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Abstract

Aim: To optimize gastric cancer screening score and reduce screening costs using machine learning models.

Methods: This study included 228,634 patients from the Taizhou Gastric Cancer Screening Program. We used three machine
learning models to optimize Li’s gastric cancer screening score: Gradient Boosting Machine (GBM), Distributed Random
Forest (DRF), and Deep Learning (DL). The performance of the binary classification models was evaluated using the area
under the curve (AUC) and area under the precision–recall curve (AUCPR).

Results: In the binary classification model used to distinguish low-risk and moderate- to high-risk patients, the AUC in the GBM,
DRF, and DL full models were 0.9994, 0.9982, and 0.9974, respectively, and the AUCPR was 0.9982, 0.9949, and 0.9918, respectively.
Excluding Helicobacter pylori IgG antibody, pepsinogen I, and pepsinogen II, the AUC in the GBM, DRF, and DL models were 0.9932,
0.9879, and 0.9900, respectively, and the AUCPR was 0.9835, 0.9716, and 0.9752, respectively. Remodel after removing variables
IgG, PGI, PGII, and G-17, the AUC in GBM, DRF, and DL was 0.8524, 0.8482, 0.8477, and AUCPR was 0.6068, 0.6008, and 0.5890,
respectively. When constructing a tri-classification model, we discovered that none of the three machine learning models could
effectively distinguish between patients at intermediate and high risk for gastric cancer (F1 scores in the GBM model for the low,
medium and high risk: 0.9750, 0.9193, 0.5334, respectively; F1 scores in the DRF model for low, medium, and high risks: 0.9888,
0.9479, 0.6694, respectively; F1 scores in the DL model for low, medium, and high risks: 0.9812, 0.9216, 0.6394, respectively).

Conclusion: We concluded that gastric cancer screening indicators could be optimized when distinguishing low-risk and moderate
to high-risk populations, and detecting gastrin-17 alone can achieve a good discriminative effect, thus saving huge expenditures.
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Introduction
Gastric cancer is among the most prevalent forms of cancer
worldwide and represents a high-incidence area.1 According
to data from the World Health Organization, in 2020, there
were 479,000 newly diagnosed cases of gastric cancer in
our country, with 374,000 deaths, accounting for 44.0% and
48.6% of new global cases and deaths, respectively.2 The inci-
dence and mortality rates of gastric cancer remain the highest
in Asia, posing a severe threat to the lives and health of our
people and imposing significant economic burdens on
society and families.3 Given that early-stage gastric cancer
lacks specific clinical symptoms, the majority of patients are
already in the advanced or late stages by the time of the diag-
nosis,4 resulting in a poor prognosis. Therefore, the early diag-
nosis and treatment are vital to reduce the mortality rate of
gastric cancer. However, the early detection rate of gastric
cancer in our country is low, at <10%,5 which is far below
South Korea’s 50% and Japan’s 70%.6 In addition, there is
no internationally recognized screening program for gastric
cancer, and early detection relies mainly on opportunistic
screening.7 Thus, it is worth exploring how to economically
and effectively implement a gastric cancer screening strategy
that suits national conditions.

According to a study conducted in the United States,
gastric cancer screening is cost-effective in countries with
high incidence rates and low screening costs, and it may
still be a feasible option for high-risk populations in coun-
tries with low incidence rates.8 In China, over 300 million
individuals are estimated to be at risk of gastric cancer.9

Although gastroscopy and gastric biopsies are currently
considered the gold standards for screening and diagnosing
gastric cancer, they are expensive and invasive procedures,
leading to poor patient compliance and tolerance.10

Therefore, conducting gastroscopic screening for such a
large population is inefficient and impractical, considering
that only 1%–3% of individuals are expected to have
gastric cancer.11 Therefore, further risk stratification of
this at-risk population, as a preliminary screening before
gastroscopy, is necessary to identify high-risk individuals
among them.

Li’s gastric cancer screening score is currently employed
for prospective gastric cancer screening in asymptomatic indi-
viduals, aiming to differentiate low-, moderate-, and high-risk
populations, with gastroscopy recommended for those at mod-
erate to high risk.11,12 This approach has been validated in
multicenter studies focusing on the Chinese population.11

However, the initial screening based on Li’s score requires
consideration of four serological markers: gastrin-17 (G-17),
pepsinogen I and II (PGI/II), andHelicobacter pylori antibody
(Hp IgG), rendering it cost-intensive.

Given the above, the present study aimed to optimize
Li’s score by reducing the initial screening markers and
lowering the cost, thus enhancing the cost-effectiveness of
gastric cancer screening. In recent years, machine learning

has demonstrated significant potential in data processing
and analyses. Predictive models built on machine learning
exhibit excellent predictive performance and stability, gar-
nering increasing attention. By leveraging machine learning
and a comparative analysis of multiple models, this study
optimized the Li’s score. Compared to the original Li’s
score, these models reduce the need for blood markers, sub-
stantially decreasing the screening cost while maintaining a
discrimination effect close to 100% in both internal and
external validation, ensuring excellent screening efficacy.

Methods

Trial population

From January to December 2019, the participants in the
gastric cancer screening program for the minimum guaran-
teed population in the Taizhou area and the participants in
the gastric cancer screening program for the general popu-
lation in Linhai City were recruited from January 2021 to
July 2023. Both screening programs were approved by the
Ethics Committee of Taizhou Hospital Affiliated with
Wenzhou Medical University, with ethics approval numbers
(K20190221 and K20210613).

The inclusion criteria were all participants in the screen-
ing project, while exclusion criteria were as follows: refusal
to complete the questionnaire survey, refusal to undergo
serological testing, and missing data. All participants pro-
vided written informed consent after fully understanding
the benefits and risks of GC screening.

The questionnaire survey included information such as the
age, sex, height, weight, medical history, alcohol consumption
history, and smoking history. Serological testing included
measurements of G-17, PGI/II, and Hp IgG. Serological
testing was conducted by a designated company appointed
by the Taizhou Municipal Government to ensure the stability
of the test results. The initial screening process utilized Li’s
gastric cancer screening score (Supplemental Table S1).

Data analyses

Model selection. The research involved the selection of
three models: the Gradient Boosting Machine (GBM),
Distributed Random Forest (DRF), and Deep Learning
(DL) models. The GBM is a machine-learning method
that builds a powerful model by iteratively training multiple
weak learners. It possesses the advantages of high accuracy
and adaptability to different data types but has a longer
training time and is susceptible to the influence of noise
and outliers.13 The DRF is a distributed implementation
of the Random Forest, which is suitable for handling
large-scale datasets. It can utilize distributed computing
resources to obtain more accurate results through parallel
computations.14 In contrast, the DL model is a machine
learning approach based on neural networks and

2 DIGITAL HEALTH

https://journals.sagepub.com/doi/suppl/10.1177/20552076241277713


characterized by multilayer network structures.15 It has a
powerful learning ability and is suitable for large-scale
data. In addition we appended 10 machine learning models
for further explanation of the feasibility of the study, and
the results are appended in Supplemental Table S2 and
Figures S1–S40.

Evaluating the models. For model validation, we employed
both internal and external validation. For internal validation,
we used a five-fold cross-validation approach. In the evaluation
of the model, we adopted the following metrics: accuracy, pre-
cision, recall, F1 score, area under the receiver operating char-
acteristic curve (AUC), and area under the precision-recall
curve (AUCPR). The interpretation of the model was analyzed
using SHAP values.Model construction and data analyses were
performed using the R language (version 4.2.3).

Results

Patients

A total of 240,059 patients participated in the project, with
11,425 patients excluded because of missing or incomplete
blood test information, resulting in a final inclusion of
228,634 patients. The training set consisted of 195,640 indivi-
duals from the general populationwith amedian age of 60 years
old, including 78,539 males and 117,101 females. Among
them, 34,135 had a history of smoking, 26,672 had a history
of alcohol consumption, 43,070 had a history of hypertension,
13,454 had a history of diabetes, and 5651 had a history of
hyperlipidemia. According to the risk assessment form,
147,522 were classified as low risk, 45,222 as medium risk,
and 2896 as high risk. Those classified as medium-to high
risk were designated as the endoscopy group, while the
low-risk group was designated as the follow-up group.
Ultimately, 48,118 individuals were included in the endoscopy
group, requiring further in endoscopic examinations, while
147,522 patients were included in the follow-up group. In add-
ition, 32,994 individuals from the low-income group were
selected for validation, with a median age of 58 years old
(20,107 males and 12,887 females). Among them, 10,171
had a history of smoking, 7710 had a history of alcohol con-
sumption, 8276 had a history of hypertension, 2244 had a
history of diabetes, and 2210 had a history of hyperlipidemia.
Ultimately, there were 22,386 individuals in the follow-up
group and 10,608 in the endoscopy group. The baseline distri-
butions of the training and validation sets are listed in Table 1.

Constructing a binary classification model

All variables were included in the scoring table, and full
models were built using GBM, DRF, and DL. In the
GBM full model, the AUC was 0.9994, AUCPR was
0.9982. External validation results: recall is 0.9679, preci-
sion is 0.9351, F1 score is 0.9512, accuracy is 0.9681,

AUC is 0.9959 and AUCPR is 0.9923. In the DRF full
model, the AUC and AUCPR were both 0.9949. External
validation results: recall is 0.9228, precision is 0.9494, F1
score is 0.9359, accuracy is 0.9594, AUC is 0.9896 and
AUCPR is 0.9864. In the DL full model, the AUC was
0.9974, AUCPR was 0.9918. External validation results:
recall is 0.9315, precision is 0.9601, F1 score is 0.9456,
accuracy is 0.9201, AUC is 0.9912 and AUCPR is
0.9804 (Supplemental Figures S41–S43). For these three
machine learning models, we used SHAP values for inter-
pretation and the results are shown in Figure 1.

Variable selection. Based on the ranking of feature import-
ance across the three models, IgG had the lowest weight
in the GBM model, followed by PGI and PGII. In the
DRF model, IgG had the least weight, followed by PGI
and PGII, whereas in the DL model, PGII had the least
weight, followed by PGI and IgG. The importance of the
variables’ features was reevaluated within the models by
rearranging the variables using the permutation method.
In the GBM model, the least impactful variable is PGII, fol-
lowed by IgG and PGI; in the DRF model, PGII has the
lowest importance weight, followed by PGI and IgG; in
the DL model, IgG had the lowest weight, followed by
PGII and PGI. It was observed that PGI, PGII, and IgG
had relatively low weights in all three machine models.
Furthermore, the models were reconstructed by removing the
IgG and PGR variables (PGI/PGII) (Supplemental Figures
S44–S49). Based on this, we used Partial Dependence Plot to
show the average effect of the first three important feature vari-
ables in the model on the target variables, and the results are
shown in Supplemental Figures S50–S58.

Removal of variables to construct models. After removing the
variable IgG, GBM, DRF, and DL models were rebuilt. In
the GBM model, the AUC was 0.9979, and the AUCPR
was 0.9939. External validation results demonstrated a
recall of 0.9818, a precision of 0.9546, an F1 score of
0.9680, an accuracy of 0.9791, an AUC of 0.9947, and
an AUCPR of 0.9893. In the DRF model, the AUC was
0.9964, accompanied by an AUCPR of 0.9894. External
validation results demonstrated a recall of 0.9734, a preci-
sion of 0.9525, an F1 score of 0.9628, an accuracy of
0.9758, an AUC of 0.9904, and an AUCPR of 0.9857.
The DL model exhibited an AUC of 0.9931 and AUCPR
of 0.9802. External validation results demonstrated a
recall of 0.9570, a precision of 0.9447, an F1 score of
0.9507, an accuracy of 0.9681, an AUC of 0.9869, and
an AUCPR of 0.9770 (see Supplemental Figures S59–S61).

After removing the PGI and PGII variables, in the GBM
model, the AUC was 0.9961, and the AUCPR was 0.9912.
External validation results demonstrated a recall of 0.9634,
a precision of 0.9645, an F1 score of 0.9640, an accuracy of
0.9768, an AUC of 0.9948, and an AUCPR of 0.9913. In
the DRF model, the AUC was 0.9920, and the AUCPR
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was 0.9840. External validation results demonstrated a
recall of 0.9268, a precision of 0.9872, an F1 score of
0.9560, an accuracy of 0.9726, an AUC of 0.9936, and
an AUCPR of 0.9890. In the DL model, the AUC was
0.9921, and the AUCPR was 0.9828.External validation
results demonstrated a recall of 0.9061, a precision of
0.9508, an F1 score of 0.9279, an accuracy of 0.9654, an
AUC of 0.9888, and an AUCPR of 0.9777(see Supplemental
Figures S62–S64).

After removing the IgG, PGI, and PGII variables, the
GBM model achieved an AUC of 0.9932 and an AUCPR
of 0.9835. External validation results demonstrated a
recall of 0.9804, a precision of 0.9528, an F1 score of
0.9664, an accuracy of 0.9781, an AUC of 0.9934, and
an AUCPR of 0.9876. In the DRF model, AUC and
AUCPR were 0.9879 and 0.9716, respectively. External
validation results demonstrated a recall of 0.9638, a preci-
sion of 0.9424, an F1 score of 0.9529, an accuracy of

Table 1. Baseline comparison table of MLGC with the general population.

MLGC
N= 32,994

General population
N= 195,640

p-value

Age 58 (52,64) 60 (54,66) <.001

Gender <.001

Male 20,107 (62.26%) 78,539 (40.14%)

Female 12,887 (39.06%) 117,101 (59.86%)

Smoking history <.001

No 22,823 (69.17%) 161,505 (82.55%)

Yes 10,171 (30.83%) 34,135 (17.45%)

Drinking history <.001

No 25,284 (76.63%) 168,968 (86.37%)

Yes 7710 (23.37%) 26,672 (13.63%)

Past medical history <.001

Hypertensive disease 8276 (25.08%) 43,070 (22.01%)

Diabetes 2244 (6.80%) 13,454 (6.88%)

Hyperlipidemia 2210 (6.70%) 5651 (2.89%)

Modeling subgroups <.001

Follow-up group 22,386 (67.85%) 147,522 (75.40%)

Endoscopy group 10,608 (32.15%) 48,118 (24.60%)

Gastric cancer risk class <.001

Low-risk 22,386 (67.85%) 147,522 (75.40%)

Medium-risk 10,045 (30.44%) 45,222 (23.11%)

High-risk 563 (1.71%) 2896 (1.48%)

MLGC: minimum living guarantee crowds; BMI: Body Mass Index.
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0.9694, an AUC of 0.9902, and an AUCPR of 0.9826.For
the DL model, the AUC was 0.9900 with an AUCPR of
0.9752. External validation results demonstrated a recall
of 0.9638, a precision of 0.9424, an F1 score of 0.9530,
an accuracy of 0.9694, an AUC of 0.9886, and an
AUCPR of 0.9722 (see Supplemental Figures S65–S67).

Constructing a tri-classification classification model

In the creation of the tri-classification model within the
comprehensive GBM model, the accuracy was calculated
based on the confusion matrix and yielded a value of
0.9859. The recall rates for the low-, medium-, and high-
risk categories were 0.9958, 0.9665, and 0.7832, respect-
ively. The precision rates for the low-, medium-, and
high-risk categories were 0.9906, 0.9723, and 0.9497,
respectively. The F1 scores for the low-, medium-, and
high-risk categories were 0.9932, 0.9694, and 0.8488,
respectively. For the external validation, the accuracy
was determined to be 0.9524. The recall rates for the
low-, medium-, and high-risk categories were 0.9979,
0.8908, and 0.3364, respectively. The precision rates
for the low-, medium-, and high-risk categories were
0.9531, 0.9496, and 0.9955, respectively. The F1
scores for the low-, medium-, and high-risk categories
were 0.9750, 0.9193, and 0.5334, respectively.

In the DRF model, the accuracy was 0.9760. The recall
rates for the low-, medium-, and high-risk categories were
0.9918, 0.9445, and 0.6598, respectively. The precision
rates for the low-, medium-, and high-risk categories were
0.9859, 0.9514, and 0.8156, respectively. The F1 values
for the low-, medium-, and high-risk categories were
0.9888, 0.9479, and 0.6694, respectively. For the validation
set, the accuracy was 0.9521. The recall rates for the low-,
medium-, and high-risk categories were 0.9979, 0.8909, and
0.3227, respectively. The precision rates for the low-,
medium-, and high-risk categories were 0.9532, 0.9484, and

0.9953, respectively. The F1 values for the low-, medium-,
and high-risk categories were 0.9750, 0.9188, and 0.5175,
respectively.

In the DL model, the accuracy was 0.9630. The recall
rates for the low-, medium-, and high-risk categories were
0.9740, 0.9396, and 0.7826, respectively. The precision
rates for the low-, medium-, and high-risk categories were
0.9885, 0.9042, and 0.6961, respectively. The F1 values
for the low-, medium-, and high-risk categories were
0.9812, 0.9216, and 0.6394, respectively. In the external
validation, the accuracy was 0.9468. The recall rates for
the low-, medium-, and high-risk categories were 0.9862,
0.8955, and 0.3864, respectively. The precision rates for
the low-, medium-, and high-risk categories were 0.9598,
0.9271, and 0.6623, respectively. The F1 values for the
low-, medium-, and high-risk categories were 0.9728,
0.9110, and 0.3945, respectively. The parameter distribu-
tions of the three models are shown in Figure 2.

Discussion
As a country with a high incidence of gastric cancer, it is
necessary for China to conduct gastric cancer screening.
However, a standardized system for gastric cancer screen-
ing has not yet been established in China, and screening
still relies on opportunistic approaches, leading to a high
incidence and mortality rate of gastric cancer in China,
ranking top in Asia. However, large-scale gastric cancer
screening in China is expensive, so it is necessary to stratify
the population for initial screening.

Li’s Gastric Cancer Screening Form, developed and
validated for the Chinese population, was used to identify
high-risk groups, with the aim of reducing screening
costs. Can machine-learning algorithms be used to further
optimize the screening form and reduce screening costs?
Therefore, this study, relying on the gastric cancer screen-
ing project of the Taizhou Municipal Government in

Figure 1. Plot of SHAP values for the three models; (a) distribution of SHAP values for the GBM model; (b) distribution of SHAP values for
the DRF model; (c) distribution of SHAP values for the DL model (the DL model could not be mapped by the tree-based algorithm, so a
separate calculation was performed).
GBM: Gradient Boosting Machine; DRF: Distributed Random Forest; DL: Deep Learning.
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China and based on a large sample of data, employed
various machine learning models to optimize the gastric
cancer screening form. When simply distinguishing

between low-risk and moderate-to-high-risk individuals,
the screening indicator gastrin alone can achieve a 99% dis-
crimination rate.

Figure 2. The evaluation of the tri-classification model to distinguish patients at low, medium, and high risk. (a), (b), and (c) show the F1
value, precision rate, and recall rate of the DL, DRF, and GBM models on the test set. (d), (e), and (f) show the F1 value, precision rate, and
recall rate of the DL, DRF, and GBM models on the training set.
GBM: Gradient Boosting Machine; DRF: Distributed Random Forest; DL: Deep Learning.
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This study employed three machine-learning algorithms
(GBM, DRF, and DL) to construct a discriminative model
encompassing all variables. The models demonstrated out-
standing discriminatory performance in both internal and
external validation. To explore the significance of the vari-
ables within the models, a visual representation of the vari-
ables was conducted, and internal variable reordering was
performed to further assess their weights. Through variable
analyses, it was observed that IgG, PGI, and PGII exhibited
relatively minor weights in all three models. As a result, we
hypothesized that these indicators could potentially be opti-
mized. Thus, the study proceeded to remove IgG and recre-
ate the model. This adjustment resulted in a slight decrease
in discriminative performance, albeit maintaining a good
predictive effect. Subsequently, PGI and PGII were elimi-
nated to construct the discriminative model. Although this
resulted in a mild reduction in discriminative performance
compared to the full model, it was comparable to the
model with only IgG removed. Furthermore, an attempt
was made to exclude IgG, PGI, and PGII and solely
include the age, gender, and G-17 in the machine learning
model. Across the three models, this led to varying
degrees of decrease in discriminative performance. The
GBM model exhibited the least impact, with an AUC of
0.9925 and an AUC of 0.9934 and an AUCPR of 0.9876
in the external validation. The overall discriminative
effect was close to 99%. Notably, removing G-17 signifi-
cantly decreased the overall discriminative effect. Based
on iterative modeling and validation, it was concluded
that the GBMmodel outperforms the other models, display-
ing excellent discriminative performance with minimal
impact on variable removal. Consequently, we believe
that for gastric cancer screening in the general population,
G-17 alone can effectively differentiate between low-risk
and medium-to-high-risk individuals. This reduction from
four initial serological markers to one substantially lowers
the costs in large-scale gastric cancer screening programs.
Although IgG, PGI, and PGII help improve discrimination,
they are not the primary determinants.

For binary classification, it has been observed that the
indicator G-17 alone is sufficient to effectively differentiate
between individuals who need to undergo gastroscopy and
those who do not. G-17 carried a significant weight in the
model, whereas the weights of IgG, PGI, and PGII had a
minor impact on the model. The possible reasons for this
phenomenon are described below.

The presence of H. pylori IgG antibodies can only indi-
cate past infection in the body. IgG antibodies can still be
detected several months after treatment, which can poten-
tially interfere with gastric cancer screening.16 In addition,
many studies have demonstrated that IgG antibody testing
has a high negative predictive value for detecting active
infections. The efficacy of this test in detecting active infec-
tions depends on factors such as the patient’s age, dietary
patterns, clinical conditions of the infection, and selection

of antigens used for antibody preparation in the enzyme-
linked immunosorbent assay kit.17–19 A retrospective
study conducted in Japan indicated that IgG antibodies
can, to some extent, indicate the presence of gastric
mucosal damage, although their accuracy is influenced by
age.20 In patients over 65 years old, the reaction of IgG anti-
bodies to H. pylori is diminished compared with younger
patients, making it impossible to indicate the presence of
infection. Furthermore, there are reports suggesting that
the accurate reflection ofH. pylori infection status and treat-
ment effects may require the dynamic measurement of anti-
body titers.21 In addition, in the scoring system, the value
assigned to H. pylori is only one point, indicating its
limited role in differentiation.22

G-17, released from G cells, is an important gastrointes-
tinal peptide hormone that reflects secretion in the antrum.23

G-17 plays a role in the occurrence and development of GC
by influencing inflammatory processes and gut micro-
biota.24 The antrum of the stomach is widely recognized
as a high-risk area for gastric cancer. The levels of G-17
are related to the degree of gastric mucosal atrophy and
the type, location, and extent of gastric cancer. Relevant
studies have shown a close correlation between G-17 and
gastric cancer, as it can reflect malignant transformations
and abnormal proliferation.25,26 Elevated levels of gastrin
promote the development of gastric cancer by inhibiting
apoptosis of cancer cells.25 When the gastric region is
damaged for various reasons, the gastric mucosal function
undergoes varying degrees of change. As the gastric
mucosa progresses from superficial lesions to atrophy,
gastric ulcers, and carcinogenesis, the serum level of
G-17 progressively increases. Previous studies have
shown that G-17 levels increase successively in nona-
trophic gastritis, early gastric cancer, and advanced gastric
cancer,27,28 indicating a possible correlation between the
G-17 expression and disease stages.

PGI and PGII are also considered important markers of
chronic atrophic gastritis and are primarily secreted by the
main cells of the gastric body.29 Furthermore, research
has indicated a positive correlation between G-17 and
PGI/PGII levels. When G-17 levels increase, PGI and
PGII levels may also increase accordingly.30 This suggests
a correlation among PGI, PGII, and G-17, where G-17
reflects PGI and PGII levels to some extent. This may be
due to the fact that gastric inflammation is not limited to a
specific region. For example, when antral gastritis is
present, G-17 levels significantly increase; however, as a
result, it also stimulates the gastric body, leading to
increased secretion of PGI and PGII. Lesions in the
gastric region, whether in the antrum or body, affect the
levels of G-17, PGI, and PGII. In our model constructed
using the dataset, the weights assigned to PGI and PGII
were significantly lower than those assigned to G-17. This
may be due to the fact that our dataset is from a single
center in the Taizhou region, where G-17 levels are
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generally higher than PGI and PGII levels, resulting in a
higher weight in the model. Furthermore, studies have indi-
cated a close correlation between G-17 andH. pylori, where
G-17 levels are significantly higher in patients with H.
pylori infection than in those without it.31,32 This also sug-
gests that G-17 can, to some extent, reflect H. pylori infec-
tion. Based on the above discussion, we concluded that
removing IgG, PGI, and PGII from the model had a small
effect on the classification effectiveness of the model.
However, considering the cost savings achieved through
this screening, the cost remained within an acceptable
range.

Up to now, there have been numerous studies on using
serological markers such as G-17, PGI, PGII, and Hp-IgG
for gastric cancer screening. Previous studies have shown
that in screening GC, the diagnostic value of a single sero-
logical marker was not good, and the combination of differ-
ent markers can improve diagnostic efficiency.33 In Japan, a
country known to have a high prevalence of GC, the ABC
method using Hp-IgG and serum pepsinogen (PG) has been
used in large-scale GC screening with satisfactory results.34

However, studies have indicated that the ABC method has a
relatively low overall detection rate of GC in China, and its
sensitivity and specificity are not as good as reported
abroad. Some scholars proposed a new ABC method in
China using G-17 combined with PG as serological screen-
ing indicators. Studies have proven the effectiveness of the
new ABC method.33,35 Notably, in areas with a low inci-
dence of GC and Hp, Ghoshal et al. found that PGR and
G-17 tests were not good predictors of gastric precancerous
lesions.36 These differences might be attributed to racial,
environmental, dietary, and socioeconomic factors. These
findings suggest that detection methods suitable for different
regions may not be universally applicable. Policymakers
should fully consider the characteristics of countries and
regions and develop gastric cancer screening strategies suit-
able for local conditions to improve the efficiency of GC
screening programs. Our study utilized multiple machine
learning models to uniquely highlight the cost-effectiveness
of using G-17 alone for initial screening in the Taizhou
area, reducing costs significantly while maintaining high dis-
criminative performance. Previous studies have not exten-
sively focused on this aspect of cost optimization through
serological marker reduction. Although the region we
included may not fully represent China, our study could
still provide significant insights for policymakers.

When constructing a tri-classification model, we discov-
ered that none of the three machine learning models was
able to effectively distinguish individuals at intermediate
and high risk for gastric cancer. We attribute this to the dis-
proportionately small proportion of high-risk individuals
within such a large training sample, which significantly
influences the accuracy of the model. Furthermore, for
large-scale screening purposes, the clinical significance of
distinguishing between high- and intermediate-risk

individuals is minimal. While the recommendation for gas-
troscopy differs for individuals at intermediate and high
risk, both groups would still be advised to undergo a thor-
ough endoscopic examination during screening. Therefore,
we believe that the binary classification model has greater
clinical relevance and applicability. Our study’s discrimin-
atory model has been extensively trained and validated
using a large sample size, and holds clinical value in the
Taizhou region. After removing the screening indicators
IgG, PGI, and PGII, the GBM model’s decrease in its dis-
criminatory effect was within 1%.

Health economics evaluation: From the perspective of
screening initiatives, more than 30 million RMB including
the cost of propaganda, personnel service, materials, endo-
scopic examination, and pathological biopsy has been allo-
cated to the free gastric cancer screening program for the
minimum guaranteed population in the Taizhou area and
the general population in Linhai City. Based on the com-
pany’s testing fees, the detection costs of Hp-IgG and
PGI/PGII were 30 RMB and 160 RMB per person respect-
ively. However, the G-17 test only costs 25 RMB. The total
cost of initial serum testing is 215 RMB per person. The
cost of an endoscopic examination is determined uniformly
within Taizhou City, being set at 800 RMB per person.
Therefore, based on the currently completed screening
population, excluding IgG and PGI/PGII testing can save
45.611210 million RMB. These savings could cover an
additional 212,145 initial screenings by the original Li’s
score. Based on the results of our previous 30-month
gastric cancer screening project conducted among the
general population in Linhai City, 43 cases of gastric
cancer were detected out of 20,456 individuals. Currently,
the detection rate of the GC screening program in Linhai
City is 0.21%. By extending the coverage to a further popu-
lation of 212,145 individuals, approximately 445 more
patients with GC could be detected. Moreover, the
surplus costs obtained by implementing the optimized
model could provide an additional 57,014 individuals
with endoscopic examinations. According to relevant litera-
ture, GC screening is cost-effective in countries with a high
incidence of GC. By improving screening techniques, it is
possible to further reduce screening costs and achieve
higher quality-adjusted life-years with a lower incremental
cost-effectiveness ratio.

According to the survey, there are over 300 million high-
risk individuals for gastric cancer in China. Due to the
substantial costs involved, it is challenging to perform
endoscopic examinations on all patients. The optimized
gastric cancer screening scoring system in this study can
achieve 99% accuracy in determining the necessity of
endoscopy by solely examining G-17 levels. This approach
can save nearly 57 billion RMB in screening costs, which is
quite significant. The funds saved from the screening can
help treat patients with advanced-stage GC or expand the
screening scope to detect more early-stage cancer cases,
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which can help reduce subsequent treatment expenses.
Therefore, when conducting gastric cancer screening in
the general population, the optimized screening scale can
greatly reduce the cost of initial screening, thereby covering
more people and detecting more early gastric cancers.
These results will contribute to the development and imple-
mentation of nationwide gastric cancer screening programs.

Several limitations associated with the present study
warrant mention. First, our study included individuals
from Taizhou City, Zhejiang province. The region was
chosen due to its high incidence rates of gastric cancer.
The incidence of gastric cancer in Taizhou City in 2019
was 24.98/100,000. Although our study provided signifi-
cant insights, the region included may not fully represent
the entire Chinese population. This is because the incidence
of gastric cancer varies across different regions in China
due to genetic, environmental, dietary, and socioeconomic
factors. The incidence is significantly higher in the north-
west and eastern coastal regions. Since our study was con-
ducted in a high-incidence area, the findings may be
particularly relevant to similar high-risk regions but may
not fully extrapolate to areas with lower gastric cancer inci-
dence, thus affecting the generalizability of our results.
Therefore, the conclusions of this study need to be validated
through multicenter or prospective studies. Additionally,
the external validation for this study also came from the
Taizhou population data. Although the model demonstrated
good stability and predictive performance, further valid-
ation using external data from different regions is necessary
to optimize its applicability. Secondly, levels of pepsinogen
(PG) and gastrin-17 (G-17) can be influenced by proton
pump inhibitors (PPIs). PPIs are among the most widely
distributed medications in China, with the market size for
PPIs reaching nearly 30 billion RMB in 2021. Our ques-
tionnaire did not account for PPI usage, nor did we
exclude patients who used antacids in the past two weeks,
which may introduce some bias into the results. Thirdly,
the screening project involved multiple hospitals in
Taizhou. Although the screening indicators were tested by
designated institutions, the sample collection and handling
methods inevitably varied among different hospitals, which
could also lead to some bias. Fourthly, our study included
individuals aged 45–70 years. According to the 2018 data
from the National Central Cancer Registry, the incidence
of gastric cancer remains low before the age of 40 but
rises sharply thereafter.37 Additionally, considering
China’s aging population, the Chinese Guidelines for
Gastric Cancer Screening and Early Diagnosis and
Treatment (2022, Beijing) recommend ending screening
at the age of 75. Our study may not fully cover the high-risk
population recommended by the guidelines, and the results
may not comprehensively reflect the actual situation of the
entire recommended screening population. Future research
should consider including individuals aged 40–45 and 70–75.
However, expanding the screening age range, while covering

more high-risk individuals, also increases the overall screening
cost. Further research is needed to determine which screening
range maximizes public health benefits. Despite these limita-
tions, the present study still offers valuable insights for policy-
makers, particularly in regions with similar gastric cancer risk.

Conclusions
We have optimized the gastric cancer screening model using
machine learning algorithms, and it has performed well in iden-
tifying low-risk and medium-high-risk individuals for gastric
cancer before endoscopy examinations in the Taizhou region.
By simplifying serological markers to optimize cancer screen-
ing, we have reduced the screening costs, making it highly suit-
able for broader implementation. Therefore, we believe that
machine learning can serve as an accurate and cost-effective
preliminary prescreening tool for large-scale cancer screening
in Taizhou, thereby improving the detection of GC. These find-
ings could have significant implications for policymakers and
help allocate more resources to other critical aspects of
cancer prevention and control.
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