding whom to screen and
make future resource utilization more efficient. Risk models incorporating genetic agemetic factors
have been developed for predicting risks of breast cdmgsthelial ovarian cancé?,and lung
cancert2among others. Previously constructed models for EX@nd BE®*!° have combined
demographic, clinical and lifestyle information into single risk models and shown moderate
discriminatory ability. However, no studies have examined the clinical utility ofigeveeted risk

prediction models for BE and EAC, alone or in combination with non-genetic risk factors.



BE and EAC are highly polygenic, with a number of overlapping genetic variants contributing to disease
susceptibility?®2! Taking advantage of the genetic variants identified by recent large genome-wide
as®ciation studies (GWAS) of BE and E&AE222*we aimed to derive a polygenic risk score (PRS) and
develop a comprehensive risk prediction model based on the PRS and a panel of well-established risk
factors for BE or EAC (i.e., GERD symptoms, smoking status, body mass index (BMI), and use of

nonsteroidal anti-inflammatory drugs (NSAIDS)



METHODS
Study population

The current analysis used a pooled dataset that included participants from the intefatietnal and

Esophageal Adenocarcinoma Consortium (BEAQOH)://beacon.tivnet.ngtGWAS, additional BE

cases from the United Kingdom (URhrrett’s Esophagus Gene Study, and EAC cases from the UK

Stomach and Oesophageal Cancer Study. The BEACON GWAS included 2,413 BE cases, 1,512 EAC
cases and 2,185 controls of European ancestry from 14 epidemiologic studies conducted in North
America, Western Europe, and Australia, as previously desdibéisgtological confirmation of BE and

EAC was carried dun all participating studies. Among them, after GWAS data cleaning procedures (see
full details below), 2,408E cases, 1,50BAC cases, and 2,177 controls were available for the current
analysis. We included an additional 882 BE cases and 1,003 EAC cases from the two UK-base#l studies.
These BE cases were UK Barrett's Esophagus Gene Study participants identified at endoscopy with
confirmed histopathological diagnoses of intestinal metapta3iae EAC cases were selected from the

UK Stomach and Oesophageal Cancer Study and had International Classification of Diseases coding of
malignant neoplasm of the esophagus (C15) and a pathological diagnosis of adenocarcinoma (M8140-
8575)2° The final study sample included 3,2BB cases, 2,511 EAC casesd 2,177 controls. Each
contributing study complied with their institutional review board requirements and atifpeants gave

informed consent.

Genetic variant selection, genotyping and imputation

We selected genetic variants reported to be associated at genome-wide significance (P wiix tiek
of BE and/or EAC in published GWA22-24Only the variant with the lowest\Rlue was selected when
multiple variants were observed in high linkage disequilibrium (LB ©.8). In total, 23 genetic

variants were included to generate the PR$plementary Table)1


http://beacon.tlvnet.net/

Genotyping of buffy coat or whole blood DNA from all participants was performed using thenBlum
OmnilM Quad platform, in accordance with standard quality control procedétésdetailed quality

control of both BEACON and UK datasets has been previously desétilveblief, all genotyped

samples and variants met the following inclusion criteria: per variant and per sample masssirigo;

single nucleotide polymorphisms (SNPs) with a minor allele frequency (MAF) > 1%; SNFRB with

0.0001 in controls and 5 x 101%in BE and EAC cases for Hardy-Weinberg equilibrium, no familial
relationships, extreme heterozygosity rate, or outliers. Imputation was performed in each study using
IMPUTEZ2 based on the 1000 Genomes Phase 1 haplotypes (June, 2014 release) referéhBogtanel.
imputation quality control was conducted by excluding SNPs with imputation quality score < 0.4 or MAF

<0.01.

Based on samples and variants passing standard GWAS quality control, imputed dosage d&a for the
variants were extracted. Among them, eight variants had been directly genotyped; we therefore used the
available genotyping data for these eight variants instead of imputation data. Imputed d@styeldat

remaining 15 variants were converted to genotype data using GTOOL

http://www.well.ox.ac.uk/~cfreeman/software/gwas/gtool.ptiahd then merged with the genotypes of

the eight directly genotyped variants.

Polygenicrisk score

We constructed the PRS for cases and controls by summing the risk allele counts (i.e., particip@nts hav
1, or 2 risk alleles) for the 23 variants weighted by their natural log-transforneet eftimates (odds

ratios) extracted from the corresponding GWAZ:2*For each participant, we summed the weighted risk
allele counts and then divided the total by 23 (i.e., the total number of loci) to derive a englatedv

score. The mean weighted score was then transformed into a Z score using the controls as the reference.

This method for calculating risk scores mirrors the approach used in the software [FIdkHE°


http://www.well.ox.ac.uk/~cfreeman/software/gwas/gtool.html

Demographic, lifestyle and clinical factors

Responses to self-reported questionnaires or interviews were collected at or near the time of BE or EAC
diagnosis for cases and at the time of recruitment for controls. Heartburn symptoms weict aikef

burning or aching pain behind the breastbone/sternum not attributed to heart problems, aitati@gurg
symptoms as a sour taste resulting from regurgitation of acid, bile or other stomach contettiistrHear
and regurgitation symptoms were harmonized and modeled dichotomously as resun@itecurrent

based on a frequency of weekly or gre#éberrecurrent’. The term GERD will be used to refer to the
exposure of heartburn or regurgitation symptoms or both. BMI was calculated as weight imlé&d Hivi

the square of height in meters (kd/nin this current analysis, we used usual adult weight (prior to any
disease-related weight loss). If usual adult weight was unavailable, we used weight at 1, 5, or 20 years
before interview, depending upon which data were avaifaBid.obacco smoking was categorized as
evervs. never regular use of cigarettes. Use of NSAIDs was defined as ever vs. never regulanyse of
aspirin or non-aspirin NSAIDs. Exposures were harmonized across studies and merged into a single

dataset for analysis.

Statistical analysis

We derived separate risk models for BE and EAC. The combined prediction model used information from
the PRS, age, sex, GERD symptoms, smoking, BMI, and use of NSAH#3imate disease risk. All

seven risk factors were entered into a logistic regression model to estimate odds ratmsd(OR)

corresponding 95% confidence intervals (95% ClI).

To evaluate model performance, we first used the Hosmer-Lemeshow $tdtistissess model

goodness-of-fit. Receiver operating characteristic curves analysis was performeel amsdh thnder the

curve (AUC) was calculated to evaluate discriminatory performance, with repeated 10-fold cross
validation and bootstrapping techniques used for internal validation of the risk niambks useful, the
predicted risks must discriminate well between those participants who do have BE/EAC (cases) and those
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participants who do not have BE/EAC (i.e., controls). The AUC gives the probability that for any
randomly selected pair of individuals, one case and one control, the model assigns a higher probability t
the case. A value of 1 indicates the model has perfect discrimination, while a value of 0.5 irttkcates t
model discriminates no better than chance. Likelihood ratio statistics were also computed to compare
modelfit with demographic/lifestyle factors only (age, sex, smoking, BMI, and use of NSAIDs), GERD

symptoms only, the PRS only, and the combination of these predictors.

We further assessed the clinical impact of the PRS by reclassification using theassifreation index
(NRI).2° The NRI, after inclusion of the PRS in the model with demographic/lifestyle factors and GERD
symptoms, was computed as [proportion of all cases reclassified at highepriglortion reclassified at

lower risk]— [proportion of all controls reclassified at higher risgroportion reclassified at lower risk].

All data were analyzed using R software (version 3.3.3; The R Foundation for Statistigalitthg,

Vienna, Austria) and Stata version 14 (StataCorp, College Station, Texas, USA). Statistical isognifica

was determined at o = 0.05, and all p-values for statistical significance were two-sided.
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RESULTS

Participants

Characteristics of the study sample are showrainie 1 The mean ages 8E cases, EAC cases, and
controls were 62.9, 64.5, and 61.7 years, respectively. As expected, a large proportion BEgases (
75.6%; EAC, 87.3%) and controls (78.6%) were m&€& and EAC cases had higher BMI, and were

more likely to have recurrent GERD symptoms and to have smoked compared to controls.

Polygenicrisk score

The PRS was approximately normally distributed for each of the BEACON and UK datasets
(Supplementary Figure)1The PRS was significantly higher for case groups than in controls (P < 0.001
for both BEvs. controls and EA@s. controls), with mean (sd.) PRS of 0.31 (1.01) in BE, 0.36 (1.02) in
EAC and 0.00 (1.00) in controlS({pplementary Figure) 2An increase in the PRS was associated with
statistically significantly higher risks of BE and EATaple 9, adjusted for demographic/lifestyle factors

and GERD symptoms. A risk gradient was also observed across quartiles of the PRS, such that
individuals in the highest quartile of the PRS had over 2-fold higher risks of BE (OR, 2.22; 95% ClI, 1.89-
2.60) and EAC (OR, 2.46; 95% CI, 2.07-2.92) compared to those in the lowest quartile of ti@aBRS (

2). The PRS showed poto-moderate predictive ability for discriminating between BE cases and

controls (AUC, 0.588; 95% ClI, 0.572-0.603) and between EAC cases and controls (AUC, 0.599; 95% ClI,

0.583-0.615) Table 3.

Combined risk prediction models

We evaluated the predictive performance of demographic/lifestyle factors (age, sex, sBKjrand

use of NSAIDs) and GERD symptoms for discriminating BE and EAC cases from controls with and
without the inclusion of the PRS in the modélgy(ire 1 & Table B The demographic/lifestyle-only and
GERD symptoms-only models discriminate BE and EAC cases from controls with moderate accuracy
(AUCs ranged from 0.637-0.667). When combined into a single model, compared with the
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demographic/lifestyle-only and GERD symptoms-only models, the AUC values for the models with
demographic/lifestyle factors and GERD symptoms were statistically signiji¢agter (BE: AUC,

0.793; 95% CI, 0.776-0.810; EAC: AUC, 0.745; 95% ClI, 0.721-0.769).

With the addition of the PRS, the AUCs showed small improvement: demographidAifasiy model
increased from 0.637 to 0.656 for BE, and from 0.665 to 0.697 for EAC; and the AUC for the GERD
symptoms-only model increased from 0.667 to 0.709 for BE, and from 0.638 to 0.684 for EAC.
Compared with the demographic/lifestyle-GERD symptoms combined models, adding the PRS into the
model slightly improved the prediction performance, with an AUC of 0.799 (95% CI, 0.782-0.816) for
BE and 0.754 (95% CI, 0.729-0.778) for EAGdure 1, Table 3 and Supplementary Tables 2 gnd 3
Likelihood-ratio statistics were then calculated comparing the model with demogragstigiéifonly,
GERD symptoms-only and demographic/lifestyle-GERD symptoms combined with the models that
included the PRSSupplementary Table)2While all comparisons were statistically significant (a# P
0.001), the absolute improvement in AUCs afforded by adding the PRS was ymoallexamining the
reclassification properties of adding the PRS to the demographic/lifestyle-GERD sygutarined
models for BE and EAC, we observed an overall improvement in the net risk stratificatiotoof 3.0
(number of participants reclassified of overall sample wa$ #8 BE risk prediction and 5.6% (number

of participants reclassified of overall sample was)286EAC risk prediction Table 4.

Each model showed good internal validity and we found little evidence of overfitting in the repeated 10-
fold cross-validation analysis (combined model for BE: AUC, 0.797; combined model for EAC: AUC,
0.748) [Table 3. Similar results were observed when we used bootstrapping methods for internal
validation (combined model for BE: AUC, 0.795; combined model for EAC: AUC, 0.746). The models
also demonstrated strong calibration in the study population (Hosmer-Lemeshow statistic, P = 0.55 for
BE and P = 0.15 for EAC), showing good agreement between the predicted probabilities and actual
BE/EAC risks across the observed range of risk.
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DISCUSSION

To the best of our knowledge, this is the first study to develop a risk prediction model for BE and EAC
combining non-genetic (demographics, lifestyle factors, and GERD symptoms) and genetibalata. T
results of this risk assessment study demonstrate that our combined risk prediction mddalanay

limited clinical utility for discriminating BE and EAC cases from controls. Risk modelsding age,

sex, smoking status, BMI, use of NSAIDs, and frequency of GERD symptoms showed moderate
discriminatory ability and were well calibrated. Adding the PRS provided significantly butiargel
incremental improvements in the AUC. These data provided 3-6% improvement in the net reclassificati
index, suggesting that genetic predictors in combination with information on demographfesipie |

factors and history of GERD symptoms may improve risk stratification efforBH@nd EAC, but the

absolute magnitude of improvement may not be sufficient to justify its clinical use.

Given the strong association between GERD symptoms and the risks of BE and EAC, most existing
strategies for preventing deaths from EAC have suggested screening individuals with chronic and
frequent GERD symptoms by endoscopy to detect BE, and monitoring those with BE by endoscopic
biopsy surveillance to detect dysplasia or early cancers, which are amenable to endoscopic alitation and
surgical resectiof3! However, a critical limitation of these approaches, as implemented, is that most
individuals who ultimately develop EAC (~93%) are never referred for endoscopic or other screening
tests until they present with late-stage cadtAssuming these patients had access to medical care, they
either had asymptomatic BE (without GERD symptoms), or they had GERD symptoms not sufficiently
severe to justify either presentation to their medical provider or endoscopy in the juddjtheirt

medical provide?? To enable more effective prevention and early detection of EAC, a key challenge lies
in identifying the “at risk” population with greater precision. To that end, our combined prediction model
included demographic/lifestyle (age, sex, smoking, BMI, and use of NSAIDs) factors, frequency of
GERD symptoms and genetic factors (the PRS) to estimate relative disease riskaBESEAC-

specific model incorporating BE/EAC-specific risk factors such as GERD symptoms and the PRS. None

14



of the factors included in our combined model were used in the clinical diagnosis of BE and EAC, or used
as part of study population recruitment for any involved study in this risk prediction model. This allow

us to minimize overestimating the predictive ability of the integrative risk models.

Previous studies have developed prediction models to estimate the absolute 5-year risk®¢f E&C
example, a study from a nation-wide population-based case-control study in Sweden used a set of readily
available (non-genetic) factors and reported an AUC of 0.84 among 189 incidemmaEé&nd 820
controk® An Australian study combined BMI, smoking, GERD symptoms, use of acid-suppressant
medications and NSAIDs, and attained educational level to estimate the absolute risk of E&G4from
incident EAC cases and 1,580 controls, and obtanédJC of 0.75* These models have not been
validated in independent populations. Similarly, past risk prediction models for BE based on GERD
symptoms and other non-genetic risk factors have yielded low to moderate predictive aéddiiduyse
studies observed that using multiple factors improved discrimination compared with ugiGERD
symptoms (frequency and duration), but that history of GERD symptoms was a particularly important
predictort®1” Consistent with these findings, GERD symptoms was the most important predictor of BE
and EAC risk in our model, and explained the largest fraction of the phenotypic variance S#BE (

and EAC (6.3%). However, approximately 40% of patients with EAC do not report a history of GERD
symptoms at cancer diagno&isnd we showed that inclusion of additional factors in risk stratification
(e.g., the AUC for EAC was 0.745 for the demographic/lifestyle-GERD symptoms combined model vs.
0.638 for the GERD symptoms-only model; P < 0.001) is necessary to improve performafingébr ¢

application.

Recent large-scale GWAS of BE and EAC have provided an opportunity to develop risk models
incorporating genetic variants. PRS using expanded sets of genetic variants has been reportagkto impr
discrimination for diseases such as coronary heart disease, breast, lung and prostafet&ncer
However, empirical evidence for the effectiveness of genetic risk stratiidatBE and EAC is lacking.
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In the present study, the PRS was associated with risks of BE and EAC, and accounted for 1.7% and 2.2%
phenotypic variance of BE and EAC, respectively. Those in the highest quartile of the PRS%ahd 22
146% increased risk for BE and EAC, respectively, as compared with those with lowest quartile. How
best assess and quantify the improvement in a risk prediction model offered by adding new markers has
long been a challenge. Calculating the improvement in the AUC is a traditional way to evaluate the
prediction increment of a new marker. However, for prediction models already possessing rejatigely
discrimination, it is difficult for new promising markers to produce large increases in theFdUC

example, in the current study, the model including GERD symptoms and demographic/lifestyle factors
provides reasonably good discrimination between BE/EAC cases and controls; thus, adding the PRS by
itself does not meaningfully increase the AUC. New metrics, such as NRIbean proposed for

guantifying the prediction increment of a new makemd hae become widely used. The NRI focuses

on reclassification tables constructed separately for cases and controls, and quantifiesdhe corr
movement in categories-upwards for cases and downwards for controls. In the current study, we found
that after including the PRS in the model, 121 BE cases were reclassified as greater risk anddl28 contr
were reclassified as lower risk; while for EAC, 65 cases were corrected upwards and 100 controls
downwards. Although the PRS assigned more individuals to the tails of the risk distributioEssiod B

EAC, the improvements were limited (3.0% and 5.6% for BE and EAC, respectively). These data
suggested that compared with the model combining demographic/lifestyle factors and GERD symptoms,
the additional prediction value provided by the PRS is not sufficient for clinical use. Howeweslyacti
monitoring the individuals at the tails of this distribution may still help to ilemtore high risk patients

for cancer prevention and avoid overtreatment for those individuals at lowest risk.

Strengths of the current study include its large sample size of both BE and EAC cases, the lygh-quali
casecontrol and cohort parent studies, and the available non-genetic and genetic data. The combined
model provides moderate predictiveness for BE and EAC, with estimated AUCs of 0.799 and 0.754,
respectively. Because internal validation indicates an upper limit of the expectedipederin new
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settings, the repeated 10-fold cross-validation and bootstrapping analysis suggested mirfittiagovier

the models. Reclassification analysis showed small improvement of adding the PRS into the prediction

model, suggesting potential impact of the PRS to improve the identification of individuals atrtskghe

for BE and EAC. Resequencing studies of genetic loci that are now underway might help to further refi

the PRS of our combined models, and the identification of other, consistently associated risk factors for

BE and EAC may also improve discrimination.

Our study also has some limitations. First, ayggrome-wide significant GWAS variants were selected to
generate the PRS; additional loci yet to be identjfiage variants with larger magnitudes of association
and copy number variants should be included in future PRS. Because we selected SNPs and the
corresponding regression coefficients for the PRS based on those SNPs identified in a metafanalysis o
BE/EAC GWASY? that includes a subset of participants used in the current analysis, we may have
overestimated the predictive ability of the PRS due to overfitlihg:‘true” incremental improvement in
discrimination afforded by a PRS may therefore be smaller than reported here. Although external
validation is the gold standard because it establishes the model’s transportability and generalizability,®

we were unable to externally validate our risk prediction models. Amassing sufficient study power for
risk prediction analysis is a challenge, particularly given that paired clinical and GWASealaftea not
available. Given the large worldwide consortial sample of patients participating in this work, few
additional EA and BE patients with non-genetic and genetic data are currently available fatioeplic

thus such work may require additional time for study patients to accrue. We elected to pool alirstudies
the analysis to gain the greatest statistical power and used 10-fold cross-validation arabpowistr
techniques for internal validation rather than a split sample approach which can lead to unstable models
with a suboptimal predictive ability, and observed similar re$tiidthough we do not have an external
replication set, the consistency of associations of BE/EAC risk factors across BE&Gdés and

internal validation analyses suggest that our models would have adequate transpamability
generalizability. Since we used case-control data to estimate relative risks, someresal bfas,
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misclassification and missing data are inevitable for exposure variables such as smoking, GERD
symptoms, BMI, and NSAID use. Recently, central obesity (e.g., tealsp ratio) has been found to be

more strongly associated with the risks of BE and EAC than BMI; however, waist and hip measurements
were not collected in the majority of the included studies. It is likely that adding such meadhees t

model, rather than BMI, may improve predictive ability. In addition, our model was trained in a study
sample comprised of individuals of European ancestry; it may not be applicable to other etbiaico

groups. Because our pooled dataset included some cohort studies with no controls (i.e., studiégs provi
only BE or EAC cases), we were not able adjust for study site. Heterogeneity between casesasd cont
from different centers may have influenced our results and requires additional work to etablish
transportability and generalizability of the models. Finally, our prediction models were catstrased

on regression approaches, and used a small number of variables to predict the probability of BE or EAC.
These traditional regression models are based on theory and assumptions and have a priori hypotheses.
Additional advanced machine learning techniques may be able to produce a more flexible relationship
among the predictors and the outcome and help confront issues of multiple and correlated predictors, non-
linear relationships, and interactions between predictors and endpoints, in large datasetsr, tHuavev

output from these methods may not be as user friendly and have limited clinical utility.

In conclusion, this was the first attempt to quantify the discriminatory ability of geaetarg associated

with BE and EAC, alone and in combination with non-genetic factors. The PRS was strongtegsoci

with risks of BE and EAC; however, the combined risk prediction model provided here is complex and
the absolute difference in discriminatory ability of the combined model compared to risk models based on
only non-genetic factors (i.e., demographic and lifestyle factors and history of GERIbsygnwvas not
sufficient to influence clinical decision-making. A better understanding and use of gefwetiation for

risk prediction is needed before such integrated models could be recommended for clinical wse. Futur
studies are also necessary to refine and evaluate prediction models based on data from prospective
studies, which allow model calibration with temporally developed information.
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Figure Legend

Figure 1. The receiver operating characteristic curves associated with risk prediction models for A.

Barrett’s esophagus (BE) and B. esophageal adenocarcinoma (EAC). Demographic/lifestyle model

includes age, sex, smoking, BMI and use of NSAIDs.
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