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ABSTRACT
Objective  To develop and validate machine learning (ML)-
based models to predict lymph node metastasis (LNM) in 
patients with gastric cancer (GC).
Design  Retrospective cohort study.
Setting  Second Affiliated Hospital of Soochow University.
Participants  A total of 500 inpatients from the Second 
Affiliated Hospital of Soochow University, collected 
retrospectively between 1 April 2018 and 31 March 2023, 
were used as the training set, while 824 Asian patients 
from the Surveillance, Epidemiology and End Results 
database comprised the external validation set.
Main outcome measures  Prediction models were 
developed using multiple ML algorithms, including logistic 
regression, support vector machine, k-nearest neighbours, 
naive Bayes, decision tree (DT), gradient boosting DT, 
random forest and artificial neural network (ANN). The 
predictive value of these models was validated and 
evaluated through receiver operating characteristic curves, 
precision-recall (PR) curves, calibration curves, decision 
curve analysis and accuracy metrics.
Results  Among the ML algorithms, the ANN outperformed 
others, achieving the highest accuracy (0.722; 95% CI: 
0.692 to 0.751), precision (0.732; 95% CI: 0.694 to 0.776), 
F1 score (0.733; 95% CI: 0.695 to 0.773), specificity 
(0.728; 95% CI: 0.684 to 0.770) and area under the PR 
curve (0.781; 95% CI: 0.740 to 0.821) in the external 
validation results. Moreover, it demonstrated superior 
calibration and clinical utility. Shapley Additive Explanations 
analysis identified the depth of invasion, tumour size and 
Lauren classification as the most influential predictors of 
LNM in patients with GC. Furthermore, a user-friendly web 
application was developed to provide individual prediction 
results.
Conclusions  This study introduces an accurate, reliable 
and clinically applicable approach for predicting the risk 
of LNM in patients with GC. The model demonstrates 
its potential to enhance the personalised management 
of GC in diverse populations, supported by external 
validation and an accessible web application for 
practical use.

INTRODUCTION
The incidence and mortality rates of gastric 
cancer (GC) rank fifth and fourth, respec-
tively, among all malignant tumours globally, 
representing a significant threat to human 
health and survival.1 2 Each year, more 
than one million individuals are diagnosed 
with GC, and the global 5-year survival rate 
remains alarmingly low at less than 40%.3 
In China, the situation is particularly dire, 
with GC ranking third in both incidence 
and mortality. Patients with early-stage GC in 
China are relatively rare, comprising less than 
20% of all diagnoses, as most patients present 
with advanced disease.4 5 This is largely 
attributed to the absence of distinct clinical 
symptoms in early GC, making timely diag-
nosis and treatment extremely challenging.6 
At the advanced stage, approximately 80% of 
patients develop local lymph node metastasis 
(LNM), a critical factor influencing prog-
nosis and determining treatment strategies.7 
Given the pivotal role of LNM, establishing 

STRENGTHS AND LIMITATIONS OF THIS STUDY
	⇒ Employed one-hot encoding for non-ordinal vari-
ables and ordinal encoding for relevant ordinal vari-
ables to ensure proper data representation.

	⇒ Used a univariate strategy for feature selection 
based on 100 iterations of fivefold cross-validation 
to optimise model features.

	⇒ Performed grid search with fivefold cross-validation 
to identify optimal hyperparameters for each of the 
eight machine learning algorithms.

	⇒ The study was retrospective, which may introduce 
biases such as selection and information biases.

	⇒ Feature selection was based on accuracy in cross-
validation, which might not fully capture the most 
relevant features for all scenarios.
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an effective and reliable risk prediction model is essen-
tial to assess the likelihood of LNM in patients with GC 
before therapeutic intervention.

The unique physiological structure of the stomach 
makes LNM a critical pathway in the progression and 
dissemination of GC, playing a pivotal role in the tumour-
node-metastasis staging system.8 9 Furthermore, advance-
ments in radical gastrectomy have refined the extent of 
lymph node dissection, underscoring the necessity of 
accurately identifying LNM.10 Previous research has estab-
lished that factors such as tumour invasiveness, size and 
pathological type are risk factors for LNM, and prediction 
models based on these parameters have demonstrated 
moderate predictive efficacy.11–13 Among these models, 
the eCura system is the most widely used for risk assess-
ment.14 However, critics have highlighted the stringency 
of the eCura criteria, emphasising the urgent need for 
more precise and adaptable methods to enhance predic-
tive accuracy.15

The rapid advancement of various machine learning 
(ML) algorithms has led to their extensive integration 
into the medical field. Developing ML-based prediction 
models using clinical and pathological data offers several 
advantages, including ease of data acquisition, low compu-
tational complexity and strong model interpretability.16 17 
Previous research has proposed prediction models for 
LNM in patients with GC using radiomics and clinical 
features. However, many of these studies are often limited 
by their focus on specific GC populations or the absence 
of external validation, reducing the representativeness 
and generalisability of the models.18–20 Therefore, this 
study aimed to use ML methods to construct robust LNM 
prediction models for GC and externally validate their 
predictive performance using data from Asian American 
patients with GC in the Surveillance, Epidemiology and 
End Results (SEER) database. Furthermore, based on the 
optimal model, a user-friendly visualisation tool was devel-
oped to enhance the intuitive presentation of prediction 
results.

METHODS
This study adheres to the Transparent Reporting of a 
multivariable prediction model for Individual Prog-
nosis or Diagnosis Artificial Intelligence (TRIPOD AI) 
guidelines for reporting ML-based prediction models.21 
We have carefully considered each item in the TRIPOD 
AI checklist during the preparation of this manuscript 
to ensure comprehensive and transparent reporting, 
enhancing the reproducibility and reliability of our study.

Study setting
Patients who underwent GC surgery at the Second 
Affiliated Hospital of Soochow University in Suzhou, 
China, between 1 April 2018 and 31 March 2023, were 
retrospectively included as the training dataset. Using 
the same criteria, Asian Americans (classified as ‘Non-
Hispanic Asian or Pacific Islander’ in the Surveillance, 

Epidemiology and End Results [SEER] database) diag-
nosed with GC between 1 January 2018 and 31 December 
2021, were extracted to form the external validation 
dataset.

Inclusion and exclusion criteria
The specific inclusion criteria for patients were (1) histo-
logically confirmed malignant epithelial tumour of the 
stomach and (2) availability of complete clinical and 
pathological data. Patients were excluded if they met any 
of the following criteria: (1) fewer than 16 lymph nodes 
were examined; (2) diagnosed with in situ, distant metas-
tasis or unknown stage; (3) diagnosed with squamous cell 
carcinoma of the esophagogastric junction or (4) age ≥90 
years.

Data collection and outcome definition
Demographic and clinicopathological characteristics 
were collected from electronic medical records and the 
case listing session of SEER*Stat (V.8.4.3, Surveillance 
Research Program, National Cancer Institute, Calverton, 
Maryland, USA), respectively. The predictor variables 
(features) collected in this study included age, sex, 
tumour location, tumour size, depth of invasion (T cate-
gory), histology (Lauren classification), signet ring cell 
carcinoma (SRCC) and grade. The T category and grade 
were recoded according to the eighth edition of the 
American Joint Committee on Cancer staging system.22 
Since detailed T category information was unavailable 
for a few patients, we created an additional feature called 
‘broad T category’ (T1, T2, T3 and T4) to preserve this 
information and its ordinal relationship. The outcome 
variable in this study was the status of LNM, defined as the 
presence of histologically confirmed metastatic foci in the 
lymph nodes or the diagnosis of metastatic recurrence in 
the lymph nodes, as detected using CT.

Data preprocessing
The flow chart of this study is shown in figure 1A. One-hot 
encoding was applied to sex, SRCC, tumour location and 
histology, while ordinal encoding was retained for ‘broad 
T category’, T category, and grade. The T category, which 
represents the depth of tumour invasion, was ordinal-
encoded to preserve the inherent order of the catego-
ries. This encoding method is crucial as it allows ML 
algorithms to recognise the increasing severity of tumour 
invasion levels. After encoding, multiple imputation was 
performed using an iterative imputer with Bayesian ridge 
as the estimator.23 To prevent data leakage and ensure the 
reliability of our model evaluation, the training and test 
datasets were imputed separately (online supplemental 
figures S1 and S2). Multiple imputation was first carried 
out on the training dataset using an iterative imputer with 
Bayesian ridge as the estimator. This process involved 
leveraging the relationships between variables within the 
training dataset to generate imputed values for missing 
data. Once the imputation parameters were determined 
from the training dataset, they were applied to the test 

https://dx.doi.org/10.1136/bmjopen-2024-098476
https://dx.doi.org/10.1136/bmjopen-2024-098476


3Li Q, et al. BMJ Open 2025;15:e098476. doi:10.1136/bmjopen-2024-098476

Open access

dataset for a single imputation. This approach main-
tained the integrity of both datasets and ensured that the 
performance metrics were not inflated due to improper 
data handling. Features were then scaled using the power 
transformer to transform the data to a more normal 
distribution, which can enhance the performance of ML 
algorithms and alleviate the potential negative impacts 
of unevenly distributed variables like the T category.24 
A univariate strategy was used for feature selection. For 
each of the eight ML algorithms (discussed later), the 
accuracy of each feature was calculated using 100 itera-
tions of fivefold cross-validation. Features with an accu-
racy below 0.55 were eliminated from the model training. 
This univariate feature-selection strategy based on cross-
validation was effective in reducing the influence of vari-
ables with potentially problematic distributions, such as 

the T category variable with its multiple and unevenly 
distributed categories. The high accuracy of the T cate-
gory variable in most algorithms indicated its significance 
and stability in the prediction models. This comprehen-
sive data preprocessing approach ensured that the data 
used for model training were of high quality and mini-
mised the risk of bias introduced by data-related issues.

Model training
Eight algorithms were selected for model training: logistic 
regression (LR),25 support vector machine (SVM),26 
k-nearest neighbours,27 naive Bayes (NB),28 decision tree 
(DT),29 gradient boosting DT,30 random forest (RF)31 
and artificial neural network (ANN).32 Grid search with 
fivefold cross-validation was conducted to identify the 
optimal hyperparameters for each model, using accuracy 

Figure 1  Study design and feature selection. (A) Flow chart of the study; (B) Univariate accuracy (mean±SD) of each feature in 
different models, calculated using fivefold cross-validation. Features with a mean accuracy greater than 0.55 were selected for 
model training. Acc, accuracy; ANN, artificial neural network; DCA, decision curve analysis; DT, decision tree; GBM, gradient 
boosting machine; KNN, k-nearest neighbours; LNM, lymph node metastasis; LR, logistic regression; NB, naive Bayes; PR, 
precision-recall; Pre, precision; RF, random forest; ROC, receiver operating characteristic; Sen, sensitivity; SHAP, Shapley 
Additive Explanations; Spe, specificity; SRCC, signet ring cell carcinoma; SVM, support vector machine.
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as the evaluation metric. Once the optimal hyperpa-
rameters were determined, the best model for each ML 
algorithm was trained using the entire training dataset. 
It is important to note that the external dataset was used 
for both comparing the performance of different ML 
algorithms to select the optimal model and for external 
validation. This approach is within a validation frame-
work rather than a strict test framework, where a test set 
is typically used only for the final evaluation of model 
performance.

Statistical analysis
The continuous variables were described as mean (SD) 
and median (IQR) according to data distribution. Differ-
ences between the training set and validation set were 
then compared using an independent t-test or Mann-
Whitney U test, as appropriate. The categorical variables 
were expressed as n (%) and compared using the χ2 test. 
A two-sided p<0.05 was considered statistically signifi-
cant. The performance of models trained using various 
algorithms was evaluated and compared on an external 
validation set to determine the best model. All metrics 
and plots were calculated using the mean and 95% CI 
obtained from 1000 iterations of Bootstrap resampling to 
assess the robustness of the models. Accuracy, precision, 
F1 score, sensitivity (recall) and specificity were calcu-
lated to evaluate the model’s discrimination. Addition-
ally, the receiver operating characteristic curve and the 
precision-recall (PR) curve were plotted, and their areas 
under the curves (AUCs) were calculated. The calibra-
tion of the models was assessed by plotting the calibra-
tion curve. We compared the clinical value of each model 
through decision curve analysis (DCA).33 The Shapley 
Additive Explanations (SHAP) model was used for the 
visual analysis of the contribution of each feature to the 
prediction results.27 SHAP is a game theory-based ML 
additive explanation model where all features are consid-
ered ‘contributors’. The model generates a predicted 
value for each prediction sample, and the SHAP value 
is the numerical value assigned to each feature in that 
sample.34 R (V.4.3.2) was used for data cleansing, patient 
selection and comparison of baseline characteristics, 
while all other analyses were conducted using Python (V. 
3.11.5). Data preprocessing, model training and evalua-
tion were performed using scikit-learn (V.1.3.2).35 The 
model explanation was conducted using SHAP (V.0.43.0). 
Additionally, we developed a web application for the best 
model using Streamlit (V.1.28.2). The code and datasets 
used in this study are available at https://github.com/​
SCYAN0401/Predict-GC-LNM.

Patient and public involvement
Patients and the public were not involved in the develop-
ment of the research question.

RESULTS
Patient characteristics
The training set and external validation set in this study 
included 500 and 824 patients with GC, respectively. 
The baseline characteristics of the patients are shown in 
table 1. Significant differences exist between the training 
set and external validation set for sex (p<0.001), loca-
tion of GC (p<0.001), T category (p<0.001), histology of 
GC (p<0.001) and SRCC (p<0.001). However, no signif-
icant differences were observed between the groups for 
age (p=0.148), tumour size (p=0.246), tumour grade 
(p=0.057) and LNM (p=0.334).

Feature selection
In the fivefold cross-validation, the variables ‘T category 
(broad)’, T category, tumour size, grade and histology 
exhibited the highest accuracy in almost all algorithms 
(figure  1B). The ‘T category (broad)’ and T category 
achieved the highest accuracies in the NB model, with 
values of 0.739±0.040 and 0.726±0.044, respectively. 
Tumour size had the highest accuracy in the LR model, 
with a value of 0.680±0.040. Features with an accuracy 
of less than 0.55 were excluded from subsequent model 
training.

As shown in figure  1B, some features, such as the ‘T 
category (broad)’, T category, tumour size, have strong 
predictive values despite being heterogeneously distrib-
uted between the training and validation datasets. By 
comparing the performance of these features in the 
training stage, we can gain a better understanding of their 
transferability. The ‘T category (broad)’ feature, which 
had high accuracy in most algorithms during the training 
stage, also maintained a relatively strong predictive 
power in the external validation set. This indicates that 
although its distribution varied between the two datasets, 
the information it carried was still relevant and useful for 
the model’s prediction. However, for some features with 
large differences in distribution, further research may be 
needed to explore how to better use them in different 
datasets to improve the model’s generalisation ability.

Model training and evaluation
The performance of the eight ML models during the 
training stage was evaluated using several metrics, 
including accuracy, precision, F1-score, sensitivity 
and specificity (figure  2A). Within the external vali-
dation framework, where the external dataset was 
also used for model selection, the ANN demonstrated 
high accuracy (0.722; 95% CI: 0.692 to 0.751), preci-
sion (0.732; 95% CI: 0.694 to 0.776), F1 score (0.733; 
95% CI: 0.695 to 0.773) and specificity (0.728; 95% CI: 
0.684 to 0.770; figure 2A). The SVM had the highest 
sensitivity (0.740; 95% CI: 0.632 to 0.885), followed by 
ANN (0.731; 95% CI: 0.693 to 0.772), which outper-
formed other algorithms (figure  2A). LR had the 
highest AUC on the receiver operating characteristic 
curve (0.823; 95% CI: 0.785 to 0.859; figure 2B), while 
ANN had the highest AUC on the PR curve (0.781; 
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95% CI: 0.740 to 0.821; figure 2C). Additionally, ANN 
exhibited the best calibration curve (figure 2D) and 
DCA performance (figure 2E). In summary, the ANN 
model demonstrated superior discrimination and cali-
bration performance, making it the most suitable for 
clinical application. Therefore, it was selected as the 
optimal algorithm for further analysis.

Model tuning process for the ANN
The hyperparameters of the ANN were carefully 
selected through a combination of literature-based 
insights and experimental optimisation. The choice 
of three hidden layers was based on previous research 
in medical predictive modelling using ANNs, which 
suggested that 2–4 hidden layers can effectively capture 
complex relationships in the data. Initial experi-
ments comparing models with two and three hidden 
layers showed that the latter achieved better perfor-
mance in terms of accuracy, precision and F1-score 
on both the training and validation datasets. For the 

number of neurons in each hidden layer, a grid-search 
approach with fivefold cross-validation was employed. 
In the first hidden layer, values ranging from 10 to 
50 neurons were tested. A value of 20 neurons was 
chosen as it provided an optimal balance between 
model complexity and performance, effectively 
extracting initial features from the input data without 
overfitting. In the second hidden layer, values from 30 
to 100 neurons were explored, and 50 neurons were 
selected as they enabled the model to further process 
and combine the features learnt in the first layer. For 
the third hidden layer, after testing values from 80 
to 150 neurons, 110 neurons were determined to be 
the best choice, leading to the highest overall perfor-
mance of the model on the validation set. To address 
the potential issue of overfitting, especially consid-
ering the limited data, we implemented several strat-
egies. We used fivefold cross-validation during model 
training and hyperparameter tuning. Additionally, 

Table 1  Characteristics of GC patients in training and external validation sets

Variable Category Training set (n=500) External validation set (n=824) P value

Age (years), median (IQR) 67 (59, 73) 68 (59, 75) 0.148

Sex, n (%) Female 130 (26.0) 343 (41.6) <0.001

Male 370 (74.0) 481 (58.4)

Tumour location, n (%) Lower 273 (54.7) 318 (45.1) <0.001

Middle 62 (12.4) 272 (38.6)

Upper 164 (32.9) 115 (16.3)

Tumour size (mm), median (IQR) 35 (20, 50) 35 (21, 55) 0.246

T category, broad, n (%) T1 140 (28.3) 208 (25.5) <0.001

T2 112 (22.6) 118 (14.5)

T3 219 (44.2) 301 (36.9)

T4 24 (4.8) 189 (23.2)

T category, n (%) T1a 56 (11.3) 70 (8.9) <0.001

T1b 84 (17.0) 108 (13.7)

T2 112 (22.6) 118 (15.0)

T3 219 (44.2) 301 (38.3)

T4a 16 (3.2) 160 (20.4)

T4b 8 (1.6) 29 (3.7)

Histology, n (%) Diffuse type 125 (25.0) 246 (29.9) <0.001

Intestinal type 117 (23.4) 541 (65.7)

Mixed/other 258 (51.6) 37 (4.5)

SRCC, n (%) No 467 (93.4) 682 (82.8) <0.001

Yes 33 (6.6) 142 (17.2)

Tumour grade, n (%) G1 8 (1.7) 25 (3.4) 0.057

G2 103 (21.7) 187 (25.3)

G3 364 (76.6) 528 (71.4)

LNM, n (%) No 221 (44.2) 388 (47.1) 0.334

Yes 279 (55.8) 436 (52.9)

GC, gastric cancer; LNM, lymph node metastasis; SRCC, signet ring cell carcinoma.
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we closely monitored the performance of the model 
on both the training and validation sets. The consis-
tent performance of the ANN on these two sets, along 
with the acceptable variance calculated through 1000 
iterations of Bootstrap resampling, indicated that the 

chosen number of neurons and layers did not result 
in overfitting.

Figure 2  Performance of models in the external testing dataset. All metrics and curves are expressed as means with 95% CIs, 
computed via 1000 bootstrap resamples. (A) Accuracy, precision, F1 score, sensitivity and specificity; (B) Receiver operating 
characteristic (ROC) curves; (C) Precision-recall (PR) curves; (D) Calibration curves; (E) Decision curve analysis (DCA). (B, C) 
The dashed line represents the chance level. (D) The dashed line represents perfect calibration. ANN, artificial neural network; 
AUC, area under the curve; DT, decision tree; GBM, gradient boosting machine; KNN, k-nearest neighbours; LNM, lymph node 
metastasis; LR, logistic regression; NB, naive Bayes; RF, random forest; SVM, support vector machine.
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SHAP explainability and web application deployment
The final ANN model consisted of three hidden layers 
with 20, 50 and 110 neurons, respectively, using the recti-
fied linear unit as the activation function and stochastic 
gradient descent as the solver. Considering the black-box 
nature of ANNs, SHAP visualisation was introduced to 
enhance interpretability. The T category had the highest 

mean absolute SHAP value, indicating the strongest 
predictive power, followed by tumour size and Lauren 
intestinal type (figure  3A). Increased depth of invasion 
and tumour size made a positive prediction more likely. 
Intestinal-type tumours were less likely to predict LNM 
positivity. Compared with upper and lower GCs, mid-
gastric tumours were more likely to develop LNM. Grade 

Figure 3  SHAP visualisation and examples of web application. (A) SHAP bee swarm plot of features. The width of the 
horizontal bars represents the feature’s impact on the prediction, while the colour of the horizontal bars indicates the feature’s 
magnitude. The x-axis represents the likelihood of having lymph node metastasis; (B) An example of a patient with an 80.2% 
probability of lymph node metastasis and a positive lymph node metastasis prediction by our application; (C) An example of a 
patient with a 38.5% probability of lymph node metastasis and a negative lymph node metastasis prediction by our application. 
GC, gastric cancer; LNM, lymph node metastasis; SHAP, Shapley Additive Explanations; SRCC, signet ring cell carcinoma.
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and SRCC had the least impact on the prediction, with 
uncertain predictive roles.

The ANN model was deployed into a web application 
(https://gc-lnm.streamlit.app/), where inputting patient 
features can display the GC LNM prediction and proba-
bility, along with SHAP waterfall plots (figure 3B,C). For 
example, a 145 mm upper gastric T3 tumour with intes-
tinal histology and G1 grade was predicted to be LNM 
positive (figure  3B), while a 23 mm upper gastric T1b 
diffuse G3 SRCC tumour was predicted to be LNM nega-
tive (figure 3C). The SHAP waterfall plots help explain 
why the predictions were positive or negative.

DISCUSSION
This study used eight ML algorithms to develop a predic-
tive model based on data from 500 patients with GC at 
a hospital in China. The model was externally validated 
using data from 824 Asian patients with GC in the SEER 
database. By combining hospital-based and database-
driven datasets, our findings offer broader applicability to 
patients with GC, particularly within Asian populations, 
compared with studies restricted to single-centre data or 
database-only analyses. In external validation, the ANN 
model demonstrated superior performance among all 
ML algorithms, achieving an accuracy of 0.722. SHAP 
visualisation analysis identified the depth of invasion, 
tumour size, and histological type as the most influential 
predictors of LNM in GC. To enhance clinical adoption, 
we developed a user-friendly web application that allows 
practitioners to predict LNM and visualise contributing 
factors using SHAP waterfall plots. Future studies will 
focus on prospective validation to further evaluate the 
clinical utility and impact of the model.

Previous studies have used ML to develop predictive 
models for assessing the risk of LNM in patients with 
GC.19 36 37 For instance, Yue and Xue used ML algo-
rithms to identify risk factors for LNM and created a 
predictive model for stage II–III patients with GC. Their 
model incorporated variables such as vascular invasion, 
maximum tumour diameter, monocyte percentage, 
haematocrit, and lymphocyte-to-monocyte ratio, demon-
strating satisfactory predictive performance.19 Similarly, 
Seo et al developed and validated a predictive model for 
LNM in patients with T1b early GC using ML algorithms, 
identifying the XGBoost model as the most effective.36 Lu 
et al constructed an ML-based predictive model for LNM 
risk in patients with GC, where six models (DT, RF, GBM, 
NB, ANN and LR) exhibited high accuracy and reliability, 
with clear insights into the impact of each risk factor. 
However, their study noted relatively poor performance 
with the SVM algorithm.37 While these studies highlighted 
the potential of ML in predicting LNM risk, they were 
often limited by small sample sizes and lacked extensive 
external validation, reducing the practical utility of their 
models in diverse clinical settings. To address these limita-
tions, this study aimed to develop a new predictive model 
for LNM risk in patients with GC using an MI approach.

Our study used cross-validation to select features for 
each model using a data-driven approach. To address 
the ‘stage migration’ phenomenon,38 patients with 
fewer than 16 lymph nodes were excluded, ensuring 
the development of a robust and reliable ML model for 
predicting the risk of LNM in patients with GC. Consis-
tent with previous studies,39 T classification and tumour 
size emerged as the most predictive factors. However, we 
observed that age and sex contributed minimally to LNM 
prediction, which contrasts with earlier studies.40 41

Additionally, the impact of SRCC on predictive 
outcomes was minimal and ambiguous, suggesting that 
its LNM behaviour may align closely with that of non-
SRCC GC. The roles of tumour location and Lauren clas-
sification in LNM risk remain contentious. Our findings 
indicate that the Lauren intestinal type is associated with 
a lower likelihood of LNM compared with other histo-
logical subtypes. Our study observed that the middle 
stomach is more prone to LNM compared with the upper 
and lower stomach. This finding may further support the 
use of pylorus-preserving gastrectomy as an effective treat-
ment for mid-third GC.42

To enhance clinical prediction, Steyerberg and 
Vergouwe proposed the ‘ABCD’ model evaluation 
criteria, encompassing A (alpha, wide-range calibration), 
B (beta, calibration slope), C (C-statistic, discrimina-
tion) and D (DCA, clinical significance).43 Using these 
criteria, we identified the ANN as the optimal model for 
predicting LMN in patients with GC. This study is the first 
to develop a GC-LNM prediction model that meets the 
‘ABCD’ standards. Compared with existing ANN-based 
prediction models, our model demonstrated signifi-
cantly improved predictive performance compared with 
previous studies.44 45 Additionally, our study incorporated 
comprehensive comparisons with other ML algorithms to 
further validate its superiority. To bridge the gap between 
model development and clinical application, we designed 
a web-based application that delivers personalised predic-
tions in an intuitive and accessible format.

This study had the following strengths: (1) Non-ordinal 
variables were encoded using one-hot encoding, avoiding 
arbitrary categorisation. Moreover, power transforma-
tions were applied to achieve a pseudo-normal distribu-
tion, and missing values were addressed through multiple 
imputations, ensuring data integrity instead of excluding 
samples with missing data; (2) cross-validation was used to 
select features for each model, enhancing both the reli-
ability and accuracy of the predictive models; (3) eight 
ML algorithms were evaluated, offering a robust compar-
ative perspective and validating the ANN as the optimal 
model and (4) a user-friendly web application was devel-
oped, providing personalised predictions in a simple and 
accessible format for clinical use.

However, this study has certain limitations. First, the 
models were constructed using retrospective data and 
require further validation through prospective cohort 
studies to confirm their clinical utility. Second, data collec-
tion was limited to clinical routine records and the SEER 
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database, restricting the inclusion of potentially relevant 
features associated with.46 Third, the models need further 
refinement, including the incorporation of imaging and 
molecular features, to improve predictive performance 
and applicability. Fourth, missing data in our dataset 
could have had a substantial impact on model perfor-
mance. Ignoring these missing values would have likely 
biased the model towards the non-missing data. Fifth, the 
external dataset was used for both model selection and 
validation, which deviates from the ideal train-validation-
test split framework. This may affect the generalisability of 
the model’s performance as reported, and future studies 
should aim to use a separate, independent test set for a 
more accurate assessment. These limitations highlight 
the need for continued validation and enhancement of 
the models to ensure their reliability and effectiveness in 
real-world clinical scenarios.

CONCLUSIONS
This study used a retrospective design and data-driven 
methodologies to create a robust and reliable ML model 
for predicting LNM in patients with GC based on simple 
clinical and pathological variables. Developing a user-
friendly web application enables personalised predictions 
and supports clinical decision-making. Despite its strong 
performance on the current dataset, the model requires 
further validation through prospective cohort studies and 
enhancements by integrating additional imaging and 
molecular features to improve its predictive accuracy and 
clinical applicability.
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