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Abstract 

Background 

Advanced gastric/gastroesophageal junction adenocarcinoma 

(GEJC) has poor prognosis despite emerging therapies. This 

study constructed and validated machine learning (ML) survival 

model combining inflammatory-nutritional biomarkers and 



clinicopathological variables to stratify advanced gastic/GEJC 

patients into distinct prognostic subgroups. 

Methods 

796 eligible patients from one medical center were split into 

training (n=560) and internal validation (n=236) cohorts at a 7:3 

ratio, with an external validation cohort of 186 patients from 

two additional hospitals. Univariate Cox and LASSO-Cox 

regression filtered predictors for overall survival (OS) and 

progression-free survival (PFS). Seven ML survival models 

were compared; the optimal model was interpreted via SHAP 

analysis, and K-means clustering identified prognostic subtypes. 

Model performance was evaluated by C-index and 

time-dependent AUC. 

Results 

Eight core predictors were selected: WBC, LDH, CA724, 

prognostic nutritional index (PNI), platelet-to-lymphocyte ratio 

(PLR), surgical history, immunotherapy, and treatment efficacy. 

XGBoost achieved stable predictive performance for OS and 

PFS, with average C-indexes of 0.684 and 0.678 respectively. 

Time-dependent ROC curves showed favorable AUC values for 

1/2/3-year OS, and 3/6/12-month PFS across all datasets. 

K-means clustering identified two subtypes with distinct 



survival (p<0.05). Subtype 1 (low inflammation, high nutrition; 

better prognosis), Subtype 2 (high inflammation, low nutrition; 

worse prognosis). SHAP revealed nonlinear associations and 

variable interactions, with treatment efficacy as the leading 

protective factor for both endpoints. 

Conclusion 

The eight-variable XGBoost model showed robust predictive 

accuracy and generalizability for OS and PFS in advanced 

gastic/GEJC. Data-driven subtyping and SHAP visualization 

facilitate personalized risk stratification and clinical 

management, while prospective verification remains warranted. 
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Introduction 

In recent years, the incidence and mortality of gastric 

cancer have gradually increased. Gastric cancer is associated 

with an extremely high mortality rate and poor prognosis, 

ranking as the fifth most commonly diagnosed cancer and the 

fourth leading cause of cancer-related death worldwide[1, 2]. 

Current clinical studies indicate that first-line treatment for 

patients with advanced gastric cancer is primarily based on 



combination chemotherapy with fluorouracil and platinum 

agents. Depending on HER-2 (Human Epidermal Growth Factor 

Receptor-2) positivity and PD-L1(Programmed Cell Death 

Ligand 1) expression status, adding anti-HER2 targeted therapy 

and/or immunotherapy to chemotherapy could significantly 

improve patient survival outcomes[3]. Although the survival of 

patients with advanced gastric cancer has improved to some 

extent with the incorporation of targeted therapy and 

immunotherapy, the current 5-year survival rate for gastric 

cancer is merely 33.53%, highlighting the urgent need for 

improved prognostic tools and therapeutic strategies[4]. The 

efficacy of anti-tumor drugs varies among patients with 

advanced gastric cancer; therefore, assessing the prognosis of 

patients under different conditions is crucial for both patients 

and oncologists. Previous studies showed that systemic 

inflammation and nutritional abnormalities were associated with 

tumor development and progression[5]. Moreover, as 

inflammation-nutrition biomarkers reflect systemic 

inflammatory status and nutritional condition, they have become 

important prognostic indicators for various malignancies[6, 7].  

Machine learning (ML) is increasingly being applied in 

clinical oncology for tumor diagnosis, prognosis, and treatment 



guidance[8, 9]. Compared with traditional prediction models, 

machine learning demonstrates distinct advantages including 

automated feature extraction, powerful generalization capability, 

superior performance in processing complex high-dimensional 

data, strong adaptability, and the ability to mine potential 

correlations. These merits render it highly applicable in clinical 

settings[10]. Shapley Additive Explanations (SHAP) can 

quantify the contribution of variables to risk and enable 

visualization, thereby effectively improving the interpretability 

of prediction models. 

Our study hypothesized that a clinical prediction model 

incorporating multiple parameters—including inflammatory 

markers, nutritional indicators, and clinicopathological 

characteristics—will be effectively applicable to survival 

prediction in advanced gastric cancer[11, 12]. 

Materials and Methods 

Patient population 

We retrospectively collected clinicopathological 

characteristics, hematological biomarkers, and follow-up data 

from patients with advanced gastroesophageal 

adenocarcinoma. Eligible patients were collected from three 

medical centers of the Chinese PLA General Hospital (the First 



Medical Center and the Fifth Medical Center) as well as 

National Clinical Research Center for Cancer/Cancer Hospital, 

Chinese Academy of Medical Sciences and Peking Union 

Medical College between January 1, 2016 and June 30, 

2024.Follow-up was performed every 6 months via telephone or 

medical record evaluation. 

Inclusion criteria:1) Aged ≥18 years;2) Eastern Cooperative 

Oncology Group Performance Status (ECOG PS) score of 0–2; 

3) Histopathologically confirmed gastric adenocarcinoma, 

gastroesophageal junction adenocarcinoma, or esophageal 

adenocarcinoma, with unresectable locally advanced lesions or 

distant metastases; or disease progression/recurrence occurring 

at least 6 months after radical surgery;4) Receipt of at least 2 

cycles of first-line therapy with PD-1 inhibitor monotherapy, 

PD-1 inhibitor combined with chemotherapy, or targeted 

therapy;6) Underwent at least one tumor response assessment 

during first-line treatment. 

Clinicopathological Variables Collection 

The collected data were categorized into three categories: 

general information, baseline clinical characteristics, and 

hematological biomarkers. General clinical information mainly 

included gender and age. Baseline clinical characteristics 



comprised ECOG PS score, tumor location, histological 

differentiation grade, Lauren classification, diagnosis time, 

HER2 expression status, microsatellite instability (MSI) status, 

programmed death-ligand 1 combined positive score (PD-L1 

CPS), liver metastasis, lung metastasis, peritoneal metastasis, 

lymph node metastasis, number of metastatic sites, 

chemotherapy regimen, immunotherapy administration in 

first-line treatment, surgical history, best overall response to 

first-line treatment, progression-free survival (PFS), time of 

death, and the date of the last outpatient visit or discharge in our 

hospital. 

Hematological biomarkers included baseline hemoglobin 

(HB), white blood cell count (WBC), neutrophil count (N), 

lymphocyte count (LN), platelet count (PLT), albumin (ALB), 

lactate dehydrogenase (LDH), carcinoembryonic antigen (CEA), 

alpha-fetoprotein (AFP), carbohydrate antigen 199 (CA199), 

carbohydrate antigen 724 (CA724), platelet-to-albumin ratio 

(PAR), neutrophil-to-platelet ratio (NPR), prognostic nutritional 

index (PNI), hemoglobin-albumin-lymphocyte-platelet (HALP) 

score, neutrophil-to-lymphocyte ratio (NLR), platelet-to- 

lymphocyte ratio (PLR), and lung immune prognostic index 

(LIPI). These markers were calculated as follows: PAR= platelet 



count (×10⁹/L) / serum albumin (g/dL). NPR= neutrophil 

count(×10⁹/L) / platelet count (×10⁹/L). NLR= neutrophil 

count(×10⁹/L)/ lymphocyte count(×10⁹/L). PLR= platelet count 

(×10⁹/L) / lymphocyte count(×10⁹/L). PNI = 10 × serum 

albumin (g/dL) + 0.005 × total lymphocyte count (/mm³). The 

HALP score was calculated using the formula: HALP = 

hemoglobin (g/L) × albumin (g/dL) × lymphocyte count (×10⁹/L) 

/ platelet count (×10⁹/L). LIPI was constructed based on baseline 

NLR and LDH, with the cutoff value of NLR set at 3 and the 

cutoff value of LDH set at 250 U/L (the upper limit of the 

normal reference range). Patients were stratified into three LIPI 

subgroups: the poor-risk group (NLR > 3 and LDH > 250 U/L), 

the intermediate-risk group (NLR > 3 or LDH > 250 U/L), and 

the good-risk group (NLR ≤ 3 and LDH ≤ 250 U/L). Efficacy 

was evaluated in accordance with the Response Evaluation 

Criteria in Solid Tumors (RECIST) 1.1, and patients were 

categorized into progressive disease (PD) or non-progressive 

disease (non-PD) subgroups according to objective tumor 

responses. PFS was defined as the interval from the start of 

first-line chemotherapy to the first radiologically confirmed 

disease progression, all-cause mortality, or the final follow-up 

assessment. OS was defined as the interval from the initiation of 



first-line chemotherapy to death from any cause or the final 

follow-up assessment date. 

Feature screening and cluster analysis 

This study applied a dual-endpoint-driven variable 

screening strategy to reduce bias caused by using a single 

endpoint, with the intersection of results from PFS and OS 

screenings serving as the final feature set. We performed 

univariate survival analysis for both PFS and OS simultaneously 

on all variables, and also conducted dual-outcome feature 

selection using Least Absolute Shrinkage and Selection 

Operator-Cox (Lasso Cox) regression for PFS and OS, 

respectively. Candidate variables were identified by taking the 

intersection of features consistently selected across both 

outcomes, with the intersection visualized using a Venn diagram.  

For patient stratification, unsupervised K-means clustering 

was conducted on the entire cohort (n=796) based on the 

intersection prognostic features screened by LASSO Cox 

regression and univariate Cox analysis. The optimal number of 

clusters was determined comprehensively using the elbow 

method combined with the silhouette coefficient to balance 

within-cluster variance and inter-cluster separation. An 

independent external cohort was applied to further confirm the 



stability and reproducibility of the subtypes. To ensure clinical 

relevance, we validated the clustering results via Kaplan-Meier 

survival analysis, which revealed significant differences in PFS 

and OS among the identified patient subgroups. Radar plots 

were constructed to visualize the top 5 variables—selected via 

ANOVA F-statistics for maximum inter-cluster 

discrimination—and highlight the distinct feature profiles of 

each subgroup, with principal component analysis (PCA) further 

validating clear segregation among the clusters. Combined 

dual-outcome survival curves were also created to demonstrate 

the clinical utility of the proposed stratification approach.  

Model development and interpretation 

Based on the aforementioned feature preprocessing 

techniques involving low-variance feature elimination and 

highly correlated feature removal, this study developed seven 

survival machine learning models: Extreme Gradient Boosting 

(XGBoost), Lasso Cox Regression (Lasso), CoxBoost, Gradient 

Boosting Machine (GBM), Supervised Principal Components 

(SuperPC), Cox Partial Least Squares Regression (plsRCox), 

and Survival Support Vector Machine (survival-SVM). Lasso 

Cox regression was chosen as a baseline model due to its 

simplicity, interpretability, and inherent feature selection 



capability for prognostic modeling. XGBoost was selected for 

its superior performance in processing survival data, robust 

ability to capture complex non-linear correlations between 

features and overall survival, and enhanced generalization with 

hyperparameter optimization to mitigate overfitting. CoxBoost 

and Gradient Boosting Machine were included for their 

advanced ensemble learning frameworks tailored for survival 

analysis, which boost prediction accuracy and reduce model 

variance. Supervised Principal Components and Cox Partial 

Least Squares Regression were incorporated to effectively 

extract key prognostic information from high-dimensional data 

and address potential multicollinearity among features. Survival 

Support Vector Machine was added to explore the potential 

advantages of kernel-based methods in capturing nonlinear 

patterns in prognostic feature datasets. 

These models were systematically evaluated in the 

independent training and test sets using a consistent set of 

evaluation metrics. Model performance was primarily assessed 

based on discrimination (C-index and ROC curves). Ultimately, 

the best performing model was selected based on the integrated 

evaluation of predictive performance (average C-index). A 



detailed performance analysis and risk score prediction were 

conducted for the selected optimal model. 

The SHAP is an attribution method based on game theory 

that interprets predictions derived from complex machine 

learning models, including "black box" models. In this study, 

this method was used to quantify the contribution of individual 

clinical features to survival outcomes (OS and PFS) in patients 

with advanced gastic/GEJC. In the SHAP framework, positive 

values indicate clinical features that increase the risk of adverse 

survival outcomes in advanced gastic/GEJC patients, whereas 

negative values represent protective factors that reduce this 

survival risk. We adopted the XGBoost model—renowned for 

its robust performance in predicting cancer patients’ survival 

outcomes—as the base model. By implementing the SHAP 

method via Kernelshap and Shapviz packages, we 

systematically ranked feature importance in the survival 

prediction model, with the mean absolute SHAP values used to 

quantify the overall contribution of each clinical feature. 

Beyond the global ranking of feature importance, we conducted 

individualized interpretations by generating SHAP waterfall 

plots and force plots for representative patient samples, which 



elucidated the specific contribution of each clinical feature to 

the individual survival risk score of these patients. 

Statistical analysis was performed based on R software version 

4.3.3 (http://www.r-project.org). 

Results 

Patients Characteristics  

A total of 796 patients with advanced gastic/GEJC were 

enrolled and randomly divided into training and internal 

validation datasets at a 7:3 ratio. In addition, 186 patients from 

other healthcare centers served as external validation (Figure1). 

Baseline characteristics were compared between the sets, as 

shown in Table1. In the training dataset, the median OS and 

median PFS were 10.8 months and 6.15 months, respectively. In 

the training set, OS status was significantly correlated with 

Lauren classification, mismatch repair (MMR) status, liver 

metastasis, peritoneal metastasis, immunotherapy, treatment 

efficacy, and levels of CA199 and HALP (p < 0.05), whereas 

PFS status was associated with Her-2 status, Lauren 

classification, peritoneal metastasis, immunotherapy, treatment 

efficacy, CA199, and LN levels (Table S1). In the internal 

validation set, the median OS and the median PFS were 11.1 

months and 6.30 months, respectively. Variables significantly 



associated with OS status included peritoneal metastasis, 

immunotherapy, chemotherapy regimen and treatment efficacy. 

Furthermore, gender, age, MMR, PD-L1 expression, 

immunotherapy, chemotherapy regimen, and treatment efficacy 

were identified as significant factors related to PFS status (Table 

S2). Both datasets collectively indicate that the line of 

immunotherapy, treatment efficacy, and specific metastatic 

status (such as peritoneal metastasis) are significantly associated 

with both OS and PFS in both the training and test sets.  

Variable selection 

Before initiating variable screening, we performed 

Spearman correlation analysis on all variables in the dataset. 

The results are intuitively presented as a heatmap in the Figure 

S1A-C, where the color intensity reflects the strength of the 

correlation among variables. The results showed that variables 

with a correlation coefficient greater than 0.7 included PLT and 

PAR (r=0.957), ALB and PNI (r=0.824), N and NLR (r=0.770), 

NPR and HALP (r=0.733). In external dataset, A strong positive 

correlation was identified for PLT with PAR (r = 0.932) and for 

ALB with PNI (r = 0.914). Furthermore, moderate to strong 

positive correlations were found for WBC with N (r = 0.864), N 

with NLR (r = 0.792), WBC with NLR (r = 0.767), and N with 



NPR (r = 0.720). Finally, NLR, NPR, PLT, ALB, and N were 

excluded from subsequent analyses. 

There were 28 variables included in univariate survival 

analysis and Lasso Cox analysis. In the univariate Cox survival 

analysis for PFS, 13 variables showed statistical significance, 

while in the univariate Cox survival analysis for OS, 15 

variables were statistically significant. Ten variables overlapped 

between the PFS and OS survival analyses. In the Lasso 

regression analysis, both the PFS-Lasso and OS-Lasso models 

selected 25 variables each. After taking the intersection of the 

results from these two approaches, a final set of eight variables 

(WBC, LDH, PLR, PNI, CA724, surgery, first-line 

immunotherapy, treatment efficacy) was screened for 

subsequent analysis (Figure 2).  

Model Construction and evaluation 

We incorporated the selected eight variables into seven 

machine learning models (CoxBoost, GBM,Lasso, plsRCox, 

SuperPC, survival-SVM, XGBoost). The performance of each 

model was shown in Table 2. Among the eight models, 

XGBoost demonstrated the best performance in survival 

prediction for both PFS and OS. XGBoost achieved C-index 

values of 0.721 on the training set, 0.688 on the internal 



set,0.642 on the external set and an average of 0.684 for OS 

prediction. For PFS prediction, the corresponding C-index 

values were 0.701 on the training set, 0.667 on the internal set, 

0.667 on the external set, with an average of 0.678. The 

differences between training and validation sets were both less 

than 0.05 for both OS and PFS groups, indicating a moderate 

decline in the model’s generalization ability on unseen test data. 

To evaluate model performance, time-dependent ROC curves 

were plotted using XGBoost. In the training set, the AUC values 

for OS at 1, 2, and 3 years were 0.733, 0.740, and 0.780, 

respectively. For PFS, the corresponding AUC values at 3, 6, 

and 12 months were 0.873, 0.726, and 0.695. In the internal set, 

the AUC values for OS at 1, 2, and 3 years were 0.716, 0.714, 

and 0.701, respectively. Similarly, for PFS at 3, 6, and 12 

months, they were 0.941, 0.665, and 0.657. In the external set, 

the AUC values for OS at 1, 2, and 3 years were 0.733, 0.678, 

and 0.659, respectively, while for PFS at 3, 6, and 12 months, 

they were 0.724, 0.735, and 0.786. (Figure 3A-F). Survival 

outcomes differed significantly between high- and low-risk 

groups in both the training and validation cohorts (Figure 4A-F). 

Heterogeneous characteristics in tumor microenvironment 

clusters 



We used the remaining eight variables for the K-means 

clustering algorithm.  

According to the elbow method (based on within-cluster 

sum of squares), the optimal number of clusters is k = 2 (Figure 

5A). The mean values of each standardized feature across the 

clusters were calculated, and features with high discriminatory 

power (most significant intergroup differences) were selected by 

calculating the F-statistic via one-way ANOVA, choosing the 

top 5 features by F-value. Based on the principal component 

analysis results, the patients could be classified into two 

subtypes, and different outcome groups exhibit distinct 

clustering patterns in the dimensionality-reduced space. The top 

five features were WBC, PNI, CA724, efficacy and 

immunotherapy. Radar charts were used to display the 

characteristic expression patterns of different subtypes, 

clarifying the differences in their biological features (Figure 5B). 

Based on the principal component analysis (PCA), patients were 

classified into two subtypes, which showed distinct clustering 

patterns in the principal component space (Figure 5C-D). 

Subtype 1 exhibited lower levels of WBC and CA724, 

comparable nutritional status (PNI), and slightly better treatment 

efficacy compared to Subtype 2. In contrast, Subtype 2 was 



characterized by significantly elevated WBC and CA724, 

alongside a high immunotherapy-related signature, but had 

significantly worse overall survival. Significant differences 

among the two subtypes were observed in both progression-free 

survival (PFS) and overall survival (OS) (p < 0.0001) (Figure 

5E-H). Trends for PFS and OS were entirely consistent: Subtype 

1 had the better survival prognosis than Subtype 2. 

Feature Contribution Analysis via SHAP Values 

In this study, an optimized XGBoost machine learning 

model was employed, and the SHAP method was applied to 

rank the importance of features. The results demonstrated the 

contribution of each feature variable to predicting survival 

outcomes in advanced gastic/GEJC patients. The SHAP 

summary plot visually illustrates the direction and magnitude of 

feature contributions, where positive SHAP values indicate an 

increased risk of adverse survival outcomes, while negative 

values represent a protective effect. The SHAP summary plot 

indicates that treatment efficacy, WBC, CA724, and PNI are the 

most influential features in predicting overall survival (OS) in 

patients with advanced gastic/GEJC (Figure 6A-B). We further 

applied the XGBoost algorithm to perform a specific SHAP 

value decomposition for the overall survival (OS) risk of a 



representative case. In one patient, the combined effects of 

normal LDH (164 U/L), normal WBC (7.1×10⁹/L), and 

Efficacy=1(effective treatment) reduced the prediction score 

from the baseline value (E[f(x)] = 0.623) to a final value of 

0.524. In contrast, risk factors including a high PNI (43) and no 

surgery (Surgery=0) slightly increased the score. Overall, the net 

effect of these features resulted in a lower predicted mortality 

risk for this patient compared to the average level (Figure6C-D). 

Results from the SHAP dependence plot revealed that all 8 

incorporated core features exhibited significant nonlinear 

correlations and threshold effects in their predictive 

contributions to OS. Among these features, elevated levels of 

tumor markers CA724 and LDH and inflammatory indicators 

(WBC, PLR) were associated with positive SHAP values, which 

significantly increased patients’ mortality risk and thus served as 

core drivers of poor prognosis. In contrast, the prognostic 

nutritional index (PNI) showed a shift from positive to negative 

SHAP values with increasing numerical values, presenting a 

marked protective effect; treatment efficacy, surgical 

intervention, and immunotherapy exerted negative SHAP values 

within appropriate value ranges, which could reduce patients’ 

survival risk. Meanwhile, the color gradient uncovered 



significant interactive effects between inflammatory indicators, 

the immune marker PD-L1, and core prognostic features: a 

hyper-inflammatory state synergistically amplified the adverse 

prognostic effects of tumor markers, whereas treatment efficacy 

could partially offset the risk increment induced by high-risk 

features. These findings suggest that systemic inflammation, 

tumor burden, nutritional and immune status, and therapeutic 

factors jointly form a regulatory network for OS prognosis, with 

complex combined regulatory effects among these factors 

(Figure 6E). 

In predicting PFS in advanced gastic/GEJC patients, the 

most impactful features were treatment efficacy, PLR, CA724, 

and WBC (Figure 6F-G). In one patient, positive contributions 

to progression risk came from elevated CA724 (75.8 ng/mL), 

WBC (3.9×10⁹/L) and the absence of surgical intervention 

(Surgery = 0). These risk-promoting effects were substantially 

offset by prominent negative contributions from effective 

treatment (Efficacy = 1), normal LDH (145 U/L), and first-line 

immunotherapy (Immunotherapy = 1), PNI (35), and PLR (198). 

Collectively, these features drove the model’s prediction score 

from the baseline expected value (E[f(x)] = 0.721) down to a 

final value of f(x) = 0.586, indicating a reduced risk of 



progression for this patient. (Figure 6H-I). The SHAP 

dependence plot for PFS demonstrated that all 8 core features 

exhibited significant nonlinear trends and threshold effects in 

predicting disease progression. Treatment efficacy was 

identified as the most critical protective factor, showing 

remarkably negative SHAP values at high levels and 

substantially reducing the risk of disease progression. In contrast, 

elevated levels of tumor markers (CA724, LDH) and systemic 

inflammatory indices (PLR, WBC) were accompanied by 

increased positive SHAP values, serving as key risk factors 

driving disease progression and poor prognosis. The prognostic 

nutritional index (PNI) shifted from positive to negative SHAP 

values with increasing values, presenting a distinct protective 

effect, while surgery and immunotherapy showed differential 

prognostic contributions with obvious effect inflection points 

across various ranges. The color gradient further uncovered 

significant interactions between treatment efficacy and 

inflammatory or tumor markers, where a high efficacy status 

markedly attenuated the adverse prognostic effects of high-risk 

features. These findings indicate that tumor burden, systemic 

inflammation, nutritional-immune status, and therapeutic 

response jointly form a core regulatory network for PFS, with 



multidimensional features synergistically modulating the risk of 

disease progression through nonlinear and interactive effects 

(Figure 6J). 

Discussion 

Gastric cancer remains a major global health burden with 

high mortality and poor long-term prognosis, despite advances 

in targeted therapy and immunotherapy in recent years[13, 14]. 

This study systematically explored the prognostic value of 

inflammation, nutritional indicators, and clinicopathological 

characteristics in advanced advanced gastic/GEJC based on 

multicenter real-world data, and constructed a survival 

prediction model using machine learning algorithms. This study 

sought to fully mine the predictive potential of routine, low-cost 

clinical and hematological indicators, and translate these 

findings into a practical tool to support risk stratification and 

personalized treatment guidance. 

Our main findings are summarized as follows: First, using a 

dual-endpoint-driven feature selection strategy, we identified 8 

core features significantly associated with both OS and PFS. 

Second, among seven machine learning models, the XGBoost 

algorithm exhibited the best predictive performance, with 

favorable discriminative ability and generalization capacity. 



Third, K-means clustering analysis based on the screened 10 

non-therapeutic variables successfully stratified patients into 

two subtypes with significant survival differences, revealing 

distinct tumor immune microenvironment characteristics. 

Finally, the XGBoost model was interpreted using the SHAP 

method to quantify the contribution of each feature and uncover 

their complex nonlinear relationships and interactive effects. 

Consistent with previous studies[15, 16], our results 

confirmed that systemic inflammation and nutritional 

abnormalities are closely associated with disease progression 

and prognosis in gastric cancer. Additionally, various 

inflammatory markers have significant prognostic value in 

gastric cancer[17-20].Through dual-endpoint-driven variable 

screening (integrating PFS and OS), we identified 8 core 

prognostic features, including WBC, LDH, PLR, PNI, CA724, 

surgical history, immunotherapy, and treatment efficacy. PNI not 

only can reflect the chronic inflammation, immune status, and 

nutritional condition of cancer patients but is also associated 

with the prognosis of various diseases[21-24]. In our research, 

PNI also showed a significant protective effect in both OS and 

PFS prediction: with the increase in PNI values, its SHAP value 

shifted from positive to negative, indicating that better 



nutritional status can reduce the risk of disease progression and 

death. This finding aligns with other studies, which conclude 

that nutritional deficiency and systemic inflammation may 

synergistically promote tumor progression by suppressing 

antitumor immunity and enhancing tumor cell invasiveness[5, 

25, 26]. Furthermore, elevated levels of inflammatory indicators 

(WBC, PLR) were identified as high-risk factors for poor 

prognosis, which may be related to the fact that persistent 

systemic inflammation can induce tumor angiogenesis, 

epithelial-mesenchymal transition (EMT), and immune 

escape[27]. Previous studies have shown that CA724 has certain 

diagnostic value for gastric cancer, with high specificity but low 

sensitivity[28]. It is typically combined with markers such as 

CA199 and CEA to improve the detection rate of gastric 

cancer[29].Tong et al. found that CA724 can also serve as a 

prognostic indicator for gastric cancer[30]. In our study, CA724 

also emerged as one of the most influential features in both OS 

and PFS, further confirming the prognostic value of CA724 in 

gastric cancer. Based on K-means clustering analysis, we 

utilized core indicators (WBC, PNI, CA724, treatment efficacy 

and immunotherapy) to classify patients with advanced gastric 

cancer into two subtypes with significant survival differences. 



Subtype 1 (low inflammation, high nutrition) had the better 

prognosis and therapeutic outcome. Subtype 2 (high 

inflammation, low nutrition) had the worse prognosis validating 

the regulatory role of the "inflammation-nutrition-prognosis" 

axis. The clustering results were verified through distinct radar 

chart profiles and principal component analysis, demonstrating 

high stability and clinical discriminative ability. This 

classification aids in the early identification of high-risk patients 

for intensified treatment strategies, while also preventing 

overtreatment in low-risk patients. 

Regarding model construction, we compared the 

performance of seven machine learning models and identified 

that the XGBoost model exhibited the optimal overall 

performance, with mean C-indexes of 0.684 and 0.678 for OS 

and PFS prediction, respectively. To reduce overfitting of the 

data results, we incorporated specific anti-overfitting code 

during data analysis and stipulated that a difference greater than 

0.05 in the C-index between the training and validation sets 

indicates model overfitting. This is particularly important in the 

context of high-dimensional clinical data. Time-dependent ROC 

curve analysis further confirmed the reliable predictive 

performance of the XGBoost model. In the training set, the AUC 



values for OS at 1, 2, and 3 years were 0.733, 0.740, and 0.780, 

respectively, while those for PFS at 3, 6, and 12 months were 

0.873, 0.726, and 0.695. Even in the independent validation set, 

the model still maintained good predictive accuracy, indicating 

that it has potential clinical application value for risk 

stratification of advanced gastric cancer patients. Although our 

model does not achieve the same level of performance as 

multi-omics-based predictive models, it demonstrates clear 

clinical utility by leveraging only readily available, routine 

clinical and hematological parameters. Through in-depth mining 

of these basic data, the model still provides valuable evidence 

for clinical risk stratification and treatment decision-making. 

SHAP analysis can reflect the regulatory mechanisms and 

interactions of key features on survival outcomes, effectively 

enhancing the interpretability of the XGBoost model. Our results 

indicated that all eight core features exhibited significant 

nonlinear correlations and threshold effects in prognostic 

prediction. For example, treatment efficacy was identified as the 

most critical protective factor for PFS, with its high level 

(effective treatment) showing a significantly negative SHAP 

value, which could substantially counteract the adverse effects 

of high-risk features such as elevated CA724. This finding 



highlights the importance of evaluating treatment response 

during first-line therapy and promptly adjusting treatment 

strategies for patients with poor response, which aligns with the 

concept of personalized cancer treatment. 

This study possesses several strengths: First, we employed a 

dual-endpoint-driven variable selection method (considering 

both progression-free survival and overall survival), which 

effectively avoided the bias associated with relying on a single 

endpoint, thereby enhancing the reliability of the core 

prognostic indicators. Second, we systematically compared the 

performance of seven machine learning models and utilized 

SHAP analysis to improve the interpretability of the optimal 

model. Third, we integrated cluster analysis with survival 

analysis; this stratification system fully considers the 

heterogeneity among gastric cancer patients, providing a more 

precise basis for personalized treatment. Fourth, the study 

pooled multicenter samples, enhancing the model’s 

generalizability and clinical applicability. 

However, this study also has some limitations that warrant 

consideration. First, as a retrospective study, it may be subject to 

selection bias (e.g., missing data for certain clinical features or 

patients lost to follow-up). Second, the study population was 



limited to patients with advanced gastroesophageal 

adenocarcinoma; therefore, the results may not be applicable to 

patients with early-stage gastric cancer, among others. Finally, 

the current conclusions are inferences based on SHAP analysis 

and existing research, and thus require further validation 

through prospective studies. 

In conclusion, this study successfully constructed an 

XGBoost-based survival prediction model for advanced gastric 

cancer using eight core prognostic features, which showed good 

predictive performance and generalization ability. SHAP 

analysis revealed the nonlinear correlations and interactive 

effects of core features in prognostic regulation, and K-means 

clustering identified two subtypes of patients with distinct 

survival outcomes. These findings confirm that the combination 

of inflammatory markers, nutritional indicators, and 

clinicopathological characteristics can effectively improve the 

accuracy of prognostic evaluation in patients with advanced 

gastric cancer. And provide a novel theoretical basis and 

practical tool for personalized risk stratification and treatment 

decision-making. 

In the future, we will expand the sample size, incorporate 

more promising prognostic factors (including tumor mutational 



burden [TMB] and circulating tumor DNA [ctDNA]) and 

prospective multicenter validation to further optimize our model. 
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Table 1. Baseline Characteristics of Train, Internal and External Datasets 

  Dataset   

Variable N Overall1 Train set1 Internal set1 External set1 P-value2 

Gender 982     0.028 

Male  624 (63.5%) 338 (60.4%) 154 (65.3%) 132 (71.0%)  

Female  358 (36.5%) 222 (39.6%) 82 (34.7%) 54 (29.0%)  

Age 982 59.16 ± 11.77 59.50 ± 11.86 58.98 ± 11.98 58.34 ± 11.21 0.256 

ECOG 982     0.215 

0-1  882 (89.8%) 496 (88.6%) 213 (90.3%) 173 (93.0%)  



  Dataset   

Variable N Overall1 Train set1 Internal set1 External set1 P-value2 

2  100 (10.2%) 64 (11.4%) 23 (9.7%) 13 (7.0%)  

Local.site 982     <0.001 

Gastroesophageal 
junction 

 292 (29.7%) 169 (30.2%) 69 (29.2%) 54 (29%)  

Stomach  642 (65.4%) 391 (69.8%) 167 (70.8%) 84 (45.2%)  

Unknown  48 (4.9%) 0 (0%) 0 (0%) 48 (25.8%)  

Differentiation 982     <0.001 

Poor  753 (76.7%) 465 (83.0%) 190 (80.5%) 98 (52.7%)  

Moderate/Well  229 (23.3%) 95 (17.0%) 46 (19.5%) 88 (47.4%)  

Lauren 982     0.352 

Diffuse  110 (11.2%) 63 (11.3%) 27 (11.4%) 20 (10.8%)  

Mixed  61 (6.2%) 37 (6.6%) 18 (7.6%) 6 (3.2%)  

Intestinal  56 (5.7%) 37 (6.6%) 12 (5.1%) 7 (3.8%)  

Unknown  755 (76.9%) 423 (75.5%) 179 (75.8%) 153 (82.3%)  

Her2 982     <0.001 

Negative  410 (41.8%) 219 (39.1%) 90 (38.1%) 101 (54.3%)  

Low expression(+)  168 (17.1%) 116 (20.7%) 47 (19.9%) 5 (2.7%)  

Median expression 

(2+, fish-) 

 117 (11.9%) 70 (12.5%) 22 (9.3%) 25 (13.4%)  

Positive (2+, fish+/3+)  46 (4.7%) 19 (3.4%) 7 (3.0%) 20 (10.8%)  

Unknown  241 (24.5%) 136 (24.3%) 70 (29.7%) 35 (18.8%)  

MMR 982     <0.001 

pMMR  583 (59.4%) 380 (67.9%) 145 (61.4%) 58 (31.2%)  

dMMR  38 (3.9%) 19 (3.4%) 10 (4.2%) 9 (4.8%)  

Unknown  361 (36.8%) 161 (28.8%) 81 (34.3%) 119 (64%)  

PDL1 982     <0.001 



  Dataset   

Variable N Overall1 Train set1 Internal set1 External set1 P-value2 

CPS≤1  239 (24.3%) 138 (24.6%) 59 (25%) 42 (22.6%)  

CPS＞1  299 (30.4%) 187 (33.4%) 83 (35.2%) 29 (15.6%)  

Unknown  444 (45.2%) 235 (42%) 94 (39.8%) 115 (61.8%)  

Liver,n (%) 982     0.109 

Absent  615 (62.6%) 360 (64.3%) 151 (64.0%) 104 (55.9%)  

Present  367 (37.4%) 200 (35.7%) 85 (36.0%) 82 (44.1%)  

Lung,n (%) 982     0.028 

Absent  855 (87.1%) 494 (88.2%) 210 (89.0%) 151 (81.2%)  

Present  127 (12.9%) 66 (11.8%) 26 (11.0%) 35 (18.8%)  

Peritoneum,n (%) 982     <0.001 

Absent  729 (74.2%) 404 (72.1%) 162 (68.6%) 163 (87.6%)  

Present  253 (25.8%) 156 (27.9%) 74 (31.4%) 23 (12.4%)  

Lymph.nodes 982     <0.001 

Absent  139 (14.2%) 39 (7%) 23 (9.7%) 77 (41.4%)  

Present  843 (85.8%) 521 (93%) 213 (90.3%) 109 (58.6%)  

Metastasis.number,n 
(%) 

982     0.311 

≤3  885 (90.1%) 507 (90.5%) 207 (87.7%) 171 (91.9%)  

＞3  97 (9.9%) 53 (9.5%) 29 (12.3%) 15 (8.1%)  

Surgery 982     <0.001 

None  574 (58.5%) 358 (63.9%) 137 (58.1%) 79 (42.5%)  

Pre-chemotherapy 
surgery 

 286.0 (29.1%) 150.0 (26.8%) 67.0 (28.4%) 69.0 (37.1%)  

Post-chemotherapy 
surgery 

 122.0 (12.4%) 52.0 (9.3%) 32.0 (13.6%) 38.0 (20.4%)  

Immunotherapy,n (%) 982     <0.001 



  Dataset   

Variable N Overall1 Train set1 Internal set1 External set1 P-value2 

First-line  787 (80.1%) 492 (87.9%) 206 (87.3%) 89 (47.8%)  

Subsequent-line  195 (19.9%) 68 (12.1%) 30 (12.7%) 97 (52.2%)  

Chemotherapy,n (%) 982     <0.001 

Oxaliplatin plus  

fluorouracil 

 591 (60.2%) 387 (69.1%) 166 (70.3%) 38 (20.4%)  

Abraxane-based  243 (24.7%) 132 (23.6%) 52 (22%) 59 (31.7%)  

Other  148 (15.1%) 41 (7.3%) 18 (7.6%) 89 (47.8%)  

Anti-angiogenic drug,n 
(%) 

982     0.019 

None  835 (85.0%) 487 (87.0%) 202 (85.6%) 146 (78.5%)  

Yes  147 (15.0%) 73 (13.0%) 34 (14.4%) 40 (21.5%)  

Efficacy,n (%) 982     <0.001 

PD  207 (21.1%) 86 (15.4%) 38 (16.1%) 83 (44.6%)  

Non-PD  775 (78.9%) 474 (84.6%) 198 (83.9%) 103 (55.4%)  

HB,Mean ± SD 982 109.47 ± 42.43 108.80 ± 49.85 106.64 ± 35.49 115.06 ± 19.84 0.343 

LN,Mean ± SD 982 1.43 ± 0.68 1.47 ± 0.77 1.43 ± 0.52 1.29 ± 0.50 <0.001 

WBC,Mean ± SD 982 12.43 ± 25.81 13.98 ± 29.01 13.08 ± 27.13 6.92 ± 4.04 0.788 

LDH,Mean ± SD 982 215.98 ± 
184.22 

209.36 ± 192.20 217.51 ± 
169.65 

233.99 ± 
177.00 

0.234 

NLR,Mean ± SD 982 3.45 ± 2.99 3.27 ± 2.89 3.44 ± 2.76 4.01 ± 3.48 <0.001 

PLR,Mean ± SD 982 199.38 ± 
160.74 

190.15 ± 115.37 195.02 ± 
120.35 

232.70 ± 
277.47 

0.042 

LIPI 982     0.158 

0  544 (55.4%) 306 (54.6%) 125 (53%) 113 (60.8%)  

1  369 (37.6%) 212 (37.9%) 90 (38.1%) 67 (36.0%)  

2  69 (7.0%) 42 (7.5%) 21 (8.9%) 6 (3.2%)  



  Dataset   

Variable N Overall1 Train set1 Internal set1 External set1 P-value2 

PAR,Mean ± SD 982 6.67 ± 3.13 6.73 ± 3.25 6.71 ± 3.14 6.45 ± 2.73 0.746 

HALP,Mean ± SD 982 29.45 ± 24.61 30.45 ± 28.29 28.44 ± 19.73 27.70 ± 17.11 0.917 

PNI,Mean ± SD 982 44.88 ± 6.21 44.94 ± 6.36 44.64 ± 5.94 45.02 ± 6.11 0.538 

CEA,Mean ± SD 982 124.95 ± 
877.18 

79.65 ± 767.36 140.82 ± 
933.89 

241.18 ± 
1,083.00 

<0.001 

CA199,Mean ± SD 982 870.64 ± 
5,096.82 

915.26 ± 
5,122.06 

868.51 ± 
6,220.55 

738.99 ± 
3,049.74 

0.264 

CA724,Mean ± SD 982 59.60 ± 194.32 60.76 ± 209.37 50.12 ± 183.95 68.15 ± 156.82 <0.001 

1 Categorical variables are presented as n (%), continuous variables as mean ± standard deviation (Mean ± SD) 

2 Comparisons among three cohorts: Chi-square test or Fisher’s exact test for categorical variables; Kruskal-Wallis H test for 
continuous variables. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table2. C-indexes of seven machine learning survival models for OS and PFS in 

training, internal, and external validation sets 

C-index of overall survival models C-index of progression free survival models 

 

 Train set Internal 

set 

External 

set 

Average 

 

Train set Internal 

set 

External 

set  

Average 

 



XGBoost 0.721 0.688 0.642 0.683 0.701 0.667 0.677 0.678 

GBM 0.706 0.677 0.658 0.680  0.694 0.659 0.673 0.672 

LASSO 0.658 0.681 0.663 0.668  0.658 0.653 0.708 0.673 

CoxBoost 0.658 0.681 0.663 0.667  0.658 0.653 0.693 0.668 

plsRcox 0.658 0.680 0.662 0.667 0.659 0.654 0.684 0.666 

survival-SVM 0.769 0.613 0.616 0.674  0.784 0.634 0.458 0.625 

SuperPC 0.637 0.662 0.673 0.657  0.608 0.602 0.548 0.586 

 

 

 

Figure1.Flowchart of patient selection process 



 

Figure2. Venn diagram of prognostic features from four screening strategies: 
Univariate-Cox OS, Univariate-Cox PFS, LASSO-Cox OS, LASSO-Cox PFS. 

 

Figure3A-F. Time-dependent receiver operating characteristic (ROC) curves of the 
XGBoost-based prognostic model for predicting overall survival (OS) and 
progression-free survival (PFS). (A–C) ROC curves for 1-, 2-, and 3-year OS 



prediction in the training (A), internal validation (B), and external validation (C) sets. 
(D–F) ROC curves for 3-, 6-, and 12-month PFS prediction in the training (D), 
internal validation (E), and external validation (F) sets. 

 

Figure4A-F. Kaplan-Meier survival curves for overall survival (OS) and 
progression-free survival (PFS) stratified by risk group in different cohorts. (A–C) 
Kaplan-Meier curves for OS in the training (A), internal validation (B), and external 
validation (C) cohorts. (D–F) Kaplan-Meier curves for PFS in the training (D), 
internal validation (E), and external validation (F) cohorts. 



 

Figure5A-D. Identification and characterization of molecular subtypes using K-means 
clustering based on prognostic features. (A) Elbow method plot showing the 
within-cluster sum of squares (WSS) versus the number of clusters, with the optimal k 
= 2 determined at the "elbow" point. (B) Radar chart showing the standardized 
expression patterns of the top 5 most discriminative features (WBC, PNI, CA724, 
treatment efficacy, and immunotherapy status) between the two clusters (Subtype 1 vs. 
Subtype 2). (C-D) PCA plots visualizing patient clustering patterns according to (C) 
progression-free survival (PFS) status and (D) overall survival (OS) status.  



 

Figure5E-H. Kaplan-Meier survival curves comparing overall survival (OS) and 
progression-free survival (PFS) between the two patient subtypes. (E, F) OS curves 
for the discovery cohort (E) and external validation cohort (F). (G, H) PFS curves for 
the discovery cohort (G) and external validation cohort (H). 
 



 

Figure6A-D. SHAP analysis was performed to quantify and visualize the contribution 
of each feature to the model’s predictions for OS. (A) Bar plot showing the mean 
absolute SHAP values for OS prediction. (B) Beeswarm plot displaying SHAP values 
for OS prediction. Each point represents a patient, colored by feature value, showing 
the direction and magnitude of each feature’s effect on model output. (C) SHAP force 
plot illustrating feature contributions to the predicted OS risk for a representative 
patient. (D) Waterfall plot decomposing the SHAP values for the same patient, 
quantifying the contribution of each feature to the final prediction score of OS. 
Positive SHAP values indicate increased risk of mortality, while negative SHAP 
values represent protective effects against mortality. 
 

 



 

Figure6E. Nonlinear effects and feature interactions in the prognostic model revealed 
by SHAP dependence plots for OS prediction. 

 
Figure6F-I. SHAP analysis was performed to quantify and visualize the contribution 
of each feature to the model’s predictions for PFS. (F) Bar plot showing the mean 
absolute SHAP values for PFS prediction. (G) Beeswarm plot displaying SHAP 
values for PFS prediction. Each point represents a patient, colored by feature value, 



showing the direction and magnitude of each feature’s effect on model output. (H) 
SHAP force plot illustrating feature contributions to the predicted PFS risk for a 
representative patient. (I) Waterfall plot decomposing the SHAP values for the same 
patient, quantifying the contribution of each feature to the final prediction score of 
PFS. Positive SHAP values indicate increased risk of disease progression, while 
negative SHAP values represent protective factors against progression. 
 

 

Figure6J. Nonlinear effects and feature interactions in the prognostic model revealed 
by SHAP dependence plots for PFS prediction. 
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