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A risk prediction model for gastric cancer D
based on endoscopic atrophy classification
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Abstract

Backgrounds Gastric cancer (GC) is a prevalent malignancy affecting the digestive system. We aimed to develop a
risk prediction model based on endoscopic atrophy classification for GC.

Methods We retrospectively collected the data from January 2020 to October 2021 in our hospital and randomly
divided the patients into training and validation sets in an 8:2 ratio. We used multiple machine learning algorithms
such as logistic regression (LR), Decision tree, Support Vector Machine, Random forest, and so on to establish the
models. We employed the Least absolute shrinkage and selection operator (LASSO) to screen variables for the LR
model. However, we chose all the variables to construct the models for other machine learning algorithms. All models
were evaluated using the receiver operating characteristic curve (ROC), predictive histograms, and decision curve
analysis (DCA).

Results A total of 1156 patients were selected for the analysis. Five variables, including age, sex, family history of GC,
HP infection status, and Kimura-Takemoto Classification (KTC), were screened using LASSO analysis. The area under
the curve (AUC) of all the machine learning models ranged from 0.762 to 0.974 in the training set and from 0.608 to
0.812in the validation set. Among them, the LR model exhibited the highest AUC value (0.812, 95%Cl: 0.737-0.887) in
the validation set with good calibration and clinical applicability. Finally, we constructed a nomogram to demonstrate
the LR model.

Conclusions We established a nomogram based on endoscopic atrophy classification for GC, which might be
valuable in predicting GC risk and assisting clinical decision-making.
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Introduction

Gastric cancer (GC) is a prevalent malignancy affect-
ing the digestive system. The Global Cancer Statistics
report for 2020 revealed that more than one million
people worldwide have been diagnosed with GC, which
accounts for 5.6% of all cancers [1]. Unfortunately, the
five-year survival rate for progressive GC remains poor,
with a rate of less than 10% [2]. However, patients with
early GC have a significantly better prognosis, with sur-
vival rates surpassing 90% after endoscopic treatment [3].
Consequently, the development of risk prediction models
for GC is crucial. Accurate risk prediction enables clini-
cians to recommend appropriate screening strategies,
surveillance programs, and personalized treatment plans.

Gastric mucosal atrophy, a precancerous condition
of the stomach, is a crucial stage in the development of
GC [4]. The most widely accepted pattern is Correa’s cas-
cade [5]. Many studies have demonstrated that the risk
of gastric carcinogenesis was associated with the degree
and extent of atrophy [6]. Currently, the updated Sydney
System [7] and the operative link on gastritis assessment
(OLGA) [8] are mostly used to assess the degree and
extent of gastric atrophy. However, these two systems
require biopsies from five sites under endoscopy, which
increases patients’ medical costs. In addition, it appears
that a biopsy is not sufficient to evaluate the condition
of the entire gastric mucosa. Besides histopathology,
various serological indicators such as pepsinogen, Heli-
cobacter pylori (H. pylori) antibodies, gastrin-17, and
tumor markers could help assess gastric mucosa atrophy
or predict the risk of GC [9]. However, these indicators
are susceptible to many factors, such as the testing meth-
ods, the use of anti-acid medications, and the comorbid-
ity of other gastric diseases.

The Kimura-Takemoto classification (KTC), proposed
by Japanese scholars in 1969 [10], is primarily used to
assess the extent of gastric mucosal atrophy during
endoscopy. Unlike serological indicators, the KTC is not
susceptible to other factors and does not undergo signifi-
cant alteration in the short term. In addition, the inter-
national uniform standard of KTC helps increase the
applicability and reliability of the model. Several stud-
ies [11, 12] have revealed high diagnostic concordance
between the KTC and histopathology, making it a prom-
ising tool for identifying ‘high-risk’ endoscopic screening
individuals.

Artificial intelligence is developing rapidly, and its inte-
gration with the field of medicine is increasing. Machine
learning plays a crucial role in this integration [13].
Machine learning analyzes data from multiple dimen-
sions and continuously learns from the data to improve
algorithms, which makes it particularly useful for dispos-
ing of complex medical data and generating personal-
ized risk assessments based on individual profiles [14].
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Many researchers have already used machine learning
techniques for early cancer prediction and have achieved
some success.

Currently, there is no feasible and efficient endoscopic
risk prediction model for GC in China. We aimed to
incorporate various machine learning algorithms to
establish a useful GC risk prediction model based on
the endoscopic atrophy classification, which could guide
clinical decision-making.

Methods

Study population

It is a retrospective cross-sectional study. Patients who
underwent endoscopic examination for gastrointestinal
symptoms at our Hospital from January 2020 to Octo-
ber 2021 were consecutively selected. The inclusion cri-
teria were as follows: (1) aged between 30 and 90 years;
(2) underwent endoscopic assessment of gastric atrophy;
(3) had complete medical records. The exclusion criteria
were: (1) esophageal cancer; (2) history of gastric surgery.

Data collection

We collected the patients’ information from the elec-
tronic medical records and endoscopic reports, includ-
ing age, sex, family history of GC in first-degree relatives,
smoking, alcohol, and Kimura Takemoto Classification
(KTC). We classified the H.pylori infection status into
two groups - uninfected and infected (whether current
or post-eradication). The diagnostic criteria for Helico-
bacter pylori (HP) are as following [15]: (1) positive C13
breath test; (2) positive HP antibodies; (3) presence of HP
in pathological biopsy samples.

Two endoscopists assessed the KTC for all patients
according to the endoscopic images. Both of the two
endoscopists have more than ten years of experience. The
criteria for KTC [16] were as follows: (1) C1, the atrophy
confined in the antrum; (2) C2, the atrophy exceeded the
incisura angularis but confined in the lesser curvature;
(3) C3, the atrophy was in the lesser curvature and did
not exceed the cardia; (4) O1, the atrophy extended to the
cardia and the atrophic border was between the lesser
curvature and the anterior wall; (5) O2, the atrophic bor-
der was in the anterior wall; (6) O3, the atrophic border
was between the anterior wall and the greater curvature;
CO0 meant those without atrophy. Endoscopic manifes-
tations of atrophy mainly included the appearance of
the capillary network, pallor of the gastric mucosa, and
flattening or even the absence of the mucosal folds. The
definition of GC included high-grade intraepithelial neo-
plasia and invasive carcinoma of the stomach, and the
diagnostic criteria referred to the Vienna classification
for gastrointestinal epithelial neoplasia [17, 18].
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Table 1 The baseline of the patients

Total Non-GC  GC P
Total 1156 1006 150
sex, n(%) <0.001
female 487(42.1) 444(44.1)  43(28.7)
male 669(57.9) 562(55.9)  107(71.3)
age <0.001
mean (SD) 58(12) 57(12) 65(8)
smoking, n(%) 0.021
NO 817(70.7) 723(71.9)  94(62.7)
YES 339(29.3) 283(28.1)  56(37.3)
alcohol, n(%) 0.089
NO 720(62.3) 636(63.2)  84(56.0)
YES 436(37.7) 370(36.8)  66(44.0)
FamilyHistory, n(%) <0.001
NO 1117(96.6)  980(97.4) 137(91.3)
YES 39(34) 26(2.6) 13(8.7)
KTC, n(%) <0.001
Co-C1 839(72.6) 765(76.0)  74(49.3)
C2-C3 252(21.8) 197(19.6)  55(36.7)
01-03 65(5.6) 44(4.4) 21(14.0)
HP, n(%) 0.369
NO 579(50.1) 509(50.6)  70(46.7)
YES 577(49.9) 497(494)  80(53.3)

Statistical analysis

We employed IBM SPSS Statistics (Windows, version
26.0) and Python (version 3.0) software for the statistical
analysis. We used mean and standard deviation (SD) to
describe continuous variables and frequencies with per-
centages for categorical variables. There were no miss-
ing data in our study. We randomly divided the data into
the training and validation set in an 8:2 ratio. The same
patients were not both in the training and validation set.
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We employed multiple machine learning models such
as logistic regression (LR), NaiveBayes, Support Vector
Machine (SVM), K-Nearest Neighbor (KNN), Adaptive
Boosting (AdaBoost), Random forest (RF), Decision Tree,
ExtraTrees, XGBoost, LightGBM, and gradient boosting
algorithms to construct the models. We used the Least
Absolute Shrinkage and Selection Operator (LASSO) to
select variables for the LR model. However, we chose all
the variables without screening for the other models. We
used the area under the receiver operating characteristic
curve (AUC) to evaluate the models’ discrimination, pre-
diction histograms to assess the calibration, and decision
curve analysis (DCA) to evaluate clinical utility. Finally,
we constructed the nomogram to demonstrate the LR
model.

Results

The baseline of the patients

In this study, we finally selected 1156 patients for data
analysis, including 150 patients with GC and 1006 non-
GC patients. The flowchart for patient selection is in Fig-
ure S1. The mean age of the patients was 58 12 years,
including 669 (57.87%) males, 339 (29.33%) smokers, 436
(47.72%) alcohol drinkers, and 39 (3.37%) with a family
history of GC. The detailed information is in Table 1.

Variable selection

We randomly divided the data into training and valida-
tion sets, with 924 patients in the training set and 232
patients in the validation set. Five variables were selected
using LASSO analysis, including sex, age, family history
of GC, HP infection status, and KTC (Fig. 1), which were
further used to construct the LR model.
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Fig. 1 Variables selection based on LASSO algorithm for the model. a The coefficient profile plot. b The cross-validation plot
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Model establishment

Based on the selected features, various machine learning
classifiers were used to develop the GC risk prediction
models, including LR, NaiveBayes, SVM, KNN, Decision
Tree, Random Forests, ExtraIrees, XGBoost, LightGBM,
GradientBoosting, and AdaBoost. Most machine learn-
ing algorithms showed good diagnostic performance,
with AUC values ranging from 0.762 to 0.974 in the train-
ing set and 0.608 to 0.812 in the validation set. The spe-
cific values for all models are in Table S1. The LR model
had the highest AUC value (0.812, 95%CI: 0.737-0.887)
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in the validation set. In addition, the sample prediction
histogram of the LR model showed good calibration, and
the DCA curve demonstrated good clinical applicabil-
ity of the model. The performance of the LR model is in
Fig. 2, and other models’ AUC values are in Fig. 3. Finally,
we constructed a nomogram for GC based on LR (Fig. 4).

Discussion

To date, the mortality rate of GC remains high in China,
which is mainly due to delayed diagnosis. Therefore, it
is imperative to improve the early detection of GC [19].
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Fig. 2 The efficacy of the logistic regression (LR) model in the validation set. a The receiver operator characteristic (ROC) curves. b The decision curve
analysis (DCA). ¢ The prediction probability histogram
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Operator Characteristic (ROC) curves in the validation set
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Currently, the most widely accepted GC risk predic-
tion model in the Chinese population is Lee’s Scale [20],
which predicts the risk of GC mainly based on serological
indicators in asymptomatic individuals. However, there
is no GC risk prediction model for Chinese populations
using endoscopic atrophy classification.

We believe that the advantage of GC risk assessment
under the endoscopy is enabling clinical decisions for
high-risk patients, such as determining follow-up time
if there were no significant findings during endoscopic
examination. In addition, compared to biopsies, it can
provide a quantitative assessment of the entire gastric
mucosa and improve the accuracy of GC risk assessment.

Much evidence indicated that the incidence of GC
increased with age, especially after 40 years old [21, 22].
Compared to females, males have a higher incidence of
GC [23, 24]. Smoking [25] and alcohol consumption
might also increase the risk of GC. The risk of GC is
significantly higher for individuals with a family history
of GC. In addition, infection with HP is considered the
most significant risk factor for GC. Since the discovery of
HP, numerous studies have linked it to GC and precan-
cerous conditions [26, 27]. Therefore, we chose age, sex,
family history of GC in first-degree relatives, smoking,
alcohol, and HP infection status as predictors, which may
have correlations with the occurrence of GC.

In addition, we choose the KTC to assess the degree
of gastric atrophy and predict the risk of GC. Although
KTC is subjective and may have inter-observer vari-
ability, this study simplified KTC into three categories:
C0-C1, C2-C3, and O1-03. The boundary of C1 and C2
is incisura angularis, while cardia for C3 and O1, both
with clear markers. This three-category could reduce
inter-observer discrepancy and improve the accuracy and
reliability of the classification.

LASSO analysis compressed the regression coefficients
in the regression equation by generating a penalty func-
tion, which could avoid overfitting the model. There-
fore, this study adopts LASSO to select variables. After
LASSO analysis, we selected five variables for the con-
struction of the model: age, sex, family history of GC, HP
infection status, and KTC.

The results of this study showed that there was no
significant relationship between smoking or alcohol
and GC, which may be because we did not consider the
amount of smoking and alcohol consumption. A cohort
study [28] conducted on the Singaporean Chinese popu-
lation indicated that only smoking more than 20 packs
per year would increase the risk of GC. We only collected
whether the participants smoked or not, without the spe-
cific consumption of cigarettes and alcohol consumed,
which resulted in the unrelated findings of smoking and
alcohol with GC. In the future, more detailed data needs
to be collected to verify the relationship of smoking and
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alcohol with GC in a larger population. Additionally, the
nomogram showed a relatively weak importance of HP
in the occurrence of GC, which might be associated with
precancerous conditions. The incidence of HP-related
precancerous diseases, including dysplasia and chronic
atrophic gastritis, was a little high in the non-GC group
in our study, which reduced the discrepancy of HP
between the GC and non-GC group.

There are some advantages in this study. Firstly, we
compared the performances of multiple machine learn-
ing algorithms to establish models, and the LR model
showed the best performance. Subsequently, we devel-
oped a nomogram according to the LR equation to dis-
play the model, which could assist physicians in assessing
the risk of GC based on the endoscopic atrophy classifi-
cation. However, there were also some limitations in this
study. Firstly, we collected the data from a single center
without external validation, so we should further vali-
date the model to confirm its generalization. Secondly,
we only selected the patients who underwent endoscopy
in the study, which may cause selective bias and limit
its clinical use. Thirdly, the study was retrospective, and
the collected variables were limited. In the future, other
endoscopic findings, such as the regular arrangement of
the collecting veins, diffuse redness [29], and endoscopic
grading of the gastric intestinal metaplasia [30], could be
combined to improve the model’s performance.

Conclusion

We established a GC risk prediction model based on
endoscopic atrophy classification by multiple machine
learning, which can predict the risk of GC and provide
guidance for surveillance. However, more populations are
needed to validate the model in the future.
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