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and application.

Methods: We searched PubMed, EMBASE, and Cochrane Library databases for
original articles published in English up to October 22, 2021. Studies that developed
or validated a risk prediction model of esophageal cancer and its precancerous lesions
were included. Two reviewers independently extracted study characteristics including
predictors, model performance and methodology, and assessed risk of bias and
applicability with PROBAST (Prediction model Risk Of Bias Assessment Tool).

Results: A total of 20 studies including 30 original models were identified. The median
area under the receiver operating characteristic curve of risk prediction models was 0.78,
ranging from 0.68 to 0.94. Age, smoking, body mass index, sex, upper gastrointestinal
symptoms, and family history were the most commonly included predictors. None of the
models were assessed as low risk of bias based on PROBST. The major methodological
deficiencies were inappropriate date sources, inconsistent definition of predictors and
outcomes, and the insufficient number of participants with the outcome.

Conclusions: This study systematically reviewed available evidence on risk prediction
models for esophageal cancer in general populations. The findings indicate a high risk of
bias due to several methodological pitfalls in model development and validation, which
limit their application in practice.
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INTRODUCTION

Esophageal cancer is one of the most common cancers
worldwide, with an estimated 6,04,100 new cases and 5,44,076
cancer deaths in 2020 (1). In China, esophageal cancer is
the sixth most common cancer and the fourth most common
cause of cancer deaths (2). The two primary histologic
subtypes of esophageal cancer are esophageal squamous cell
carcinoma (ESCC) and esophageal adenocarcinoma (EAC), and
squamous dysplasia (SD) and Barrett’s esophagus (BE) are known
precursors of esophageal cancer for ESCC and EAC, respectively
(3). Several factors have been found to be associated with an
increased risk for esophageal cancer, including older age, male,
family history, smoking, and alcohol consumption (4).

The prognosis of esophageal cancer is poor since most
cancers were diagnosed at a late stage. Endoscopic screening
plays a key role in the prevention of esophageal cancer. It can
reduce the incidence and mortality through early detection,
early diagnosis, and early treatment of cancer and precancerous
lesions (5, 6). However, population-wide endoscopic screening
is less cost-effective due to low detection rate and low
compliance, while opportunistic screening is limited in clinical
practice due to the high requirement for equipment, technic,
and personnel (7).

The risk prediction model is an effective tool for risk
stratification and prediction and has been widely used in
screening for lung cancer (8), colorectal cancer (9), and breast
cancer (10). It is also expected to be applied to esophageal
cancer screening to optimize the screening strategy and provide
patients with individualized screening guidance. By predicting
the probability of esophageal cancer and precancerous lesions in
the general population based on predictive factors, risk prediction
models can identify high-risk individuals eligible for endoscopic
screening, which could concentrate the subjects needed to
be screened, reduce the cost and increase the efficiency and
compliance of screening, as well as avoid over-screening (11, 12).

In recent years, several risk prediction models with various
risk factors have been developed for esophageal cancer. However,
it is not clear whether these models are developed or validated
appropriately or whether they are applicable to screening for the
general population. Therefore, it is important to evaluate the
methodology underpinning model development and validation,
and also risk factors and performance to guide decisions
regarding the use and choice of models for risk predictions. The
aim of this systematic review was to provide an overview on
the models developed to predict the risk of esophageal cancer
in general population, including methodological characteristics,
predictors, and risk of bias.

MATERIALS AND METHODS

This systematic review was conducted according to the preferred
reporting items for systematic reviews and meta-analyses
(PRISMA) (13). A pre-specified protocol was followed when this
study was conducted.

Literature Search

We comprehensively searched the PubMed, EMBASE, and
Cochrane Library electronic databases to identify relevant
publications on December 31, 2020, and updated the search
on October 22, 2021. The search strategy consisted of medical
subject headings (MeSH) and text words for risk prediction
models of esophageal cancer and its precancerous lesions,
with the results restricted to human studies. The main
search terms were as follows: [(“cancer” OR “carcinoma” OR
“neoplasia” OR “tumor” OR “malignancy”) AND (“esophageal”
OR “esophagus” OR “gastrointestinal” OR “digestive” OR
“alimentary”) OR “esophageal neoplasms” [MeSH]] AND
(“predict” OR “predictive” OR “prediction”) AND “model” AND
“risk.” Further studies were sought by manually searching for the
relevant articles in public databases.

Selection of Studies

After the removal of duplicates, studies were screened according
to the inclusion and exclusion criteria based on titles and
abstracts. If a decision could not be made based on abstracts,
full articles were retrieved. Studies were selected if they
met with the following criteria: (1) published as an original
research article in a peer-reviewed journal; (2) developing or
validating a risk prediction model of esophageal cancer and/or its
precancerous lesions; (3) considering more than one predictors
in the prediction model, including traditional and genetic risk
factor, laboratory test, or risk scores that combing multiple
risk factors; (4) had the outcome as cases with cancer or
precancerous lesions vs. non-cases. Two independent authors
(RC and JZ) screened the search results to assess conformity
with selection criteria, with disagreement resolved with a
third author (SW).

Data Extraction and Synthesis

The same authors independently performed data extraction
and quality assessment using standardized protocols. The
general characteristics of studies were extracted, including first
author, publication year, country, outcome, study design, study
period, sample size, and model-related information (statistical
methods, model performance, validation method, and included
predictors). In this process, the methods of studies published
for each risk model were classified according to the TRIPOD
guidelines (14). For studies which included multiple models, for
example separate models for different outcomes or age groups, all
were included separately.

Assessment of Risk of Bias

The risk of bias was assessed using PROBAST (Prediction model
Risk Of Bias Assessment Tool) (15). The tool contains a total
of 20 signaling questions to facilitate structured judgment of
risk of bias covering four domains on model development and
validation: participants, predictors, outcome, and analysis. Any
initial disagreement was resolved through further discussion
among the authors.
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FIGURE 1 | Flowchart of literature search for risk prediction models of
esophageal cancer.

RESULTS

The initial search identified 1,885 records, and 20 articles were
included according to the inclusion criteria (Figure 1). A total
of nine cohorts, 11 case-control studies, and two cross-sectional
studies were involved since two studies applied two study designs.
Three articles (16-18) reported independent models for different
outcomes, three articles reported (19-21) independent models
with different predictive factors, one article (22) reported sex-
specific models, and one article (11) reported four age-stratified
models; thus a total of 30 models were identified on risk
prediction for esophageal cancer and precancerous lesions.

Overview of Risk Prediction Models

Table 1 presents the primary characteristics of the included
studies. The publication year ranged from 2008 to 2021. There
are 10 models for EAC and BE, 19 models for ESCC and SD, and
one model for unspecified esophageal cancer. The sample size of
included studies ranged from 355 to 5,55,011, involving 20,776
cases in total. All models on EAC and BE are for people from
Western countries, whereas most models on ESCC and SD are for
Asians, especially those in East Asian countries including Japan
and China. Among the 30 reported models, model discrimination
(C statistic) ranged from 0.68 to 0.94, with a median area under
the receiver operating characteristic curve (AUC) of 0.78.

Predictive Factors

An overview of the predictive factors that were included in the
risk prediction models are summarized in Table 2. The number
of predictors included in the final models ranged from three
to 10, with a median of five predictors. The most common
predictors were age, smoking, body mass index (BMI), sex, upper
gastrointestinal symptoms, and family history. Besides, genetic
variants were included in four studies (16, 21, 24, 28), two of
them were ALDH?2 genotypes (21, 28), and the other two were

single nucleotide polymorphisms (SNPs) or polygenic risk score
generated from genome-wide association studies (16, 24).

Methodology of Risk Prediction Models

The methodological characteristics of the included models are
summarized in Table 3. The number of events per variables
(EPVs) in the final multivariate analysis was <10 for eight
models, and ranged between 10 and 20 for eight models.
One third of the models keep continuous variables whereas
about half of the models transformed continuous variables to
multicategorical variables. Candidate predictors were selected
based on multivariable screening in 15 models and clinical
experience combined with statistical analysis in 10 models.
Eighteen models reported missing values and excluded them
from analysis, whereas other studies did not report the issue
of missing data. All models reported discrimination with C
statistic, of which eight models reported both C statistic and
Somers’ D statistic. Model calibration was reported in 10 models
with Hosmer-Lemeshow test and seven models with calibration
plot. Twenty-three models were internally validated using cross
validation, bootstrapping, or resampling. Only four models
performed independent external validation.

Risk of Bias

A summary of the risk of bias analysis is shown in Table 4. None
of the models were identified as at low risk of bias. The high
risk of bias in participants is mainly due to inappropriate date
source, such as cases and non-cases from different populations
in case-control studies, which also causes inconsistent definition
of predictors and outcomes and makes the domain of predictors
and outcome high risk. Major deficiencies in the analysis domain
relate to number of participants with the outcome and evaluation
of model performance. The relatively recommended prediction
model for subjects with high risk of ESCC were Chen’s model
(25) and Han’s model (26), and the model by Kunzmann was
recommended for identifying individuals at risk for EAC (18).

DISCUSSION

This systematic review summarizes the available evidence on
risk prediction for esophageal cancer in general populations
and evaluated the methodology of the included models
comprehensively. The findings indicate a high risk of bias
in the existing models due in part to limitations in study
design and poor reporting and are expected to guide efforts to
improve the development, validation, and transparent reporting
of risk prediction models for esophageal cancer as well as other
related diseases.

Unlike breast cancer (34), colorectal cancer (35, 36), and
lung cancer (37), which already have a large number of models
with externally validations, the development and validation of
risk prediction models of esophageal cancer is still insufficient.
Although the included models showed a relatively acceptable
performance on discrimination, less than half models evaluated
the calibration, and few models have independent external
validation. The results of risk of bias assessment indicated
that the predictive performance may be overestimated in the
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TABLE 1 | Characteristics of included studies.

References Country Study design Study type?  Study period Outcome No. of Number of AUC (95%Cl)
participants events
Baldwin-Hunter et al. USA Cross-sectional 1b 2015-2017 BE 2,931 57 0.71 (0.64-0.77)
23
Chang et al. (24) China Case-control 2a NR ESCC 20,298 9,805 0.71 (0.70-0.72)
Chen et al. (25) China Cohort 1b 2007-2012  ESCC 86,447 298 0.81 (0.78-0.83)
Dong et al. (16) UK Case-control 2a NR BE 7,976 3,288 (BE) 0.80 (0.78-0.82) (BE)
EAC 2,511 (EACQ) 0.75 (0.73-0.78) (EAC)
Etemadi et al. (17) Iran Case-control 2a 2003-2007  ESCC 871 (ESCC) 300 (ESCC) 0.77 (0.74-0.80) (ESCC)
Cohort 2a 2003-2007  SD 724 (SD) 26 (SD) 0.71 (0.64-0.79) (SD)
Han et al. (26) China Cohort 3 2012-2019  ESCC 115,686 (d) 186 (d) 0.80 (0.77-0.83) (d)
54,750 (v) 120 (v) 0.79 (0.75-0.82) (v)
Ireland et al. (27) Australia  Case-control 1a 2015 BE 355 120 0.82 (0.78-0.87)
Koyanagi et al. (28)  Japan Case-control 3 2001-2005 (d) EC 1,260 (d) 265 (d) 328 (v) 0.94 (9.92-0.95) (d)
2005-2013 (v) 654 (v) 0.91 (0.89-0.93) (v)
Kunzmann et al. (18) UK Cohort 1b 20062010  ESCC 355,034 64 (ESCC) 0.71 (0.66-0.78) (ESCC)
EAC 220 (EAC) 0.80 (0.77-0.82) (EAC)
Liu et al. (11) China Cohort 2a 2012-2015  SDA 15,073 112 (SDA) 0.80 (0.74-0.85) (SAD,<=60
MDA 194 (MDA) years)
0.68 (0.62-0.74)
(SAD, >60 years)
0.77 (MAD, <=60 years)
0.68 (MAD, >60 years)
Liu et al. (29) China Cross-sectional 3 2017-2019  SDA 5,624 (d) 87 (d) 0.87 (0.84-0.95) (d)
Cohort 5,767 (v) 34 (v) 0.84 (0.79-0.89) (v)
Rubenstein et al. (30) USA Cross-sectional 1a 2008-2011 BE 822 70 0.72 (0.66-0.79)
Shen et al. (31) China Case-control 2a 2014-2016  ESCC 1,220 244 0.79 (0.75-0.82)
Thrift et al. (12) Australia  Case-control 2a 2002-2005 EAC 1,944 364 0.76 (0.73-0.79)
Wang et al. (19) Sweden  Case-control 1b 1994-1997  ESCC 987 167 0.81 (0.77-0.84) (full)
0.79 (0.75-0.82) (simple)
Wang et al. (32) Norway,  Cohort 3 1984-2016 (d) ESCC 77,476 (d) 53 (d) 0.76 (0.58-0.93) (5 years) (d)
UK 2006-2010 (v) 477,535 (v) 105 (v) 0.70 (0.64-0.75) (5 years) (v)
Xie et al. (20) Sweden  Case-control 2a 1995-1997  EAC 1,009 189 0.84 (0.81-0.87) (full)
0.82 (0.78-0.85) (simple)
Xie et al. (33) Norway  Cohort 2a 1995-2015  EAC 62,576 29 0.81 (0.70-0.91) (10 years)
0.88 (0.83-0.93) (15 years)
Yang et al. (22) China Case-control 1a 2010-2013  ESCC 3,410 1,418 0.81 (0.79-0.84) (men)
0.88 (0.85-0.90) (women)
Yokoyama et al. (21)  Japan Case-control 2a NR ESCC 868 234 0.86 (HRA-G)
0.84 (HRA-F)

GC, gastric cancer; ESCC, esophageal squamous cell carcinoma; EC, esophageal cell; EAC, esophageal adenocarcinoma; SD, Squamous Dysplasia; BE, Barrett's esophagus;
SDA, severe dysplasia and above (lesions including severe dysplasia and higher-grade lesions); MDA, moderate dysplasia and above (lesions including moderate dysplasia and

higher-grade lesions); d, derivation/development; v, validation.

T 7ype of study according to the transparent reporting of a multivariable prediction model for individual prognosis or diagnosis (TRIPOD) guidelines. 1a, development only; 1b, development
and validation using resampling; 2a, random split-sample development and validation; 2b, non-random split-sample development and validation; 3, development and validation using

separate data; 4, validation study.

derivation dataset and is probably lower than that reported
when used in practice. In addition, all EAC/BE models were
developed in Western countries, and half ESCC/SD models
were developed in China. Due to difference in risk factors
among populations, the existing models may not be applicable
for people in other high risk areas of esophageal cancer
such as Eastern Asia, Southern and Eastern Africa. To ensure
the generalizability of models in populations with different
characteristics, more models with external validation are needed
in further studies (38).

The most common predictors included in the models are
well-known risk factors of esophageal cancer, such as age, sex,
smoking, and BMI, although there was a variety of predictive
factors between different pathological types. For example, ESCC
is more related to eating habits including eating rapidly, irregular
eating, intake of hot food, intake of fresh fruit, and so on, whereas
the more common predictor of EAC is gastroesophageal reflux
disease (GERD) (39). However, none of these risk factors are
included as predictors by all models. Approximately 80% of the
models included age and smoking as predictors, and about half
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TABLE 2 | Overview of risk factors included in the risk prediction models.

References Age Sex Smoking Alcohol Family BMI UGl Other risk factors

history symptomst

Baldwin-Hunter et al. (23) N v VA J

Chang et al. (24)F Vv N v N 17 G SNPs and 8 GE SNPs, genetic risk
factors interaction with drinking

Chen et al. (25) Na VA J il N fresh fruit*, salted food*, relative disease
history*

Dong et al. (16) (EAC/BE)* N N 4 N N polygenic risk score, non-steroidal
anti-inflammatory drugs

Etemadi et al. (17) (SD/ESCO)* ./ v N education, ethnicity, opium use, oral health,
marital status, tea temperature, water source

Han et al. (26) Na VA il il v fresh fruit*

Ireland et al. (27)F Vv N v v J family reflux history, history of hypertension

Koyanagi et al. (28)* Vv N v v ALDH2 genotype

Kunzmann et al. (18) (EAC) Na VA J VA N

Kunzmann et al. (18) (ESCC) Na J asthma inhaler use*

Liuetal (11) (SDA, <60 years)  /* N N use of coal or wood as a main source of
cooking fuel*, rapid ingestion of food

Liuetal (11) (SDA, =60 years)  /* J v v pesticide exposure*, irregular eating habits,
high-temperature food intake, eating rapidly,
intake of leftover food in summer*

Liu et al. (11)(MDA, <60 years) VA N use of coal or wood as a main source of
cooking fuel*, cooking fumes exposure*

Liu et al. (11) (MDA, >60 years) * il il irregular eating habits, high-temperature food
intake*, eating rapidly, intake of leftover food in
summer*

Liu et al. (29) Na N VA N

Rubenstein et al. (30) Na J Ve waist-to-hip ratio

Shen et al. (31) Na N v VA education, intake of hot food*, intake of
pickled/salted food*, intake of fresh fruit*

Thrift et al. (12) J VA J education*, non-steroidal anti-inflammatory
drugs*®

Wang et al. (19) (full model) Na il Wil il education and duration of living with a partner*,
place of residence during childhood*

Wang et al. (19) (simple model) ./ N A v

Wang et al. (32) v Vv Va i N

Xie et al. (20) (full model) 4 VA Ve living with a partner for <1 year, previous
diagnoses of esophagitis and diaphragmatic
hernia and previous surgery for esophagitis,
diaphragmatic hernia or severe reflux or gastric
or duodenal ulcer

Xie et al. (20) (simple model) il il N

Xie et al. (33) Na N v N N

Yang et al. (22) (men) Na J i VA education*, family wealth score*, adult height*,
tooth brushing times*, missing and filled teeth*,
tea temperature®

Yang et al. (22) (women) Na VA education*, family wealth score*, adult height*,
tooth brushing times*, missing and filled teeth”

Yokoyama et al. (21) (HRA-F) J alcohol flushing*, strong alcohol beverages®,
green-yellow vegetables*, fruit

Yokoyama et al. (21) (HRA-G) il ALDH2 genotype®, strong alcohol beverages®,

green-yellow vegetables*, fruit*

/Risk factors included in the model, 'Signiﬂcant risk factors.

tincluding gastroesophageal reflux disease and related symptoms, alarming symptoms of retrosternal pain, back pain or neck pain, epigastric pain and dyspepsia.

*Significance of risk factors is not reported.
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TABLE 3 | Methodology of included models.

TABLE 4 | Risk of bias of included studies using PROBAST.

Characteristics of analysis Number of studies (%)

EPV in final model

<10 8 (26.67)
10-20 8 (26.67)
>21 14 (46.66)

Handling of continuous variables

Transforming to multi-categorical variables 16 (53.34)

Keep continuous variables 10 (33.39)

Not report 4 (13.33)
Variable selection

Multivariable screening 15 (50.00)

Clinical experience and statistical analysis 10 (33.33)

Not report 5(16.67)
Missing values

Exclusion from analysis 18 (60.00)

Not report 12 (40.00)
Model performance
Discrimination

C statistic’/AUC 22 (73.33)

C statistic/ACU and Somers’ D statistic 8 (26.67)
Calibration

Hosmer-Lemeshow test 7 (23.33)

Callibration plot 4 (13.33)

Hosmer-Lemeshow test and calibration plot 3 (10.00)

Not report 16 (563.34)
Validation

Internal validation 23 (76.66)

External validation 2 (6.67)

Internal and external validation 2 (6.67)

Not report 3 (10.00)
Internal validation (N = 25)

Cross validation 19 (76.00)

Bootstrapping 3 (12.00)

Cross validation and bootstrapping 2 (8.00)

Resampling 1 (4.00)

of the models involved sex and BMI. One possible explanation is
that these known risk factors did not reach statistical significance
in the derivation dataset. A better method to handle these
well-established predictors and those with clinical credibility
in multivariate modeling is to include them in a prediction
model regardless of any statistical significance (40). Some models
also incorporate less common predictive factors related to data
set features and population characteristics. The predictors only
reported by one study include asthma inhaler use (18), waist-to-
hip ratio (30), use of coal or wood as the main source of cooking
fuel (11), pesticide exposure (24), opium use (17), oral health
(12), and alcohol flushing (21). More evidence is needed to verify
that their selection is not based on accidental association with
esophageal cancer. In addition, there are models that combined
genetic risk factors such as genetic polymorphisms or polygenic
risk score as predictors to produce better performance. When
applied to the general population in both population-based
screening and opportunistic screening, the predictors included in

References Risk of bias Overall
Participants Predictors Outcome Analysis
Baldwin-Hunter Low Low Low High High
etal. (23)
Chang et al. (24) High High High High High
Chen et al. (25) Low Low Low High High
Dong et al. (16) High High High High High
Etemadi et al. (17) High High High Unclear  High
Han et al. (26) Low Low Low High High
Koyanagi et al. (28)  High Low Low High High
Ireland et al. (27) High High High High High
Kunzmann et al. (18) Low Low High Unclear  High
Liuetal. (11) Low Low Low High High
Liu et al. (29) Low Low Low High High
Rubenstein et al. High Low Low High High
(30)
Shen et al. (31) High Low Low High High
Thrift et al. (12) High High High High High
Wang et al. (19) Low High High Unclear  High
Wang et al. (32) Low Low Low High High
Xie et al. (20) Low High Low High High
Xie et al. (33) Low Low Low High High
Yang et al. (22) Low Low Low High High
Yokoyama et al. (21) High High High High High

the models must be readily obtained in primary care settings. The
inclusion of genetic risk predictors may reduce the applicability
of the models because they require additional measurement and
costs. In summary, the selection of a suitable risk prediction
model should comprehensively take the performance, the quality,
and the feasibility into consideration.

The results of the risk of bias assessment show that none
of the models meet all the requirements of PROBAST (40).
The risk of bias in a section of participants, predictors, and
outcomes is mainly caused by pitfalls in the study design.
In a non-nested case-control study, case patients from a
hospital with advanced conditions may be overrepresented,
leading to overestimated model performance and reduced model
applicability. The methodological limitations in the analysis
section are as follows: (1) About 60% of the studies have an EPV
lower than 10 and are likely to be overfitting in general (41, 42).
For predictors with low-prevalence presented in a model, such
as non-steroidal anti-inflammatory drugs (NSAIDs) use (16) and
pesticide exposure (11), higher EPV is needed to eliminate bias
in regression coeflicients and improve predictive accuracy (41).
(2) Continuous variables are transformed to multicategorical
variables in more than half of the prediction models, the most
common of which is categorizing age into groups. However,
categorization of continuous predictors might lead to loss of
information and weaken the performance of risk prediction
models (43). (3) Most of the models either did not report any
missing information or exclude missing value in the analysis,
which may reduce the available sample size and cause selection
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bias (44, 45). It should be noted that risk assessment relies on the
transparent reporting of studies, and poor reporting could cause
the items to be evaluated as high risk or unknown risk. However,
to be clear, the clinicians and policy makers, who decide which
clinical prediction models should be promoted in evidence-based
guidelines or implemented in practice, should refer to reviews
like current study at the very beginning. Meanwhile, the high
prevalence of models with a high risk of bias emphasizes the need
to improve methodological quality of prediction research.

To our knowledge, this is the first review that summarizes
the risk prediction models of esophageal cancer in the
average-risk population. We used the recently published tool
PROBAST to assess the risk of bias and applicability of
the included prediction model studies and then evaluated
their methodological characteristics and performance. Risk
prediction models by Chen (25), Han (26), and Kunzmann
(18) were recommended based on the relatively standardized
measurement of predictors and outcome, large sample size,
complete evaluation, and good result of model performance.
The results of this study will provide a reference for the further
development, validation, and application of risk prediction
models in the target subjects for endoscopic screening.

A limitation of the present study is the methodological
shortcomings and inadequate reporting in the included articles.
It is not possible to objectively evaluate and directly compare the
models based on the poor reporting. Due to the lack of validation
studies, we cannot perform meta-analysis of calibration measures
for the prediction models. In addition, the variation of predictors
and ethnic differences contribute to the poor implementation of
the existing models.
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