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Abstract

Background: Early detection and treatment are crucial for reducing gastrointestinal tumour-related mortality. The diagnostic
efficiency of the most commonly used diagnostic markers for gastric cancer (GC) is not very high. A single laboratory test
cannot meet the requirements of early screening, and machine learning methods are needed to aid the early diagnosis of GC
by combining multiple indicators.

Methods: Based on the XGBoost algorithm, a new model was developed to distinguish between GC and precancerous lesions
in newly admitted patients between 2018 and 2023 using multiple laboratory tests. We evaluated the ability of the prediction
score derived from this model to predict early GC. In addition, we investigated the efficacy of the model in correctly screening
for GC given negative protein tumour marker results.

Results: The XHGC20 model constructed using the XGBoost algorithm could distinguish GC from precancerous disease well
(area under the receiver operating characteristic curve [AUC]= 0.901), with a sensitivity, specificity and cut-off value of 0.830,
0.806 and 0.265, respectively. The prediction score was very effective in the diagnosis of early GC. When the cut-off value was
0.27, and the AUC was 0.888, the sensitivity and specificity were 0.797 and 0.807, respectively. The model was also effective at
evaluating GC given negative conventional markers (AUC= 0.970), with the sensitivity and specificity of 0.941 and 0.906,
respectively, which helped to reduce the rate of missed diagnoses.

Conclusions: The XHGC20 model established by the XGBoost algorithm integrates information from 20 clinical laboratory
tests and can aid in the early screening of GC, providing a useful new method for auxiliary laboratory diagnosis.
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Introduction
Gastric cancer (GC) is the third most common cancer in
China, accounting for 10.5% of cases according to the
latest global cancer burden estimate released by the
International Agency for Research on Cancer. The mortal-
ity rate of GC is 12.4% in China, and GC is the third
leading cause of cancer death.1,2 The five-year overall sur-
vival rate of patients with early-stage localised GC is
more than 60%, whereas that of patients with distant metas-
tasis is less than 5%. Early detection and treatment are
crucial for reducing the mortality rate of GC patients.3,4

Nevertheless, more than 70% of patients are often diag-
nosed with advanced GC because early symptoms are not
obvious.5 In recent years, with the continuous development
of endoscopic technology and the popularisation of endo-
scopic screening, the detection rate of early-stage GC has
been increasing globally, and endoscopic therapy has also
greatly improved the survival rate.6,7 However, large-scale
endoscopic screening of early-stage GC has not yet been
carried out in China. The intestinal preparation process
for endoscopic and pathological examination is complex
and invasive, and patient compliance is poor, which is not
suitable for routine GC screening.8 Endoscopic screening
is currently performed mainly in symptomatic patients,
resulting in a significantly lower detection rate of early
GC than in developed countries.9 Due to its technical lim-
itations, including manual sampling, the diagnostic effect
of endoscopic techniques on GC, especially early-stage
GC, is not perfect.10 The ability of traditional endoscopy
to observe small lesions has long been unable to meet
current clinical needs. The missed diagnosis rate of con-
focal laser endoscopy in chronic atrophic gastritis patients
is 8–15% due to the limited field of view and the inability
to observe the entire oesophagus or stomach cavity.11,12

Therefore, there is an urgent need to develop non-invasive,
convenient and valuable early screening and diagnostic
techniques for GC as an auxiliary means of endoscopic
diagnosis.

Non-invasive markers that can detect cancer in its early
or precancerous stages are promising for clinical develop-
ment.13–15 Some conventional protein markers of digestive
tract tumours, such as carcinoembryonic antigen (CEA),
carbohydrate antigen 19-9 (CA 19-9), CA 242 and CA
72-4, are used for routine screening, efficacy monitoring
and prognosis judgement.16 Unfortunately, for GC patients,
these methods are not effective at early screening and diag-
nosis because of their poor specificity and sensitivity.17

Gastric cancer diagnostic markers such as pepsinogen
(PG) and gastrin-17 (G17) have not been used as first-line
screening markers because they are not fully covered by
national medical insurance.18,19 Another emerging blood-
based biomarker derives from the liquid biopsy, which
involves obtaining samples of blood or other body fluids
and is used to analyse cancer-derived molecules or cancer

cells.20 However, liquid biopsy cannot be commonly
carried out in the laboratory due to its high cost, low quan-
tity of circulating tumour cells and circulating cell-free
nucleic acids, complex operation and high requirements
for personnel and instruments.21,22 While clinical laborator-
ies report most test results as individual numbers, findings
or observations, clinical diagnosis usually relies on the
results of multiple tests. The multiple routine tests for
general surgery admission testing are commonly inexpen-
sive, covered by medical insurance and easy to obtain. The
routine laboratory indicators of each patient need to be
fully utilised, artificial intelligence needs to be used to deter-
mine the associations between the indicators, an early screen-
ing model needs to be established for GC, and, more
importantly, the diagnostic efficiency of early GC needs to
be improved. In recent years, several studies have combined
test indicators with machine learning (ML) to develop
disease prediction models based on large databases; these
models not only improve the performance of non-invasive
serological tests but are also easy to apply in routine exami-
nations of patients at most medical institutions.23,24

ML focuses on how to improve the performance of spe-
cific algorithms in experiential learning.25,26 The method
can discover and utilise the interaction effect and non-linear
relationship between related factors and balance the influ-
ence of sample error by randomly selecting a large
number of samples.27,28 The resulting models trained with
large amounts of data are more reliable than logistic regres-
sion models that fit only simple test samples. Extreme gra-
dient boosting (XGBoost) is an ML system developed by
Chen and Guestrin and is available as an open-source
package.29,30 It is widely used in the Kaggle competition
and many other ML competitions and has enabled great
achievements, even better than deep neural nets. The
XGBoost algorithm is increasingly used in cancer diagnosis
and treatment areas, such as surgical intervention, image
interpretation, drug development and personalised treat-
ment.31–33

In this study,we included a large number of clinical labora-
tory test results from thousands of patients, used the XGBoost
algorithm to establish a GC prediction model and evaluated
the diagnostic efficacy of this model, especially for the early
diagnosis of GC. We also demonstrated that the model was
effective in the diagnosis of GC patients with negative con-
ventional protein marker results. Therefore, this model pro-
vides accurate and convenient decision support for early
GC diagnosis and reasonably interprets a large amount of
test data, greatly enhancing user trust.

Patients and methods

Subjects

The subjects of this study were mainly newly admitted
patients registered in the pathology laboratory of Xinhua
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Hospital from March 2018 to June 2023. New admissions
between July 2023 and December 2023 were included in
the external validation set. We collected clinical, patho-
logical and laboratory test data from those patients who
met the inclusion and exclusion criteria. The patient’s
admission number was the unique sample identification
number. All disease names in the databases were obtained
from the International Classification of Diseases
(ICD-10). No private information was included in the
medical data recorded in this study. This study was
approved by the Ethics Committee of Xinhua Hospital
(Approval No. XHEC-D-2023-163). All procedures of
this study followed the principles of the Declaration of
Helsinki.

All patients were categorised into two groups: precan-
cerous disease and GC. The inclusion criteria for patients
were as follows: (1) had a precancerous disease, including
patients with gastroscopic or pathological results, and
were clinically diagnosed with diseases, including atrophic
gastritis, gastrointestinal metaplasia and gastric dysplasia.
(2) Gastric cancer patients were included if they met the
clinical and histopathological diagnostic criteria. The exclu-
sion criteria for patients were as follows: unclear clinical
diagnosis, repeated examination or treatment and coexisting
malignancies. For patients with precancerous disease or GC
who were admitted multiple times, only the data for the first
diagnosis without treatment (including surgical treatment
and drug therapy) were considered to minimise bias. To
ensure the compatibility of different versions of TNM
staging in the database, the pTNM stage was reworked
according to the 8th edition Cancer Staging Manual
issued by AJCC.34 The Clinical Guidelines for the
Diagnosis and Treatment of GC released by The Chinese
Society of Clinical Oncology (CSCO) in 2023 defined
early-stage GC as characterised by confinement within the
mucosa and submucosa, regardless of evidence of regional
lymph node metastasis.10 Therefore, this study defined with
pTNM-stage 0 and pTNM-stage IA cancer as early GC. In
addition, no further restrictions were imposed on the com-
pleteness or accuracy of the data, and the data selected
from the database could be considered as real-world big
data.

Feature correlation screening

Feature correlation screening was designed to reduce the
redundancy among features and retain features that were
highly correlated with the dependent variable. In our
method, the threshold for feature correlation analysis was
0.9. Features that had a high linear correlation with the
dependent variable were preferentially retained. We also
used L1 regularisation (also known as LASSO) as a
feature screening method to further optimise feature selec-
tion. We set the regularisation coefficient to 1 to ensure

rigor in feature selection, helping us choose the most pre-
dictive features to establish the model.

XGBoost algorithm

Parameter settings. XGBoost is a powerful gradient lift tree
algorithm for processing complex datasets and predictive
modelling. In our approach, we used the XGBoost model
based on the scikit-learn (sklearn) library for modelling.
The booster parameter specifies the type of base learner.
We chose a tree-based gradient lifting method, namely,
gbtree. In the modelling process, we used the training set
for model training, and the validation set for hyperpara-
meter tuning and model selection.

The objective function of XGBoost. The objective function of
XGBoost is depicted as follows:

Obj(t) =
∑n
i=1

l(yi, ŷ
(t−1)
i + ft(xi))+ Ω( ft)+ constant

Taylor’s expansion was used to approximate our original
goal.

Taylor’s expansion:

f (x+ Δx)−̃f (x)+ f ′(x)Δx+ 1
2
f ′′(x)Δx2

Define:

gi = ∂ŷ(t−1)l(yi, ŷ(t−1)), hi = ∂2ŷ(t−1)l(yi, ŷ
(t−1))

Therefore,

Obj(t)−̃
∑n
i=1

l(yi, ŷ
(t−1)
i )+ gift(xi)+ 1

2
hif

2
t (xi)

[ ]
+ Ω( ft)

+ constant

Here, l is a differentiable convex loss function that mea-
sures the difference between the prediction ŷi and the
target yi. The second term Ω penalises the complexity of
the model (i.e., the regression tree functions). The add-
itional regularisation term helps to smooth the final
weights to avoid overfitting. For f (x), XGBoost used
Taylor’s expansion to expand the three terms to make an
approximation. f (x) represents one of the regression trees.

The core algorithm of XGBoost. Trees should be constantly
added, and characteristic divisions should be performed to
grow a tree. By adding a tree, a new function was learned
to fit the residuals of the last prediction. When we finish
training and obtain k trees, we should predict the score of
a sample. In fact, based on the characteristics of this
sample, in each tree, it would fall to a corresponding leaf
node, and each leaf node would correspond to a score. In
the end, the corresponding scores for each tree were
added to determine the predicted value of the sample.
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Our goal was to ensure that the predicted values of the
tree group were close to the true values to the greatest
extent possible and had the greatest generalisation ability.
In each iteration, a tree is added to the existing tree to fit
the residual difference between the predicted result of the
previous tree and the true value. The iteration process is
depicted as follows. It starts from constant prediction and
then adds a new function each time:

ŷ(0)i = 0

ŷ(1)i = f1(xi) = ŷ(0)i + f1(xi)

ŷ(2)i = f1(xi)+ f2(xi) = ŷ(1)i + f2(xi)

. . .

ŷ(t)i =
∑t

k=1

fk(xi) = ŷ(t−1)
i + ft(xi)

In the last function, ŷ(t)i is the model at training round t,

ŷ(t−1)
i is used to keep functions added in the previous
round, and ft(xi) is a new function.

Testing the performance of prediction model

In the model, the importance of each feature was measured
by characteristic coefficients and relative weights. The per-
formance of the ML model based on XGBoost was evalu-
ated by sensitivity [TP/(TP+ FN)], specificity [TN/(TN+
FP)], accuracy [TP+TN/(TP+ FP+TN+ FN)], positive
predictive value [TP/(TP+ FP)] and negative predictive
value [TN/(TN+ FN)]. The matrices of the true and pre-
dicted conditions are shown in Table S1. In addition, the

prediction ability of the model was evaluated by using the
area under the receiver operating characteristic curve
(AUC), accuracy rate (ACC), recall rate and F1 score.
The prediction score directly represents the quantitative
index of the prediction ability of the model. Validation
sets and test sets were used to evaluate the diagnostic effi-
ciency of the model.

Statistical analysis

The Deepwise and Beckman Coulter DxAI platforms
(https://dxonline.deepwise.com/login) were used to perform
the XGBoost algorithm. This platform was based on
scikit-learn 1.2.2 for packaging modelling. A detailed intro-
duction to the algorithm and the original code can be found
on the following website (https://xgboost.readthedocs.io/en/
latest/python/sklearn_estimator.html#). The distributed vari-
ables are presented as the means±SDs, and the significance
of the differences was determined with Student’s t test or the
Wilcoxon rank-sum test. The confidence interval (CI) was
used to estimate the population parameters of the sample.
The variables with a non-normal distribution are presented
as M (Q1, Q3), and the significance of the differences was
determined with the rank sum test. The Chi-square test was
performed with the SPSS12.0 statistical package. A p
value less than 0.05 was considered indicative of statistical
significance.

Results

Random splitting of the data

Based on the inclusion and exclusion criteria, 4400 patients
were selected, among whom 1673 had GC and 2727 had
precancerous disease. The Z score standardised method
was used to normalise the quantitative data to ensure com-
parability under various conditions before the analysis. To
perform reliable model evaluation, we used a random split-
ting method to divide the complete set of subjects, with a
total data size of 4400, into a training set, a validation set
and a test set. Among them, the training set accounted for
60% of the total data (2640 samples), and the validation
set and test set each accounted for 20% of the total data
(1760 samples) (Figure 1 and Table 1). The training set
was used to determine the model hyperparameters, and
the validation set and the test set were used to evaluate
the performance of the trained optimal function.35

Patients with early-stage GC (pTNM stage 0–IA) accounted
for 19.19% of all GC patients. Among the precancerous
disease patients, 46.09%, 38.50% and 15.40% had atrophic
gastritis, gastrointestinal metaplasia and gastric dysplasia,
respectively. The feature results of each item were taken
based on the inpatient number as the unique identifier. If
one patient was tested multiple times for the same item
immediately after admission, the results were averaged.

Figure 1. Schematic representation of case enrollment process. PD:
precancerous disease; GC: gastric cancer.
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Feature filtering

In the process of feature cleaning and feature substitution
for model parameter setting, features with more than 30%
missing values were automatically deleted and not included
in model training, and features with more than 30% missing
values were filled with median data. After extraction of the
database information, 860 laboratory routine test items were
obtained, 52 of which had missing values of less than 30%.
The clinical guidelines for the diagnosis and treatment of
GC released by the CSCO indicate that age and sex are
closely related to the occurrence of GC.34 Together with
the two variables of age and sex, a total of 54 variables

were included in this study for feature selection. Finally,
20 of the 54 candidate features were selected, and a predic-
tion model named “XHGC20” was established using the
XGBoost algorithm. We listed and ranked the 20 model
features in Table 2 according to their relative weights.
The missing values of these 54 candidate features in the
model are shown in Table S4. Except for sex, the other
19 haematological indicators were divided into four main
laboratory test categories: (1) five indicators of blood
cells; (2) three indicators of coagulation function; (3) nine
biochemistry indicators; and (4) two indicators of protein-
related tumour markers. Among the 20 indicators, the char-
acteristic coefficient of total protein was the most significant

Table 1. Clinical features of the subjects.

Group Feature Training set Validation set Test set Total

Gastric cancer n 1003 335 335 1673

Age

years, mean± SD 63± 12 63± 11 63± 11 63± 11

Sex

Male 610 227 200 1037

Female 393 108 135 636

pTNM stage

0–IA 192 64 65 321

IB–IV 811 271 270 1352

Precancerous diseases n 1637 545 545 2727

Age

years, mean± SD 58± 14 58± 13 58± 13 58± 13

Sex

Male 782 241 254 1277

Female 855 304 291 1450

Pathological classification

Atrophic gastritis 755 250 252 1257

Gastrointestinal metaplasia 630 211 209 1050

Gastric dysplasia 252 84 84 420

Total 2640 880 880 4400
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(0.1662), followed by fibrin (pro) degradation products
(FDPs), C-reactive protein (CRP) and red blood cell
volume distribution width (RDW).

Comparison of prediction scores among
different groups

A total of 4400 patients were categorised into GC and pre-
cancerous disease groups and used to establish the
XGBoost model based on the 20 indicators mentioned
above. The XGBoost model “XHGC20” was used to deter-
mine the prediction score to measure the risk of GC. A com-
parison of the prediction scores of the two groups revealed

that the prediction score of the GC group was significantly
greater than that of the precancerous disease group [0.974
(95% CI 0.068–1.000) vs. 0.013 (95% CI 0.000–0.667), p
< 0.001]. When the training, validation and test sets were
compared separately, the prediction score of the GC
group was also greater than that of the precancerous
disease group [0.985 (95% CI 0.507–1.000) vs. 0.011
(95% CI 0.000–0.279); 0.88 (95% CI 0.025–1.000) vs.
0.019 (95% CI 0.000–0.874); 0.885 (95% CI 0.034–
1.000) vs. 0.026 (95% CI 0.000–0.884), p < 0.001, respect-
ively] (Figure 2). These results suggested that in the general
population, the prediction score derived from the XGBoost
model was greater for patients with GC than for patients
with precancerous diseases.

Table 2. Twenty features and relative coefficients.

No. Feature Characteristic coefficient Relative weight Category

1 Total protein 0.1662 1.0000 Biochemistry

2 Fibrin (pro) degradation product (FDP) 0.0832 0.5006 Coagulation function

3 C-reactive protein (CRP) 0.0507 0.3053 Biochemistry

4 Red cell volume distribution width (RDW) 0.0436 0.2624 Blood cells

5 Cardiac troponin I (cTnI) 0.0408 0.2454 Biochemistry

6 Alanine transaminase (ALT), dry slide 0.0298 0.1792 Biochemistry

7 Platelet distribution width (PDW) 0.0289 0.1740 Blood cells

8 Red blood cell count (RBC) 0.0224 0.1347 Blood cells

9 Alkaline phosphatase (ALP) 0.0214 0.1287 Biochemistry

10 Carbohydrate antigen (CA) 242 0.0204 0.1228 Protein tumour marker

11 Fibrinogen (Fg) 0.0203 0.1220 Coagulation function

12 Alanine transaminase (ALT) 0.0198 0.1194 Biochemistry

13 Albumin (Alb) 0.0195 0.1173 Biochemistry

14 Sex 0.0193 0.1159 Other

15 D-dimer 0.0179 0.1079 Coagulation function

16 Basophils count 0.0166 0.0997 Blood cells

17 Aspartate Transaminase (AST) 0.0158 0.0948 Biochemistry

18 Mitochondrial AST 0.0154 0.0925 Biochemistry

19 Lymphocyte % 0.0152 0.0912 Blood cells

20 Carcinoembryonic antigen (CEA) 0.0151 0.0908 Protein tumour marker
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Diagnostic efficiency of the XGBoost model

The fitting results were also satisfactory. The model showed
great diagnostic performance in the training cohort, with an
AUC of 0.999 and an ACC of 0.989 (sensitivity= 0.988,
specificity= 0.992) (Table 3 and Figure 3(a)). With
respect to the validation set, the XHGC20 model (AUC=
0.901, ACC= 0.818) also had good diagnostic efficiency,
with high specificity (0.830) and sensitivity (0.806) in dis-
tinguishing GC from precancerous lesions when the cut-off
value was set to 0.265. The diagnostic performance in the
test set was also good (AUC= 0.907, ACC= 0.827, sensi-
tivity= 0.875, specificity= 0.771, cut-off value= 0.216).
According to the precision–recall curve, the XHGC20
model also demonstrated good diagnostic efficiency
(Figure 3(b)). The precisions of the validation set and test
set were 0.811 and 0.802, respectively. The results
showed that the XHGC20 model established by the
XGBoost algorithm could distinguish between GC and pre-
cancerous lesions well, and its diagnostic efficiency was
very good.

The consistency between the XGBoost model
and clinical diagnosis

The agreement between the prediction behaviour of the
XHGC20 model and the actual diagnosis was further ana-
lysed. In all the training, validation and test sets, the
patients’ risk scores were consistent with the clinical diag-
nosis results (Figure 4(a)). The upper segment of the histo-
gram above the zero score line showed that some of the GC
cases predicted by the model actually involved pathologic-
ally benign disease (false-positives: 25/1003 in the training
set, 107/335 in the validation set and 92/335 in the test set).
The lower segment of the histogram beneath the zero score
line indicates that some patients with a pathological
diagnosis of GC were predicted to have benign disease
(false-negatives: 4/1637 in the training set, 53/545 in the
validation set and 60/545 in the test set). As seen from
the calibration curve (Figure 4(b)), the prediction value of
the model was close to the actual diagnosis probability.
The calibration curve was an evaluation index suitable for
probabilistic models such as XGBoost. The curve was

Figure 2. Comparison of prediction scores between precancerous disease and gastric cancer in the training, validation and test set,
respectively. *p < 0.001, prediction score of GC group was significantly higher than that of PD group. PD: precancerous disease; GC: gastric
cancer.

Ke et al. 7



constructed with the predicted value as the abscissa and the
real value as the ordinate. The closer the calibration curve to
the diagonal, the better the performance of the model. The
Brier scores of the training set, the validation set and the test
set were 0.011, 0.182 and 0.173, respectively. The Brier
score ranged from 0 to 1, with a smaller value indicating
a higher accuracy of the prediction model. A Brier score
of 0.0–0.1 represents very good prediction accuracy, and
0.1–0.2 represents good prediction accuracy. The consist-
ency of the total number of patients in the GC and precan-
cerous disease groups predicted by the training and
validation sets was compared with the pathological diagno-
sis results, and the Chi-square test showed good consistency
(χ2= 340.521, p < 0.001 and χ2= 345.020, p < 0.001)
(Table 4). These results proved that the prediction accuracy

of our model was acceptable and that the prediction results
were in good agreement with the actual diagnosis results.

Diagnostic efficiency of the XGBoost model
for early-stage GC

To evaluate the diagnostic effect of the XHGC20 model for
early-stage GC, 64 patients in the validation cohort
(accounting for 19.10%) and 65 patients in the test cohort
(accounting for 19.40%) were included in the next analysis.
The XHGC20 model had a high diagnostic efficiency in
distinguishing between early-stage GC and precancerous
disease. With respect to the validation cohort, the AUC
was 0.888, the specificity was 0.807, and the sensitivity
was 0.797 (cut-off value = 0.270). The efficacy in the test

Table 3. Diagnostic efficiency of the XHGC20 model in gastric cancer.

Set AUC (95%CI) ACC Cut-off Sens. Spec. PPV NPV

Training 0.999(0.999–1.000) 0.989 0.388 0.988 0.992 0.996 0.985

Validation 0.901(0.881–0.921) 0.818 0.265 0.830 0.806 0.811 0.821

Test 0.907(0.887–0.926) 0.827 0.216 0.875 0.771 0.802 0.841

AUC: area under the receiver operating characteristic curve; CI: confidence interval; ACC: accuracy; PPV: positive predictive value; NPV: negative predictive
value; Sens.:sensitivity; Spec.:specificity.

Figure 3. Diagnostic efficiency of the XHGC20 model for distinguishing between gastric cancer and precancerous disease. (a) ROC curve of
the XHGC20 model in the training, validation and test set, respectively. (b) PR curve of the XHGC20 model in the training, validation and test
set, respectively. PR: precision–recall.
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set was also good, with an AUC of 0.904, specificity of
0.881, sensitivity of 0.781 and cut-off value of 0.216
(Figure 5(a), Table 5). In addition, in the validation and
test sets, the AUC of the XHGC20 model for distinguishing
advanced GC from precancerous lesions was 0.904 and
0.907, respectively (Figure 5(b)). According to the patho-
logical diagnosis results of the patients, the total number
of precancerous lesions and early GC patients predicted
by the training set and the validation set were analysed,
and the Chi-square test revealed good consistency (χ2=
109.737, p<0.001 and χ2= 163.857, p<0.001) (Table S2).
The Chi-square test also revealed good agreement when
the prediction results of advanced GC patients were analysed
for pathological diagnosis compliance (χ2= 309.941,

p<0.001 and χ2= 301.938, p<0.001) (Table S3). These
results indicated that the XHGC20 model established by
the XGBoost algorithm not only had good diagnostic effi-
cacy for total GC but also satisfactory screening ability for
early GC, which is highly important for improving the clin-
ical diagnosis of early GC.

Diagnostic effect of the XGBoost model on patients
with GC negative for tumour protein markers

We also analysed the diagnostic efficacy of four protein
tumour markers commonly used in the diagnosis of gastro-
intestinal tumours for distinguishing GC from precancerous
lesions in enrolled patients. According to the Roche Elecsys
electrochemiluminescence instruction manual, the diagnos-
tic thresholds for CEA, CA 19-9, CA 242 and CA 72-4
were 5.2 ng/mL, 39 U/mL, 20 U/mL and 6.9 U/mL,
respectively. The AUC of the XHGC20 model was
0.9011, which was much greater than the AUCs of CEA,
CA 19-9, CA 242 and CA 72-4 (0.647, 0.567, 0.557 and
0.583, respectively) (Table S4). The specificity and sensi-
tivity of the combined use of four protein tumour markers
for distinguishing GC from precancerous lesions were
0.414 and 0.764, respectively, which were also inferior to
the prediction scores. The results showed that the diagnostic
efficiency of the XHGC20 model for GC was better than
that of protein tumour markers commonly used in the clinic.

Figure 4. Consistency analysis between the model risk score and clinical diagnosis based on the XHGC20 model. (a) Risk score in the
training, validation and test set, respectively. (b) Calibration curve of the XHGC20 model in the training, validation and test set, respectively.
FP: false-positive rate; FN: false-negative rate.

Table 4. Chi-square test of the XGBoost model for gastric cancer.

Set Predicted condition GC PD χ2 p

Validation GC 278 106 340.521 0.000*

PD 57 439

Test GC 293 125 345.020 0.000*

PD 43 421

*p < 0.001, the difference was statistically significant; PD: precancerous
disease; GC: gastric cancer.
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Among the 1673 GC patients in our study, 1368 patients
were tested for at least one conventional protein tumour
marker, 1301 patients (95.10%) were negative for at least
one marker, and 665 patients were negative for all four
markers (false-negative rate= 0.566) (Table 6, Figure 6).
When the established XHGC20 model was used to diag-
nose GC patients with negative results for the four

markers alone or in combination, 933, 1009, 987, 877
and 593 patients were diagnosed with GC, accounting for
approximately 90% of the patients. The AUCs were 0.968
(95% CI 0.961–0.975), 0.968 (95% CI 0.961–0.975),
0.975 (95% CI 0.969–0.981), 0.971 (95% CI 0.964–
0.978) and 0.970 (95% CI 0.963–0.978) (Table 6,
Figure 6). The established XHGC20 model could be used

Figure 5. ROC curve of theXHGC20 model for diagnosis of early or advanced gastric cancer in the validation and test set. (a) ROC curve of
the XHGC20 model for diagnosis of early gastric cancer. (b) ROC curve of the XHGC20 model for diagnosis of advanced gastric cancer.

Table 5. Diagnostic efficiency of the XHGC20 model in early gastric cancer.

Set AUC (95%CI) ACC Cut-off Sens. Spec. PPV NPV

Validation 0.888(0.851–0.925) 0.875 0.270 0.797 0.807 0.641 0.903

Test 0.904(0.861–0.948) 0.875 0.216 0.781 0.881 0.766 0.890

AUC: area under the receiver operating characteristic curve; CI: confidence interval; ACC: accuracy; PPV: positive predictive value; NPV: negative predictive
value; Sens.:sensitivity; Spec.:specificity.
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for identifying GC patients with negative gastrointestinal
tumour marker data, possibly helping to reduce the rate of
missed diagnoses of GC in a certain population.

Diagnostic efficiency of the XGBoost model
in the external validation set

To extrapolate the performance results of our model to other
populations, we verified the model’s diagnostic efficiency

for GC on an external validation set. According to the inclu-
sion and exclusion criteria for patients with GC and precan-
cerous diseases, a total of 306 patients were included in the
external validation set, and their clinical and pathological
characteristics are shown in Table S6. According to the
external validation set, the prediction score of the GC
group was greater than that of the precancerous disease
group [0.689 (95% CI 0.345–1.000) vs. 0.179 (95% CI
0.000–0.428), p < 0.001] (Figure S1). Figure S2 showed

Table 6. Diagnostic efficiency of the XHGC20 model in protein marker-negative gastric cancer.

Marker (Reference range) Cases (%)
Predicted GC
(%) AUC (95% CI) ACC Sens. Spec. PPV NPV

CEA negative (0–5.2 ng/mL) 1035 (78.5%) 933 (90.1%) 0.968 (0.961–0.975) 0.925 0.891 0.950 0.931 0.921

CA19-9 negative (0–39 U/mL) 1127 (84.0%) 1009 (89.5%) 0.968 (0.961–0.975) 0.919 0.920 0.919 0.901 0.935

CA242 negative (0–20 U/mL) 1083 (88.1%) 987 (91.1%) 0.975 (0.969–0.981) 0.927 0.940 0.916 0.907 0.946

CA72-4 negative (0–6.9 U/mL) 972 (75.9%) 877 (90.2%) 0.971 (0.964–0.978) 0.922 0.924 0.920 0.896 0.943

CEA&CA19-9&CA242&CA72-4 all
negative

665 (56.6%) 593 (89.2%) 0.970 (0.963–0.978) 0.918 0.941 0.906 0.848 0.965

AUC: area under the receiver operating characteristic curve; CI: confidence interval; ACC: accuracy; PPV: positive predictive value; NPV: negative predictive
value; Sens.:sensitivity; Spec.:specificity; CEA: carcinoembryonic antigen; CA: carbohydrate antigen.

Figure 6. ROC curve of the XHGC20 model in distinguishing between tumour marker-negative gastric cancer and precancerous disease.

Ke et al. 11

https://journals.sagepub.com/doi/suppl/10.1177/20552076241240905
https://journals.sagepub.com/doi/suppl/10.1177/20552076241240905
https://journals.sagepub.com/doi/suppl/10.1177/20552076241240905


that the ROC diagnostic performance for distinguishing GC
from precancerous disease was satisfactory in the external
validation set (AUC= 0.875, sensitivity= 0.803, specifi-
city= 0.784, cut-off value= 0.307, p< 0.001). The
Chi-square test showed that the prediction condition of
GC was in good agreement with the actual diagnosis
(Table S7). When the model was used to distinguish
between early GC and precancerous disease in the external
validation set, the AUC, sensitivity and specificity were
0.834, 0.737 and 0.824, respectively (p < 0.001), and the
results were also acceptable (Figure S3). Furthermore, in
GC patients with negative conventional protein markers,
the prediction score exhibited good diagnostic efficacy,
with the AUC, sensitivity, and specificity of 0.911, 0.891
and 0.810, respectively (Figure S4). These results indicated
that the prediction score obtained by the XHGC20 model
established by the XGBoost algorithm could distinguish
early GC from precancerous diseases well in the external
population and could effectively identify GC in patients
with negative protein markers.

Discussion
Early diagnosis of GC can significantly improve the sur-
vival rate and reduce the mortality rate.36 At present, GC
is mainly diagnosed by endoscopy and pathological
biopsy combined with clinical symptoms.37 Although the
results are intuitive and accurate, these methods are inva-
sive, and patient compliance is poor, making the
approaches unsuitable for large-scale screening.38 The
results of endoscopic examination are easily affected by
instrument performance and the visual field, and there is a
certain rate of missed early-stage GC detections.39,40 In
addition, the sensitivity and specificity of traditional labora-
tory markers for the diagnosis of early GC are not very good
in clinical application, as using these markers can easily
lead to missed diagnoses and unsatisfactory medical experi-
ences.41 Detection or diagnostic tools developed using ML
methods have a wide range of clinical applications and are
being rapidly appearing because they can positively impact
doctors’ diagnosis and treatment activities.42–50 Using ML
technology to investigate an ideal multi-indicator combined
diagnosis method could be the basis of a most promising
breakthrough in the early detection of GC.51,52

The XGBoost algorithm based on gradient boosting
decision trees has been widely used in the medical
field. Pan et al. constructed an eight-factor XGBoost
model to predict the risk of death in ICU patients with
COVID-19 that demonstrated good predictive ability.53

Jiang et al. developed a predictive model using XGBoost
and CT image-based deep learning to predict preoperative
microvascular invasion in patients with hepatocellular car-
cinoma.54 The XGBoost algorithm has also been widely
used in cancer risk prediction and prognosis analysis.
Leung et al. evaluated the properties of seven different

ML models for predicting GC risk after Helicobacter
pylori eradication and reported that XGBoost was the best
at predicting cancer development.55 Taninaga et al.56 used
ML to predict the risk of GC, and XGBoost was found to
be superior to other algorithms. Zhu et al.57 applied six
ML algorithms to predict early lymph node metastasis in
GC patients and reported that XGBoost achieved the best
predictive performance in initial and postendoscopic evalu-
ation. In this study, the XHGC20 model was established via
the XGBoost algorithm based on the inpatient records of
stomach disease in the clinical laboratory database of
Xinhua Hospital over the preceding five years.

The XHGC20 model included 20 individual variables
with potential contributions, which were divided into four
main categories, excluding sex. Of these 20 variables, the
most significant feature was total protein (characteristic
coefficient= 0.1662). The decrease in total protein in GC
was due to the rapid growth of malignant tumour cells,
which consume a large amount of nutrients in the body,
resulting in a decrease in hepatocyte synthesis.
Malnutrition is a serious problem in GC patients and may
lead to hypoproteinaemia, impaired organ function and
decreased immunity.58,59 The second most important
feature was FDPs, the characteristic coefficient of which
was 0.0832. Hypercoagulability is associated with tumour
development and may play a role in metastasis. Zhang
et al. analysed the clinical characteristics of patients in
three tertiary referral centres and suggested that FDP was
the most effective indicator for predicting GC peritoneal
metastasis, liver metastasis or bone metastasis, followed
by D-dimer.60 With our model, we found that the diagnostic
efficacy of FDP was significantly greater than that of
fibrinogen and D-dimer, and this result was consistent
with findings in the literature. Numerous studies have indi-
cated that the inflammatory environment is inextricably
linked with the occurrence and development of tumour,
providing favourable conditions for tumour growth, inva-
sion and metastasis.61 Infection with Helicobacter pylori
was the primary causal factor in 90% of GC patients.62 In
this model, the relative weight of CRP was the third
highest, and other inflammation-related indicators such as
basophil count and lymphocyte percentage were included.
The characteristic coefficient of RDW ranked fourth.
Anaemia is a common complication of digestive tract
cancer, and the platelet distribution width and red blood
cell count are associated with the diagnosis of
anaemia.63,64 The model included two protein tumour
markers, CA242 and CEA, which are commonly used in
the diagnosis, efficacy evaluation and prognostic monitor-
ing of gastrointestinal cancer.65,66

Compared with traditional tumour markers, which were
useful for diagnosing GC, this model has great diagnostic
efficacy for total GC. The AUCs of the validation set and
test set were 0.901 and 0.907, respectively. When the
cut-off value was 0.265, the sensitivity and specificity of
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the XHGC20 model were 0.830 and 0.806, respectively, in
the validation cohort. When the XHGC20-derived predic-
tion score was used to assist in the diagnosis of early GC,
the AUCs of the validation set and test set were 0.888
and 0.904, respectively. When the cut-off value of the val-
idation set was 0.270, the sensitivity and specificity were
0.797 and 0.807, respectively. In addition, the calibration
curve showed that the prediction results of the XHGC20
model were in good agreement with the actual diagnosis
in both general and early GC patients. These results indi-
cated that this model could be used as an auxiliary tool
for the diagnosis of early-stage GC and could provide reli-
able guidance for clinical practice. To a certain extent, this
approach has solved the difficult problem of early diagnosis
of GC by traditional methods and has a positive impact on
the treatment and prognosis of these patients.

Another purpose of this study was to analyse the diag-
nostic efficacy of the XHGC20 model in GC patients
with negative detection results according to conventional
tumour markers. The sensitivity and specificity of the con-
ventional protein tumour markers CEA, CA19-9, CA242
and CA72-4 in patients with GC were low, often leading
to misdiagnosis of GC. In this study, among 1673 GC
patients, 95.10% were negative for at least one tumour
protein marker and 56.55% were negative for all four
tumour protein markers. The XHGC20 model was effective
at diagnosing patients with negative results for four tumour
markers (AUC= 0.970), and the false-negative rate was
only 0.108. Notably, the efficacy of this model in GC
patients negative for four tumour markers was lower than
that in GC patients negative for a single tumour marker,
exhibiting consistency with the actual situation and
proving that the detection of XHGC20-related markers
has a good auxiliary role in the diagnosis of GC.
Furthermore, the external validation population we selected
was independent of the modelling population, and we found
that the performance of the established predictive model
could be extrapolated to the external validation population.
The model was also very effective in the diagnosis of early
GC and protein marker negative GC. Although PG and G17
play a guiding role in the monitoring of atrophic gastritis
and GC, they are not widely used due to incomplete cover-
age by national medical insurance. Since more than 30% of
the PGI and PGII data were missing, these data were filtered
out during the data screening process. Our XHGC20 model
overcomes the shortcomings of patients’ low compliance
with invasive methods, barium meal and other imaging
examinations and fully integrates routine laboratory phys-
ical examination screening indicators.

The population included in the model included newly
admitted patients from Xinhua Hospital. This hospital
receives a large number of tumour patients from all over
the country every day, and a large number of GC patients
are diagnosed, which aided in the development of this
study. In this study, patient information and laboratory

test results were obtained from the database after ethical
review. The laboratory indicators included in the
XHGC20 model were non-invasive blood test results,
involving general requirements for testing personnel and
equipment, low cost and good patient compliance. The
XGBoost model can be used to improve the accuracy of
the combined diagnosis of multiple serum markers. A pre-
diction score combining 20 serum markers can distinguish
not only GC patients but also early-stage patients from pre-
cancerous lesions. This strong evidence proves that the
XHGC20 model is a promising tool for assisting in
the diagnosis and screening of early-stage GC. Based on
the good accuracy and low cost of the XHGC20 model, it
is expected to be useful as an intelligent tool for screening
high-risk patients for primary prevention. Large prospective
cohort studies can further determine whether individuals
identified as part of the high-risk group by the XHGC20
model will be diagnosed with GC in subsequent years.

Conclusion
We used the XGBoost algorithm to establish a GC diagno-
sis model XHGC20 which integrates 20 non-invasive
detection indicators. The diagnostic efficiency of this
model was satisfactory, and it could significantly improve
the ability to recognise GC and distinguish early-stage
GC from precancerous lesions. These modelling data are
easy to obtain and convenient for clinical application. The
diagnostic model integrates a variety of clinical laboratory
data and helps to improve the ability of laboratory auxiliary
diagnosis and prediction. Future studies need to include
more non-invasive markers and larger populations to
improve the accuracy and reliability of the model.
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