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Introduction

Gastric cancer is one of the most prevalent malignancies of 
the digestive system, ranking fifth in global incidence and 
fourth in cancer-related mortality worldwide [1]. Surgical 
resection remains the primary and only potentially curative 
treatment for this disease. However, even after radical sur-
gery, prognosis varies considerably among patients due to 
multiple clinical and pathological factors, including tumor 
stage, histological subtype, and treatment modalities [2, 3]. 
Accurate prediction of postoperative survival is therefore 
essential for individualized treatment planning and opti-
mized clinical decision-making. The heterogeneous nature 
and multifactorial pathogenesis of gastric cancer further 
complicate prognosis estimation and therapeutic strategies 
[4].

Currently, clinicians typically assess survival rates based 
on the American Joint Committee on Cancer (AJCC) staging 
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Abstract
Background  Machine learning has emerged as a promising tool for survival prediction in various diseases; however, its 
application and external validation in real-world gastric cancer populations remain limited.
Methods  Clinical data of patients diagnosed with gastric cancer between 2000 and 2018 were obtained from the SEER 
database, supplemented with data from two Chinese medical centers (2005–2018). Three feature selection methods and four 
modeling algorithms—including Cox, RSF, CoxBoost, and Deepsurv_Cox—were employed to construct prediction models 
for overall survival (OS) and cancer-specific survival (CSS). Model performance was evaluated using the concordance index 
(C-index), integrated Brier score (IBS), and mean area under the curve (AUC). The two best-performing base models were 
subsequently integrated into a stacked model and compared against the traditional TNM staging system using decision curve 
analysis (DCA) and time-dependent ROC curves at 3, 5, and 10 years.
Results  A total of 21,559 patients from the SEER database and 3,805 patients from two Chinese centers were included. In inde-
pendent testing, the integrated model achieved a C-index/IBS/mean AUC of 0.693/0.158/0.829 for OS and 0.719/0.171/0.819 
for CSS. For 3-, 5-, and 10-year survival prediction, the AUCs were 0.705/0.747/0.851 for OS and 0.734/0.779/0.830 for 
CSS, outperforming the TNM staging system across all metrics. Superior calibration and clinical utility of the integrated 
model were further confirmed by calibration curves and DCA.
Conclusion  The integrated machine learning model outperformed both traditional TNM staging and deep learning 
approaches, offering improved predictive accuracy for survival outcomes in patients with gastric cancer.
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system combined with their own medical experience, while 
overlooking the impact of other survival factors. The stag-
ing system is widely used and is an effective method for 
guiding gastric cancer treatment decisions [5]. However, it 
does not take into account various factors such as gender, 
age, tumor size, and histological type, all of which can sig-
nificantly affect survival prognosis. Moreover, traditional 
survival analysis methods also have limitations, includ-
ing the assumption of proportional hazards and the linear-
ity of continuous variables. These limitations may restrict 
their applicability in complex scenarios. However, machine 
learning-based prognostic models represent a significant 
advancement as they effectively address these issues. They 
can handle non-proportional hazards and model non-linear 
relationships between variables and outcomes, making sur-
vival predictions in various clinical settings more flexible 
and accurate.

Machine learning excels at extracting information from 
high-dimensional, complex data, automatically learning 
and making predictions under supervised or unsupervised 
modes, playing a crucial role in disease prognosis [6]. 
Compared to staging models, machine learning models 
may be more suitable for guiding clinical decision-making 
in clinical settings. To our knowledge, there is currently a 
lack of effective predictive models to assess the correlation 
between multiple clinical factors and postoperative progno-
sis in gastric cancer patients. Deep learning, a specialized 
machine learning model incorporating multiple neural net-
works, can process more complex information [7]. Com-
pared to traditional machine learning models—including 
multitask logistic regression and random forest models—
deep learning methods offer several advantages. They can 
learn intricate patterns and representations from large data-
sets, automatically extract relevant features from raw data, 
and thus achieve superior performance over conventional 
algorithms. Several studies have already employed deep 
learning models for surgical oncology research and analy-
sis [8]. However, most of these studies focus on diagnostic 
applications, such as automated quantification of radiologi-
cal images, digital histopathological image interpretation, or 
biomarker analysis [9–11]. To the best of our knowledge, 
published research utilizing machine learning models for 
prognostic prediction in surgical oncology remains limited, 
particularly in the field of gastric cancer. Therefore, machine 
learning based survival analysis provides a valuable refer-
ence for predicting postoperative survival in gastric cancer.

In this study, we aimed to develop and validate robust 
predictive models for postoperative survival in gastric 
cancer patients by leveraging machine learning and deep 
learning algorithms. We utilized large-scale population data 
from the SEER database as well as clinical data from two 

independent Chinese medical centers. Our objectives were 
to compare the prognostic performance of multiple survival 
models, identify important prognostic factors for overall 
survival (OS) and cancer-specific survival (CSS), and con-
struct an integrated predictive framework to assist clinicians 
in tailoring follow-up strategies and treatment decisions for 
gastric cancer patients.

Methods

Data sources

Data for this study were obtained from patients with gastric 
cancer recorded in the Surveillance, Epidemiology, and End 
Results (SEER) database (2000–2018), maintained by the 
National Cancer Institute (NCI). Patient information was 
retrieved using SEER*Stat software. Additionally, patients 
diagnosed with gastric cancer between 2005 and 2018 at 
the Cancer Hospital, Chinese Academy of Medical Sci-
ences (Approval No. 23/122–3864), and the Second Affili-
ated Hospital of Nanjing Medical University (Approval No. 
2022-KY-113-01) were included, forming a multicenter 
Chinese dataset. Written informed consent was obtained 
from all patients or, when applicable, from their legal rep-
resentatives, and all personally identifiable information was 
anonymized.

The following variables were collected from patient 
records: age, sex, income, city size, number of examined 
and positive regional lymph nodes, primary tumor site, 
time from diagnosis to treatment (months), surgery, che-
motherapy, surgical origin, radiotherapy, T stage, N stage, 
M stage, overall stage, CSS, OS, and survival status. OS 
and CSS were defined as the primary outcomes. Only cases 
with active follow-up and histologically confirmed gastric 
cancer were included in the analysis. Patients classified as 
“not applicable—non-first primary tumor” or as having a 
“missing/unknown cause of death (COD)” in the SEER 
cause-specific death classification were excluded. Missing 
data were addressed using multiple imputation: polynomial 
regression for continuous variables, multinomial logistic 
regression for categorical variables, and predictive mean 
matching for mixed-type features.

Feature selection

The SEER dataset was randomly divided into training and 
testing sets in a 9:1 ratio. The Chinese multicenter data-
set was used as an independent external validation cohort. 
Feature selection and model development were performed 
using the training cohort only.
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Three feature selection methods were employed: tradi-
tional Cox regression, Random Survival Forest (RSF), and 
CoxBoost. Univariate Cox regression was first applied, fol-
lowed by multivariate Cox regression to identify variables 
significantly associated with OS and CSS (p < 0.05). The 
strength of association was quantified using hazard ratios 
(HRs) and 95% confidence intervals (CIs). For RSF, a vari-
able importance ranking algorithm was implemented to 
determine the most prognostic features. For CoxBoost, an 
augmented likelihood-based boosting approach was used to 
select survival-associated variables, also with a significance 
threshold of p < 0.05.

Model construction

Four predictive models were developed to estimate OS and 
CSS: three machine learning models (Cox, RSF, and Cox-
Boost) and one deep learning model (DeepSurv_Cox). All 
models were developed using five-fold cross-validation on 
the training cohort.

The semiparametric Cox model estimated the log-risk as 
a linear combination of covariates. RSF, a non-parametric 
ensemble method, constructed multiple decision trees to 
estimate the cumulative hazard function. CoxBoost applied 
likelihood-based boosting to fit a Cox model, making it 
suitable for high-dimensional survival data. DeepSurv_Cox 
was a feed-forward neural network whose output layer per-
formed Cox regression, enabling the modeling of complex 
non-linear relationships between variables and survival 
outcomes.

Model evaluation

Model performance was evaluated using the concordance 
index (C-index), integrated Brier score (IBS), and mean 
area under the receiver operating characteristic curve 
(AUC). The C-index measures the concordance between 
predicted and actual survival outcomes, with higher val-
ues indicating better predictive discrimination. IBS reflects 
the accuracy of survival predictions over time, with lower 
values indicating better performance. The mean AUC was 
calculated by integrating the time-dependent AUC curve 
over the entire follow-up period and dividing by the length 
of the interval.

The final integrated model was constructed by stacking 
the best-performing individual models identified during 
independent testing, using all three metrics (C-index, IBS, 
and mean AUC) as selection criteria. This ensemble model 
was compared to the traditional TNM staging system using 
decision curve analysis (DCA) and time-dependent receiver 

operating characteristic (ROC) curves for 3-, 5-, and 10-year 
survival prediction.

Results

Study population and baseline characteristics

A total of 25,364 patients with gastric cancer were included 
in the study, comprising 21,559 from the SEER database 
and 3,805 from two Chinese medical centers. The study 
flowchart was presented in Fig.  1. Baseline demographic 
and clinical characteristics differed significantly between 
cohorts (Table  1; all p < 0.01), underscoring the need for 
model validation across diverse populations.

Feature selection

Three feature selection methods—Cox regression, RSF, and 
CoxBoost—were applied to identify key prognostic vari-
ables. For OS prediction, Cox, RSF, and CoxBoost selected 
13, 14, and 12 variables, respectively; for CSS predic-
tion, 11, 13, and 11 variables were selected. The selected 
variables were subsequently used to train three traditional 
machine learning algorithms (Cox, RSF, CoxBoost) and one 
deep learning model (DeepSurv_Cox).

This multi-method feature selection strategy ensured 
robust identification of prognostic factors consistently rel-
evant across algorithms.

OS prediction

Across all three cohorts, the machine learning models con-
sistently outperformed the deep learning approach in pre-
dicting OS. Among the tested models, RSF achieved the 
highest performance, particularly when combined with 
CoxBoost or RSF-based feature selection.

Specifically, RSF with CoxBoost-based feature selection 
achieved C-index values of 0.758 (training), 0.741 (test), 
and 0.742 (validation); corresponding IBS values were 
0.120, 0.132, and 0.136, with AUCs of 0.879, 0.837, and 
0.840 (Fig. 2A and I).

RSF + RSF selection produced slightly better results in 
training cohort (C-index = 0.762, AUC = 0.874), but similar 
performance overall (test/validation C-index = 0.740/0.744, 
AUC = 0.824/0.831). Importantly, the integrated model, 
combining the strengths of the best-performing algorithms 
and feature sets, significantly outperformed the conventional 
TNM staging system. The integrated model achieved train-
ing/test/validation C-indexes of 0.762/0.738/0.743, IBS of 
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Fig. 1  Flowchart of this study
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Characteristics SEER datesets Chinese datasets p
Age 65.93 ± 11.886 72.44 ± 7.958 <0.01
Gender <0.01

Male 14,758 (68.5) 2823 (74.2)
Female 6801 (31.5) 982 (25.8)

Income <0.01
<45,000 4849 (22.5) 1846 (48.5)
45,000–60,000 8359 (38.8) 1626 (42.7)
>60,000 8351 (38.7) 333 (8.8)

Rural <0.01
>1 millon 2266 (10.5) 74 (2)
0.25–1.25 millon 1515 (7) 583 (15.3)
<0.25 millon 4442 (20.6) 609 (16)
Nonmetropolitan counties 13,336 (61.9) 2539 (66.7)

Site 3 (0, 5) 2 (0, 4) <0.01
Examined 9 (0, 19) 12 (1, 23) <0.01
Positive 5 (0, 98) 10 (2, 98) <0.01
Totreatment 1 (0, 2) 1 (1, 2) <0.01
Surgery <0.01

Yes 15,825 (26.6) 2276 (59.8)
No 5734 (73.4) 1529 (40.2)

Chemotherapy <0.01
Yes 12,567 (41.7) 2105 (55.3)
No 8992 (58.3) 1700 (44.7)

Radiotherapy <0.01
Yes 5163 (23.9) 630 (16.6)
No 16,369 (76.1) 3175 (83.4)

OS <0.01
Alive 5279 (24.5) 824 (21.7)
Dead 16,280 (75.5) 2981 (78.3)

CSS <0.01
Alive 8961 (41.6) 1355 (35.6)
Dead 12,598 (58.4) 2450 (64.4)

Months 23 (8, 77) 17 (7, 58) <0.01
SurgSite 32 (0, 50) 30 (0, 50) <0.01
T <0.01

T1 6369 (29.5) 749 (19.6)
T2 8956 (41.6) 1926 (50.6)
T3 3809 (17.7) 693 (18.2)
T4 2425 (11.2) 441 (11.6)

N <0.01
N0 9635 (44.7) 1344 (35.3)
N1 8573 (39.8) 1474 (38.7)
N2 2477 (11.4) 703 (18.5)
N3 874 (4.1) 284 (7.5)

M <0.01
M0 16,862 (78.2) 2870 (75.4)
M1 4697 (21.8) 935 (24.6)

Stage <0.01
I 7847 (36.4) 1018 (26.8)
II 4162 (19.3) 1094 (28.8)
III 3464 (16.1) 581 (15.3)
IV 6086 (28.2) 1112 (29.2)

Table 1  Patient characteristics 
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CSS prediction

The prediction of CSS yielded similar trends. Machine 
learning models, particularly RSF, demonstrated superior 
performance compared to deep learning. Again, the best 
results were obtained with RSF models combined with 
either CoxBoost or RSF-based feature selection.

RSF + CoxBoost achieved C-indexes of 0.781 (training), 
0.774 (test), and 0.767 (validation); IBS values of 0.130, 

0.127/0.139/0.141, and mean AUCs of 0.858/0.812/0.823 
(Fig. 2J and L).

It also accurately predicted 3-, 5-, and 10-year OS across 
all cohorts, with AUCs consistently exceeding 0.80 (Fig. 3A 
and I). Calibration and DCA demonstrated good calibration 
and clinical applicability of the model (Figures S1 and S2).

The results showed that the RSF-based integrated model 
significantly improves OS prediction over traditional TNM 
staging, with robust generalization across populations.

Fig. 2  Model evaluation for OS. (A-I) Evaluation of different predic-
tion models. C-index, IBS and mean AUC on the training (A-C), test 
(D-F), and validation (G-I) cohorts. (J-L) The integrated model versus 

traditional TNM staging model comparison. C-index, IBS, and mean 
AUC on the training (J), test (K), and validation (L) cohorts
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(validation) (Fig.  4J and L). Its predictive ability for 3-, 
5-, and 10-year CSS remained stable across cohorts, with 
AUCs consistently > 0.85 (Fig. 5A and I). Calibration and 
DCA curves confirmed its accuracy and decision-making 
benefit (Figure S3, S4).

The results showed that the integrated model provides 
highly accurate, generalizable CSS predictions, substan-
tially outperforming the TNM staging system.

0.157, and 0.144; and AUCs of 0.885, 0.841, and 0.856 
(Fig. 4A and I).

RSF + RSF selection yielded even better C-indices of 
0.789, 0.777, and 0.770, with corresponding AUCs of 0.896, 
0.845, and 0.861.

The final integrated model for CSS again outperformed the 
TNM system, with C-index/IBS/AUC of 0.790/0.132/0.888 
(training), 0.772/0.156/0.839 (test), and 0.765/0.148/0.854 

Fig. 3  Integrate model evaluation for OS. AUC of the 3-, 5-, and 10-year ROC curves of the integrated model compared with the traditional TNM 
staging model on the training (A-C), test (D-F), and validation (G-I) cohorts

 

1 3

Page 7 of 12     15 



Langenbeck's Archives of Surgery          (2026) 411:15 

datasets. In this context, machine learning and deep learn-
ing approaches have emerged as powerful tools for survival 
analysis due to their ability to capture complex and non-
linear relationships within the data [12]. These techniques 
have shown promising results in analyzing clinical, imag-
ing, and genomic data across various cancer types. Despite 
their potential, the application of machine learning and deep 
learning to survival prediction in gastric cancer remains 
limited. To our knowledge, no comprehensive studies have 
directly compared the performance of machine learning and 
deep learning algorithms in predicting OS and CSS in this 
patient population. Moreover, determining the most suitable 

Discussion

Accurate prediction of OS and CSS in patients with gastric 
cancer is essential for guiding treatment strategies, plan-
ning follow-up, and facilitating informed patient counsel-
ing. Previous studies have identified a range of prognostic 
factors—including age, histological subtype, tumor grade 
and size, and the presence of metastases—as being signifi-
cantly associated with survival outcomes in gastric cancer. 
However, traditional Cox proportional hazards models are 
inherently limited by their assumption of linear relation-
ships, which may not hold in high-dimensional clinical 

Fig. 4  Model evaluation for CSS. C-index, IBS and mean AUC on the training (A-C), test (D-F), and validation (G-I) cohorts. (J-L) The integrated 
model versus traditional TNM staging model comparison. C-index, IBS, and mean AUC on the training (J), test (K), and validation (L) cohorts
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clinicians with a reliable tool for the personalized manage-
ment of gastric cancer.

In this study, we developed and validated a machine 
learning–based survival prediction framework that signifi-
cantly outperforms traditional prognostic models for gas-
tric cancer. By analyzing large, multi-institutional cohorts 
from both Western (SEER) and Eastern (Chinese centers) 
populations, we ensured the generalizability and robustness 

approach for survival estimation continues to be a key chal-
lenge in clinical oncology. In light of this, we developed 
and validated multiple survival prediction models using 
both machine learning and deep learning algorithms, based 
on large-scale population data from the SEER database and 
real-world clinical data from two Chinese medical cen-
ters. This study aimed to identify the most accurate mod-
eling approach for prognostic assessment and to provide 

Fig. 5  Model evaluation for CSS. (A-C) AUC of the 3-, 5-, and 10-year ROC curves of the integrated model compared with the traditional TNM 
staging model on the training (A-C), test (D-F), and validation (G-I) cohorts
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statistical performance, the model provides practical value 
by enhancing clinical decision-making, improving resource 
allocation, and advancing precision oncology in gastric 
cancer management. While gastric cancer demonstrated 
well documented ethnic disparities, including higher preva-
lence of genomically stable subtypes in Asian populations 
and divergent treatment paradigms, our model validation 
strategy intentionally leveraged these differences to stress 
test model generalizability [13, 14]. The maintained AUC 
(0.861 in internal validation) suggested successful capture 
of universal prognostic factors despite population variabil-
ity, while avoiding overfitting risks inherent in single data-
set studies. This approach found precedent in the MAGIC 
trial’s subgroup analyses, where neoadjuvant chemotherapy 
benefited persisted across ethnic groups despite differential 
baseline risks, and aligned with current NCCN guidelines 
that increasingly incorporate Asian trial data alongside 
Western studies [15, 16]. Despite these promising results, 
several limitations should be acknowledged. These include 
the retrospective nature of the study and the lack of treat-
ment-specific variables and molecular data, which may 
further improve prognostic precision in future studies. Nev-
ertheless, our findings highlight the transformative potential 
of machine learning approaches in prognostic modeling for 
gastric cancer and provide a solid foundation for future pro-
spective validation and clinical implementation.

Compared with previous studies on survival prediction 
in gastric cancer patients, the present study demonstrates 
notable advantages in terms of flexibility and generalizabil-
ity. Prior research has suggested that increased lymph node 
dissection and radiotherapy may contribute to improved 
survival in gastric cancer patients [17]. Additionally, numer-
ous prognostic factors—such as gender, age, smoking and 
alcohol consumption, histologic subtype, and TNM stage—
have been associated with survival outcomes, supporting 
the clinical feasibility and necessity of building prognostic 
models based on multifactorial clinical data [18, 19]. For 
instance, Wang et al. constructed a nomogram to predict OS 
using data from SEER patients diagnosed between 2014 and 
2015, yielding a C-index of 0.707 in the test cohort [20]. 
Similarly, Chen et al. proposed an online prognostic inter-
face based on a nomogram with a validation cohort C-index 
of only 0.569 [21]. Although these models achieved accept-
able performance, they share a key limitation: they rely on 
traditional Cox regression, which assumes that the risk of 
death is a linear function of covariates—an assumption that 
often does not hold in real-world clinical settings.

This limitation was also evident in our study, where both 
the RSF and Deepsurv_COX models outperformed the 
conventional Cox model, underscoring the superior abil-
ity of machine learning and deep learning algorithms to 
capture complex, nonlinear interactions among variables. 

of our findings across diverse clinical settings. Our results 
consistently showed that ensemble-based machine learn-
ing models, particularly the RSF algorithm combined with 
CoxBoost or RSF-based feature selection, achieved superior 
performance in predicting both OS and CSS compared to 
conventional TNM staging and deep learning models such 
as Deepsurv_Cox. This advantage was evident in higher 
C-index values, better calibration, improved AUCs for 3-, 
5-, and 10-year survival, and greater clinical utility, as dem-
onstrated by DCA. Notably, deep learning models did not 
demonstrate a consistent performance advantage, suggesting 
that in structured clinical datasets with a moderate number of 
variables, traditional machine learning models may be more 
effective and interpretable. We acknowledge that our study 
did not include direct head-to-head comparisons with pre-
viously published machine learning algorithms for survival 
prediction in gastric cancer. Most existing models have been 
developed on single-center or region-specific datasets, often 
with different inclusion criteria, predictor sets, and outcome 
definitions, which makes exact reproduction and comparison 
challenging. Our primary objective was to perform a sys-
tematic comparison of multiple machine learning and deep 
learning algorithms within a unified multicenter framework, 
using harmonized variables and standardized evaluation 
metrics across training, internal testing, and external valida-
tion cohorts. While this design ensured methodological rigor 
and generalizability, it limited our ability to directly bench-
mark against existing published algorithms. In future work, 
we plan to reproduce selected published models using our 
multicenter dataset to enable a more comprehensive and fair 
performance comparison in a uniform clinical setting. Our 
feature selection strategy, combining three distinct meth-
ods, not only reinforced the stability and relevance of the 
prognostic factors identified but also contributed to reducing 
model overfitting and enhancing interpretability.

Unlike TNM staging, which is limited to anatomical 
criteria, our model incorporates a broader range of patient-
specific factors, enabling personalized risk stratification. 
This allows patients to be classified more accurately into 
low- or high-risk groups, enabling oncologists to tailor 
treatment intensity and follow-up schedules accordingly. 
For instance, patients predicted to have poor long-term sur-
vival may benefit from more aggressive adjuvant therapy 
or closer surveillance, whereas those with favorable pre-
dictions may avoid unnecessary treatment-related toxic-
ity. Furthermore, the model’s ability to predict 3-, 5-, and 
10-year survival offers valuable information during patient 
counseling and shared decision-making, helping clinicians 
to set realistic expectations and guide individualized care 
plans. Importantly, the model maintained high performance 
across both Western and Eastern populations, supporting 
its potential use in diverse healthcare settings. Beyond its 
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