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Machine learning methods predict recurrence of pN3b gastric
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Background: The incidence of stage pN3b gastric cancer (GC) is low, and the clinical prognosis is poor,
with a high rate of postoperative recurrence. Machine learning (ML) methods can predict the recurrence of
GC after surgery. However, the prognostic significance for pN3b remains unclear. Therefore, we aimed to
predict the recurrence of pN3b through ML models.

Methods: This retrospective study included 336 patients with pN3b GC who underwent radical surgery.
A 3-fold cross-validation was used to partition the participants into training and test cohorts. Linear
combinations of new variable features were constructed using principal component analysis (PCA). Various
ML algorithms, including random forest, support vector machine (SVM), logistic regression, multilayer
perceptron (MLP), extreme gradient boosting (XGBoost), and Gaussian naive Bayes (GNB), were utilized
to establish a recurrence prediction model. Model performance was evaluated using the receiver operating
characteristic (ROC) curve and the area under the curve (AUC). Python was used for the analysis of ML
algorithms.

Results: Nine principal components with a cumulative variance interpretation rate of 90.71% were
identified. The output results of the test set showed that random forests had the highest AUC (0.927) for
predicting overall recurrence with an accuracy rate of 80.5%. Random forests had the highest AUC (0.940)
for predicting regional recurrence with an accuracy of 89.7%. For predicting distant recurrence, random
forests had the highest AUC (0.896) with an accuracy of 84.3%. For peritoneal recurrence, random forests
had the highest AUC (0.923) with an accuracy of 83.3%.

Conclusions: ML can personalize the prediction of postoperative recurrence in patients with GC with
stage pN3b.
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Introduction

According to the incomplete statistics of GLOBOCAN in
2020, gastric cancer (GC) is the fifth most common cancer
worldwide and the fourth most common leading cause of
cancer-related death, with approximately 760,000 deaths
each year (1). Adequate surgery is the cornerstone of GC
treatment and one of the most important GC treatment
strategies (2). However, the 5-year survival rate in GC
patients after surgery remains poor, at less than 40%
(2,3). Recurrence is one of the main reasons for the poor
prognosis of GC patients after surgery (4). Approximately
40-50% of GC patients are reported to have recurrence
after surgery, including local recurrence, distant recurrence
and peritoneal recurrence (2,5,6). However, there is no
standardized treatment and follow-up strategy for recurrent
GC (5,7). Therefore, assessing patients’ risk of recurrence
may be relevant to clinical practice and help in selecting
effective treatment modalities as well as enhancing follow-
up strategies.

The pN3 staging includes at least seven positive
metastatic lymph nodes, which were further divided into
pN3a (7-15 positive lymph nodes) and pN3b (at least 16
positive lymph nodes). Some studies have shown that pN3b
disease is associated with a worse prognosis than pN3a
disease (8,9), with a 5-year survival rate of less than 20% (10).
More importantly, the American Joint Committee on
Cancer (AJCC) 8" edition states that the comprehensive
staging of pN3b GC is ultimately classified as stage 111
regardless of the pT1-pT4 stage (11). This suggests
that pN3b GC is characterized by extensive lymph node
metastasis and an extremely heavy tumor burden. However,
pN3b GC accounts for a relatively low percentage, only
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4.7-14.8% of GC patients (12-15), and most prognostic
studies on pN3b GC have focused on overall survival and less
on recurrence rates (8-10,12-15). Nevertheless, some small
sample studies have found that postoperative recurrence
rates are higher than 60% for pN3b disease, but there are
significant differences in pN3b GC recurrence patterns
(16-19). These results suggest that pN3b GC may be highly
heterogeneous and that the recurrence pattern of pN3b GC
still needs to be analyzed. Furthermore, the prognosis of
patients with pN3b disease may be improved if recurrence
can be effectively predicted, and a series of follow-ups and
treatments can be developed to address recurrence.

Identifying long-term patient survival and recurrence
requires accurate and robust predictive models. Machine
learning (ML) can be used to discover and identify
relationships between variables and outcomes from
complex datasets to efficiently predict clinical outcomes for
cancer patients, including death, recurrence, and adverse
effects of chemotherapy (20,21). ML can significantly
(15-25%) improve the accuracy of predicting death and
recurrence in cancer patients (22). In GC, ML prediction
models constructed based on patients’ clinicopathological
characteristics can effectively predict patient recurrence (23).
However, GC is a highly heterogeneous gastrointestinal
malignancy, the predictive performance of ML models in
different studies remains variable (23,24), and there are
fewer studies on pN3b GC recurrence. Therefore, the
prediction of pN3b GC recurrence by ML still deserves
further study.

This study retrospectively analyzed pN3b patients
who underwent radical GC surgery in the Department of
Gastrointestinal Surgery of Harbin Medical University
Cancer Hospital from January 2011 to December 2016.
The recurrence pattern was analyzed and an ML predictive
model was built. Finally, the postoperative recurrence of
pN3b patients was accurately predicted based on ML.
We present this article in accordance with the STARD
reporting checklist (available at https://tcr.amegroups.com/
article/view/10.21037/tcr-23-1367/rc).

Methods
Patients

This study retrospectively and continuously analyzed
pN3b GC patients who underwent radical surgery at the
Department of Gastrointestinal Surgery of Harbin Medical
University Cancer Hospital from January 2011 to December
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Figure 1 Flowchart of the study.

2016. The diagnosis of GC was based on tissue samples
obtained by preoperative gastroscopy and was further
confirmed postoperatively by a specialized pathologist
through examination of pathological tissue. After admission
to the Department of Gastroenterology, the patient
underwent routine preoperative investigations, which
included abdominal computed tomography (CT), chest
CT, cardiac ultrasound, ultrasound of both supraclavicular
lymph nodes, electrocardiography, gastroscopy, and routine
hematology and tumor marker assessments. The surgical
methods and postoperative chemotherapy standards were
in accordance with the Japanese GC Treatment Guidelines
(Fifth Edition) (25). The study was conducted in accordance
with the Declaration of Helsinki (as revised in 2013). This
research was approved by the ethics committee of Harbin
Medical University Cancer Hospital, Harbin, Heilongjiang
Province, China (decision number: HMUCH2010051).
All patients have signed an informed consent form before

surgery.

Datasets

All study participants or their legal guardians provided
written informed consent for personal and medical
data collection prior to study enrollment. The
clinicopathological data of the patients were saved in the
GC information management system v1.2 of the Harbin
Medical University Cancer Hospital (HMU, copyright
number 2013SR087424, http://www.sgihmu.com),
including sex, age, smoking history, drinking history, tumor
markers, tumor location, tumor size, pathology (pTINM)
stage, carcinoembryonic antigen (CEA), and carbohydrate
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antigen 19-9 (CA19-9). The exclusion criteria were as
follows: (I) preoperative chemotherapy; (II) preoperative
radiotherapy; (III) other systemic malignancies; and (IV)
multiple recurrences (Figure I).

Follow-up and recurrence

All patients were discharged from the hospital for regular
follow-up examinations by telephone, e-mail or examination
at the outpatient complex of the Harbin Medical University
Cancer Hospital that included hematological analysis,
tumor markers, gastroscopy, abdominal ultrasonography,
abdominal CT, and positron emission tomography (PET)
CT for some patients according to their conditions. Stage I
patients were followed up every 12 months, stage II patients
were followed up every 6 months, and stage III patients
were followed up every 3—6 months.

Chest or abdominal CT was performed for suspected
tumor recurrence or elevated tumor marker levels above
pathological levels, and a bone scan was performed for
suspected bone metastases. The diagnosis of recurrence was
confirmed on the basis of imaging or resurgical pathology.
Considering the initial site of recurrence, the types of
recurrence were classified as locoregional recurrence,
distant recurrence and peritoneal recurrence. Locoregional
recurrence was defined as recurrence in the gastric bed,
anastomosis, regional lymph nodes (para-aortic lymph
nodes), or direct spread of adjacent structures. Distant
recurrence was defined as the involvement of specific organs
through systemic metastases, and lesions in extra-abdominal
lymph nodes were considered distant metastases. Peritoneal
recurrence was defined as positive ascites cells, peritoneal
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nodules, tumors invading the ovaries (Krukenberg’s tumor),
and plasma membrane deposited in the abdominal organs
(5,7,16). To ensure the accuracy of the study, we only
analyzed the initial recurrence pattern of patients, and
for survival and loss to follow-up, patients who could not
provide a specific site of recurrence were grouped as non-
recurrence or unknown. In the end, a total of 205 patients
experienced recurrence during follow-up.

ML

In this study, logistic regression, random forest, extreme
gradient boosting (XGBoost), support vector machine
(SVM), multilayer perceptron (MLP) and Gaussian naive
Bayes (GNB) were used as ML methods to predict pN3b
GC recurrence. Logistic regression is a generalized linear
regression analysis model commonly used to predict
outcomes with only two values, and logistic regression can
be used to obtain the weights of independent variables to
understand the risk factors for outcomes and make accurate
predictions (26). Random forest is a classifier that uses
multiple trees to train and predict samples and is a classifier
that contains multiple decision trees; the final classification
result is determined by each decision tree vote. Since
the data and variables are different for each tree, random
forests can be used for large datasets to produce unbiased
estimates of the error after internal generalization, allowing
for a high success rate (27). XGBoost is an optimized
distributed gradient enhancement library structured for
classification and regression prediction modeling problems
to solve data problems quickly and accurately (28). SVM is
a class of generalized linear classifiers that perform binary
classification of data in a supervised learning fashion, with
a decision boundary that is a maximum-margin hyperplane
solved for the learned samples (29). An MLP is a neural
network consisting of fully connected layers containing
at least one hidden layer, and the output of each hidden
layer is transformed by an activation function (30). GNB
is a classification algorithm that directly measures the
probability between labels and features and is mostly used
to deal with continuous values, which can substantially
improve the accuracy of classifiers (31).

K-fold cross-validation

K-fold cross-validation is a technique used to evaluate the
performance of ML models in a robust manner. In k-fold
cross-validation, the original sample is systematically
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partitioned into k subsets of equal size, one subset is
reserved as validation data for testing the model, and the
remaining k - 1 subset is used as training data. The cross-
validation process is then repeated k times, measuring
performance as the average of all test machines. The
advantage of this approach is that all observations are used
for training and validation, and each observation is used
only once for validation. In this study, we applied 3-fold
cross-validation to all ML methods, dividing the total
sample into training and testing sets in a 2:1 ratio to assess
prediction error.

Statistical analysis

Principal component analysis (PCA) is a multivariate
analysis technique used to identify correlated patterns
within variables. During PCA calculations, an effort
is made to minimize the loss of information while also
preserving possible variations in a given dataset. The
original dimension (input variable) is converted to a new
coordinate system where the new axis (orthogonal principal
components) contains the maximum variance.

In the PCA process, data scaling is first performed by
a standardized covariance matrix so that the variable has
a unit variance. The matrix is decomposed by eigenvalues
to obtain its eigenvectors and corresponding eigenvalues.
Eigenvectors refer to the contribution of the original
dimension to the principal component, and eigenvalues
refer to the amount of variance captured by the principal
component (or correlation due to normalized input
structure). Finally, the feature vector is used as the
weighting coefficient to transform the original dataset to
obtain the main component score.

The dataset considered in this study was the HMU
dataset, which contained 11 independent variables, namely,
sex, age, smoking history, alcohol history, CEA, CA19-9,
tumor location, Borrmann type, tumor size, histological
type, and pT stage. First, the Kaiser-Meyer-Olkin (KMO)
test and the Bartlett sphericity test were used to determine
the data suitable for PCA; if the KMO >0.6, the variables
were related and in line with the PCA. The data were
considered to be significant when P<0.05 was obtained by
the Bartlett sphericity test; then PCA could be performed.
After PCA, a linear combination of the characteristics of
the new variable was constructed. To ensure a cumulative
contribution of 90%, we ended up using PCA to construct
9 new variable features, with a final cumulative variance
interpretation rate of 90.71% (Figure 2). After determining
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Figure 2 The framework of the principal component analysis. HMU, Harbin Medical University Cancer Hospital; PCA, principal

component analysis.

the linear combination of the new variables, we used a grid
search to pick the optimal hyperparameters of the model,
find the combination of the best hyperparameters, and
improve the predictive performance of the model.

Data processing

Data processing involved SPSS 25.0. Chi-squared test was
used to analyze the relationship between recurrence and
patient characteristics, and P<0.05 was considered to be
statistically significant. SPSS was used to standardize the
data and analyze the PCA characteristics. Python 3.9.10 was
used to analyze the ML algorithms and divide the dataset
into training and testing sets according to a ratio of 2:1. In
addition, after determining the PCA characteristics, we used
a grid search to select the optimal hyperparameters of the
model and find the optimal combination of hyperparameters
to obtain the optimal model for this purpose. Finally, model

performance was evaluated using accuracy versus receiver
operating characteristic (ROC) curves. ROC was used to
calculate the area under the curve (AUC).

Results
Patient recurrvence

Finally, a total of 336 patients were included in this study,
of which 205 (61.0%) had recurrence. The baseline
characteristics of the patient are shown in 7able 1. There
were 69 (33.7%), 83 (40.5%), and 53 (25.9%) patients
with locoregional recurrence, distant recurrence, and
peritoneal recurrence. The proportion of tumors located in
the upper third of the stomach (P=0.018), the proportion
of pT4 stage (P<0.001), and the proportion of imprinted
ring cell carcinoma (P<0.001) in recurrence patients were
higher than that of non-recurrent patients. In addition, the
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Table 1 Clinicopathological features of patients

Recurrence, n (%)

Variable Total, n (%) P value
Yes No/unknown

Number 336 205 (61.0) 131 (39.0) -

Sex 0.054
Male 250 (74.4) 145 (70.7) 105 (80.2)
Female 86 (25.6) 60 (29.3) 26 (19.8)

Age (years) 0.068
<60 190 (56.5) 124 (60.5) 66 (50.4)
>60 146 (43.5) 81 (39.5) 65 (49.6)

Smoking history 0.175
No 164 (48.8) 94 (45.9) 70 (53.4)
Yes 172 (51.2) 111 (54.1) 61 (46.6)

Drinking history 0.871
No 207 (61.6) 127 (62.0) 80 (61.1)
Yes 129 (38.4) 78 (38.0) 51 (38.9)

CEA (ng/mL) 0.348
<5 247 (73.5) 147 (71.7) 100 (76.3)
>5 89 (26.5) 58 (28.3) 31(28.7)

CA19-9 (U/mL) 0.993
<37 245 (72.9) 149 (72.7) 96 (73.3)
>37 91 (27.1) 56 (27.3) 35 (26.7)

Tumor location 0.018
Upper third 34 (10.1) 27 (18.2) 7 (5.3)
Middle third 68 (20.2) 40 (19.5) 28 (21.4)
Lower third 213 (63.4) 121 (59.0) 92 (70.2)
Total stomach 21 (6.3) 17 (8.3) 4 (3.1)

Tumor size (mm) 0.333
<50 84 (25.0) 55 (26.8) 29 (22.1)
>50 252 (75.0) 150 (73.2) 102 (77.9)

Borrmann type 0.064
0-ll 53 (15.8) 39 (19.0) 14 (10.7)
1] 195 (58.0) 110 (563.7) 85 (64.9)
\% 88 (26.2) 56 (27.3) 32 (24.4)

pT stage <0.001
pT1-pT2 7(2.1) 2(1.0 5(3.8)
pT3 132 (39.9) 64 (31.2) 68 (51.9)
pT4 197 (58.6) 139 (67.8) 58 (44.3)

Table 1 (continued)
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Table 1 (continued)
Recurrence, n (%)
Variable Total, n (%) P value
Yes No/unknown
Histological type <0.001
Well-moderately differentiated 77 (22.9) 42 (20.5) 35 (26.7)
Poorly-undifferentiated 162 (48.2) 97 (47.3) 65 (49.6)
Signet ring cell carcinoma 85 (25.3) 64 (31.2) 21 (16.0)
Others 12 (3.6) 2(1.0) 10 (7.6)
Categories of recurrences
Locoregional - 69 (33.7) -
Distant - 83 (40.5) -
Peritoneal - 53 (25.9) -

CEA, carcinoembryonic antigen; CA19-9, carbohydrate antigen 19-9; pT, pathology stage.

proportion of patients with recurrence at less than 60 years,
although higher than that of non-recurrence patients (60.5%
vs. 50.4%, P=0.068), but not statistically significant.

According to the random forest and XGBoost (Figure 3),
for overall recurrence, the first four important features were
pT stage, histological type, Borrmann type, tumor location.
For locoregional recurrence, the first four important
features were smoking history, pT stage, histological type,
Borrmann type. For distant recurrence, the first four
important features were smoking history, histologic type,
Borrmann type, tumor location. For peritoneal recurrence,
the first four important features were pT stage, histological
type, Borrmann type, age.

PC4

In order to perform PCA processing, first, determine
whether the data was suitable for PCA. The KMO test
value was 0.615, and the P value obtained by the Bartlett
sphericity test showed that the HMU dataset was very
suitable for PCA. After that, the cumulative variance
interpretation rate was used to determine the number of
PCAs, and when the number of PCAs was 9, the cumulative
variance interpretation rate was 90.71%. Therefore, nine
PCA features were finally used for model analysis.

ML models

After training the model, we tested the model. The test
results showed (Figures 4,5) that for the overall recurrence,
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the accuracy rates for SVM, XGBoost, random forest, MLP,
logistic, and GNB were 81.7%, 84.1%, 80.5%, 79.3%,
68.3%, and 63.4%; the AUCs were 0.879, 0.924, 0.927,
0.894, 0.782 and 0.781, respectively. For locoregional
recurrence, the accuracy rates for SVM, XGBoost, random
forest, MLDP, logistic, and GNB were 80.4%, 84.1%, 89.7%,
71.0%, 64.5%, and 54.2%; the AUCs were 0.836, 0.913,
0.940, 0.783, 0.716 and 0.734, respectively. For distant
recurrence, the accuracy rates for SVM, XGBoost, random
forest, MLP, logistic, and GNB were 81.4%, 81.4%, 84.3%,
70.6%, 62.7%, and 66.7%; the AUCs were 0.867, 0.866,
0.896, 0.755, 0.704 and 0.716, respectively. For peritoneal
recurrence, the accuracy rates for SVM, XGBoost, random
forest, MLP, logistic, and GNB were 82.5%, 86.0%, 83.3%,
78.9%, 67.5%, and 64.4%; The AUCs were 0.907, 0.920,
0.923, 0.857, 0.703 and 0.707, respectively.

Discussion

This study attempts to systematically identify, summarize,
and distinguish the substantial heterogeneity in clinical
manifestations for contribute to the understanding of
the disease process of pN3b GC and provide specific
phenotypic insights related to long-term disease processes.
Preoperative prediction of pN3b GC recurrence is
important for clinical practice and can help screen patients
with high-risk recurrence, develop intensive follow-up
strategies, and improve the prognosis of pN3b GC patients.
In this study, the postoperative recurrence of pN3b GC
was predicted for the first time based on ML algorithms. In
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CA19-9, carbohydrate antigen 19-9; CEA, carcinoembryonic antigen; XGBoost, extreme gradient boosting.

addition, we found that the importance of different patient
characteristics differed significantly for different recurrence
patterns after surgery in pN3b GC patients, further
revealing the disease process and heterogeneity of pN3b
GC.

In clinical setting, gastrointestinal surgeons assess
the risk of postoperative recurrence primarily based on
pTNM staging. However, GC is a highly heterogeneous
gastrointestinal malignancy, and patient-related features
such as age, lifestyle habits, tumor location, histological
type, and other factors also play an important role in tumor
recurrence. While traditional statistical predictive models
developed based on multivariate risk factors can assess
the probability of occurrence of outcome events, they are
limited by the need for priori hypotheses about potential
associations despite the considerable efforts that have been

© Translational Cancer Research. All rights reserved.

made. However, it is often necessary to exclude potentially
useful variables when building models, and the same model
cannot contain highly collinear covariates; there are often
complex nonlinear relationships among different factors,
which make the linear relationship of finite variables in
statistical models often insufficient for the prediction tasks.
Therefore, we predict recurrence in pN3b GC patients
based on the powerful prediction ability of ML and
multidimensional analysis.

Since pN3b GC has already exhibited a large number of
lymph node metastases, there is a heavy lymphatic burden,
which makes it easier for tumors to spread through the
lymphatic system. We found significant differences in the
importance of different features of different recurrence
patterns, suggesting that pN3b GC may be highly
heterogeneous. Obviously, in the context of lymph node
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metastasis, the influence of important features on recurrence
patterns indirectly contributes to the heterogeneity of
clinical outcomes in patients with pN3b GC and makes
it possible for clinicians to predict recurrence through
important features. Therefore, focusing on important
features may have additional importance in pN3b GC;
it may help improve clinicians’ postoperative decision-
making and develop additional follow-up plans and targeted
treatments based on possible recurrence patterns. However,
we may not be able to explain all the huge heterogeneity
on relapse through current clinical studies. Therefore,
our research focus is not on the root cause of recurrence
heterogeneity but on distinguishing some patients at high
risk of postoperative recurrence through existing clinical
information, thereby ultimately meeting clinical utility.
Given gastric anatomical factors including the presence
of abundant lymphatic vessels in the stomach wall and
perigastric area, GC cells can metastasize through the
lymphatic system, so the recurrence of GC is closely related
to lymphatic generation (32). We found that smoking

© Translational Cancer Research. All rights reserved.

history is one of the important factors influencing regional
recurrence and distant recurrence and that nicotine
components in tobacco can significantly induce the
expression of vascular endothelial growth factor (VEGF)
and cyclooxygenase 2 (COX-2), thereby promoting
angiogenesis (33). In addition, smoking promotes DNA
methylation in the cadherin-1 (CDH 1) promoter region
of the E-cadherin gene and decreases E-cadherin levels,
and the deletion of E-cadherin is also one of the typical
manifestations of epithelial mesenchymal transformation
(EMT), which enhances the migration ability of GC cells (34).
Ultimately, the deletion of E-cadherin promotes GC liver
metastasis, lung metastasis, bone metastasis, etc. (35-37).
In addition, histological type, tumor location, and
Borrmann type are the more important influencing factors
affecting regional recurrence and distant recurrence,
and one of the common features of these factors is the
impact on lymph node metastasis. For example, in terms
of lymph node metastasis frequency, poorly differentiated
adenocarcinoma ranks higher than high/medium
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Figure 5 The AUCs of machine methods for different recurrence patterns. (A) Overall patients; (B) locoregional recurrence; (C) distant

recurrence; (D) peritoneal recurrence. Y-axes: the area under the curve for different models. SVM, support vector machines; XGBoost,

extreme gradient boosting; MLP, multilayer perceptron; GNB, Gaussian naive Bayes; AUC, area under the curve.

differentiated adenocarcinoma; the tumor located in the
upper third of the stomach ranks higher than that in the
lower third of the stomach; and Borrmann type III is higher
than Borrmann type I/II (38-40). Therefore, with current
information, we speculate that tumor-related factors that
increase the burden on lymph nodes cause recurrence by
increasing metastasis pathways or giving cancer cells the
ability to migrate. Clearly, the status of the lymph nodes is
critical for pN3b GC recurrence. Even with RO D2/D2+
dissection, additional postoperative treatment and intensive
follow-up are particularly important. We recommend
smoking, poorly differentiated adenocarcinoma, and pN3b
GC patients with tumors located in the upper third of the
stomach, postoperatively, extra attention should be given
to locoregional recurrence and distant recurrence. In
addition to abdominal contrast-enhanced CT examination,

© Translational Cancer Research. All rights reserved.

some patients may need chest X-ray, chest CT, PET/
CT, bone marrow aspiration biopsy, etc., to detect lung
metastases, bone metastases, etc., early. This facilitates early
intervention as well as the selection of specific treatment
options, ultimately meeting clinical needs.

For peritoneal recurrence, the importance analysis
showed that histological type, Borrmann type, and age were
the most important factors. Previous study has shown that
Borrmann type IV accounts for 8% to 13% of GC cases (41)
and is strongly associated with peritoneal recurrence,
whereas 24.3% of patients in our study were diagnosed
with Borrmann type IV, possibly related to our inclusion of
pN3b GC only. Borrmann type IV is highly aggressive and
closely related to lymph node metastasis; Chen ez 4l. found
that pN3b disease is an independent prognostic factor for
Borrmann type IV peritoneal metastasis (41), which fully
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indicates that Borrmann type IV pN3b GC patients are a
high-risk group for peritoneal recurrence. With regard to
histologic types, in addition to considering the frequency
of persistent metastasis, the specific biological behavior of
some histologic types would further differentiate people
with peritoneal recurrence. Signet ring cell carcinoma
(SRCC) is a specific GC subtype characterized by a mucus
filling of cells that pushes the nucleus to one side to have a
ring-like appearance, and SRCC is highly aggressive and has
a high risk of lymph node metastasis. Furthermore, SRCC
may be more likely to spread through neurospatial areas
with low resistance and further into the extragastric nerve,
which may be a source of peritoneal recurrence (42,43). We
found that age is one of the important factors influencing
peritoneal recurrence and is inversely correlated with
peritoneal recurrence; this means that younger patients are
more likely to develop peritoneal recurrence after surgery,
consistent with previous study (44). Clearly, peritoneal
recurrence requires age-related follow-up planning. At the
same time, the studies found that peritoneal recurrence was
more aggressive than distant recurrence (45,46), further
suggesting that the highly aggressive nature of young,
Borrmann IV, SRCC may increase the risk of peritoneal
recurrence in patients. Therefore, we suggest that in
young, Borrmann IV, SRCC pN3b patients, close attention
must be given to peritoneal recurrence after surgery,
focusing on abdominal CT with contrast and performing
laparoscopic peritoneal biopsy if necessary to facilitate
early detection of peritoneal recurrence. Meanwhile,
neoadjuvant chemotherapy and prophylactic intraperitoneal
chemotherapy have become important treatment measures
to improve the prognosis of patients with peritoneal
recurrence.

Unlike previous study, multiple independent factors for
patient outcomes statistically represent individual patient
phenotypes (16). However, we found notable differences in
the importance of features, and given that different clinical
variables contribute differently to the main components,
we emphasized the interaction among variables, which is
often overlooked in traditional statistical models and is
critical for understanding patient phenotypes. PCA uses
dimensionality reduction analysis as the analysis method,
can map high-dimensional data into low-dimensional space
through a linear projection, and is designed for the data
in the projected dimension to have the largest amount
of information (maximum variance) while using fewer
data dimensions and retaining more characteristics of the
original data. Similar study often yields insights through the
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application of PCA to whole-genome sequencing to classify
tumor outcomes according to the different contributions
of different combinations of genetic abnormalities to
pathological phenotypes (47). We performed a PCA test
on the data, and the results showed that the KMO test
value was 0.615, and P<0.05 was obtained by the Bartlett
sphericity test, so the study data were very suitable for
PCA. After constructing new features, we used six ML
models to predict recurrence. The results showed that
there were significant differences in the prediction accuracy
and AUC of different models, which further suggested the
high heterogeneity of pN3b GC. Therefore, an important
challenge in supplemental anatomical pTNM staging
prediction is the integration of clinical parameters, and our
study shows that different ML algorithms exhibit strong
efficacy in predicting postoperative recurrence of pN3b
GC, indicating good clinical application prospects in future
treatment and follow-up management.

At the same time, there are some limitations in this study
that must be acknowledged. First, as a retrospective single-
center study, it yields results that need to be verified. Second,
not all patients completed the follow-up plan developed by
the surgeon, and some patients were lost to follow-up and
could not provide detailed recurrence information; this is
one of the disadvantages of retrospective recurrence studies.
Therefore, we will be committed to conducting forward-
looking, multicenter and detailed research in the future.
In addition, we excluded cases of multi-site recurrence,
primarily due to the high heterogeneity of such tumors.
Additionally, given the retrospective nature of the study, we
were unable to determine the chronological sequence of
occurrences in multifocal tumors. Therefore, prospective
studies are needed in the future to further investigate
this matter. Finally, 11 factors may be quite small for an
ML model. Some molecular characteristics of patients,
such as gene mutations, transcriptome sequencing, DNA
methylation, etc., were not included. Therefore, given that
feature selection in ML is an ongoing process, it is necessary
to incorporate more features in the future to improve
the model. It is clear that the prediction of recurrence by
integrating molecular features through PCA is still worth
further exploration.

Despite these limitations, the current study has
important implications for clinical practice and policy-
making. Surgeons, as decision-makers in interventions, need
to look for clinical cues and intervene for relapse outcomes.
We found a high degree of heterogeneity in pN3b GC, and
more importantly, the comprehensive stage of all pN3b
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GC patients was stage III. Therefore, it is not sufficient to
predict pN3b GC recurrence by pTNM staging alone. The
study also provides surgeons with clear evidence that some
common patient characteristics, such as age, histological
type, Borrmann type, and smoking history, play a key role
in predicting pN3b GC recurrence. In general, patients are
advised to have check-ups every 6 months for 2 years after
surgery (48). However, personalized predictions through
ML can help diagnose recurrence early and provide a
chance for a cure. We also recommend that patients at
high risk of pN3b GC recurrence would undergo checking
every 3 months after surgery, which can facilitate further
development of relevant treatment strategies. In conclusion,
clinical factors may be as effective as TINM staging systems
when deciding on cancer treatment, and subgroup analyses
with the same defining characteristics may play an equally
important role in clinical research on cancer.

Conclusions

pN3b GC is highly heterogeneous, and ML can personalize
prediction of recurrence patterns and reduce prediction
bias due to heterogeneity. This facilitates accurate and
personalized treatment and follow-up strategies for GC
patients in a clinical setting.
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