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through SHAP analysis. Experimental validation confirmed overexpression of PNPT1
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based Shiny app was developed to support clinical risk stratification. These findings
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1 Background
Gastric cancer (GC) remains a significant global health challenge, ranking as the fifth
most common malignancy and the fourth leading cause of cancer-related mortal-
ity worldwide [1]. The disease exhibits marked geographic variations, with the high-
est incidence rates observed in East Asia, Eastern Europe, and South America, where
it accounts for roughly 1 in 12 cancer-related deaths [2]. Despite advances in surgical
interventions, chemotherapy, targeted therapies, and immunotherapy, the five-year sur-
vival rate for GC lingers at 30—40%, largely attributable to late-stage diagnoses, tumor
heterogeneity, and limited early detection strategies [3, 4]. This underscores the critical
need for reliable biomarkers to enable early identification, risk stratification, and person-
alized therapeutic approaches.

Cellular senescence, a state of irreversible cell cycle arrest accompanied by a dis-
tinctive senescence-associated secretory phenotype (SASP), plays a dual role in can-
cer biology—acting as a tumor suppressor by halting proliferation while paradoxically
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promoting tumorigenesis through microenvironment remodeling, immune evasion,
and therapy resistance [5]. Emerging evidence links senescence-related pathways to age-
associated diseases, including cardiovascular disorders, neurodegeneration, and various
malignancies. In GC, senescence is increasingly regarded as a factor that contributes to
cancer development, remodels the tumor microenvironment and affects the efficacy of
immunotherapy [6]. Targeting senescence-related markers such as CBX4 demonstrates
therapeutic potential in overcoming chemotherapy resistance and suppressing tumor
progression in gastric cancer [7]. Furthermore, Senescence-associated genes (SAGs) may
influence pathogenesis by modulating mitochondrial function, DNA damage responses,
and inflammatory signaling, yet their specific prognostic and diagnostic utility remains
underexplored [8].

The global aging population exacerbates the burden of age-related diseases, including
cancer, with chronological age serving as an independent risk factor for GC. Traditional
aging biomarkers, such as DNA methylation clocks, inflammatory markers, and micro-
biome profiles, offer insights into biological aging but fall short in capturing cancer-
specific senescence dynamics [9]. High-throughput omics data, combined with artificial
intelligence (AI) techniques like machine learning, provide a promising avenue for iden-
tifying robust SAG signatures [10]. Al-driven models have revolutionized age prediction
using methylation and imaging datasets. In recent years, significant advancements in
multi-omics data (including single-cell technologies) and systematic computational biol-
ogy algorithms have broadened their potential applications—particularly in areas such
as tumor biomarker prediction [11, 12]. While their application to multidimensional
transcriptomic data in gastric cancer (GC) remains limited.

To bridge these gaps, this study integrates single-cell RNA sequencing (scRNA-seq)
with bulk transcriptomics from GC cohorts to delineate senescence-related gastric can-
cer genes (SGCGs). Employing explainable machine learning, we developed a predictive
model that correlates SGCGs expression with clinical outcomes, offering mechanistic
insights into senescence-driven GC progression and a translational tool for risk assess-
ment. This approach not only enhances understanding of senescence in GC but also sup-
ports precision medicine by outperforming conventional markers.

2 Material and method

2.1 Single-cell RNA sequencing analysis

Single-cell RNA sequencing data were obtained from the GEO database (accession num-
ber: GSE183904). We specifically isolated specimens’ data from GSE183904 annotated
with "Primary Normal" and "Primary Tumor" samples. Data preprocessing included
quality control, normalization, and batch effect correction. Downstream analysis was
performed using the Seurat R package. High-quality cells were retained with mitochon-
drial gene content below 20% and expressing between 200 and 7000 genes. The "Log
Normalize" method was applied for normalization, and the top 3000 highly variable
genes were identified. Dimensionality reduction was performed using Principal Com-
ponent Analysis (PCA), followed by Uniform Manifold Approximation and Projection
(UMAP) visualization based on the top 30 principal components. Cell clustering was
conducted using the "FindClusters" function (resolution parameter=0.8). Cell type

annotation was performed based on canonical marker genes.
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2.2 GEO transcriptomic microarray analysis

Bulk transcriptomic datasets (GSE26942, n=217 and GSE27342, n=160) were down-
loaded from the GEO database, including 377 gastric cancer samples and matched
healthy controls. Data normalization and differential expression analysis were per-
formed using the limma R package, with batch effect correction by algorithm. Differen-
tially expressed genes (DEGs) were identified using thresholds of | Fold Change|>1.5 and
adjusted p-value <0.05. Heatmaps and volcano plots were generated using the pheatmap
and ggplot2 packages, respectively. A part of GSE26942 (20%) was separated out as an
internal test set before model training. For robust validation of our predictive model, we
conducted independent external validation cohorts sourced from two well-established
gastric cancer datasets: GSE54129 (n=132) and GSE66229 (n =400).

2.3 Weighted gene co-expression network analysis (WGCNA)

A gene co-expression network was constructed using the WGCNA R package. Before
WGCNA, we applied a variance filter (data=data [apply(data,1,sd)>0.5,]) to remove
genes with very low variability across samples. The soft threshold power was determined
using the scale-free topology fit index (R?>0.9). An adjacency matrix was constructed
and transformed into a topological overlap matrix (TOM). Average linkage hierarchical
clustering was employed to identify gene modules. Correlations between each module
and gastric cancer phenotypes were calculated, and module genes significantly associ-
ated with GC were selected for further analysis.

WGCNA was performed on the training set expression matrix containing all genes
(after filtering out those with low variance, SD <0.5). Module detection was carried out
using the automatic network construction function with a soft-threshold power of 10.
Modules significantly correlated with gastric cancer (|cor|>0.3, p<0.05) were selected,
and all genes within these modules were extracted for downstream analysis. The Venn
diagram was constructed using three independent gene sets: (i) significantly differen-
tially expressed genes (DEGs) identified by limma, (ii) genes from the gastric-can-
cer-associated WGCNA modules, and (iii) an external senescence-associated gene set
(ASG).

2.4 Integration of senescence-associated gene datasets

Senescence-associated genes (SAGs) were systematically curated from two princi-
pal databases: CellAge [13—15] and SenMayo [16]. Gene symbols were extracted from
each database (Gene symbol column for CellAge; Gene(human) column for SenMayo)
and merged into a non-redundant union set using the unique() function in R (v4.2.1) to
eliminate duplicates. This combined SAG list (termed ASG hereafter) was subsequently
intersected with differentially expressed genes (DEGs) and WGCNA module genes to
identify senescence-associated gastric cancer genes (SGCGs). No additional filtering was
applied to resolve inter-database discrepancies, ensuring maximal inclusivity of senes-
cence-related signals (Supplementary Table 1).

2.5 KEGG and GO enrichment analysis

Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway
enrichment analyses were performed using the clusterProfiler R package. Significantly
enriched terms were identified with p-value <0.05 and false discovery rate (FDR)<O0.1.
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Results were visualized using the ggplot2 package, including dot plots, circle plots, and
bar plots to display significantly enriched biological processes, molecular functions, and
cellular components.

2.6 Machine learning feature engineering and model construction

A machine learning pipeline was established using the caret framework in R (version
4.1.3). The training set (merged GSE26942 and GSE27342 after batch correction) was
first standardized using z-score normalization. An 80:20 stratified split was applied to
create training and internal test sets, preserving the proportion of gastric cancer and
control samples. Model performance was evaluated using repeated tenfold cross-val-
idation (3 repeats) with the area under the receiver operating characteristic curve
(AUC-ROC) as the primary optimization metric.

A systematic evaluation of 101 machine learning algorithm combinations was per-
formed, including Random Forest (RF), Extreme Gradient Boosting (XGBoost), Sup-
port Vector Machine (SVM), Logistic Regression (LR), as well as ensemble methods
and additional algorithms (Lasso, PLS, LDA, Decision Tree, CatBoost, Light GBM). For
each algorithm, hyperparameters were optimized exclusively on the training set using a
combination of grid search (for small parameter spaces) and random search (for larger
spaces) with up to 50 random combinations.

The hyperparameter search ranges for key algorithms were as follows:

XGBoost: nrounds (50-150), max_depth (3-7), eta (0.01-0.3), gamma (0-0.2), col-
sample_bytree (0.6—1.0), min_child_weight (1-5), subsample (0.6—1.0).

Random Forest: mtry (2—20)Lasso (glmnet): alpha fixed at 1 (Lasso), lambda automat-
ically selected over 100 values.

CatBoost: iterations (100-500), depth (4—8), learning_rate (0.01-0.1).

LightGBM: num_leaves (15-63), max_depth (5-10), learning_rate (0.01-0.1), feature_
fraction (0.6—1.0).

After tuning, the best-performing models were selected based on cross-validated AUC.
An ensemble model combining RF and XGBoost (soft voting) was constructed to
improve predictive robustness. Final model performance was assessed on the held-out
internal test set and two independent external validation cohorts (GSE54129, GSE66229)
using AUC-ROC, accuracy, sensitivity, and specificity.

2.7 SHAP interpretability analysis and feature importance ranking

The fastshap R package was employed to perform SHAP (Shapley Additive exPlanations)
analysis for interpreting machine learning model predictions and addressing the "black-
box" issue, which quantifying both the magnitude and directional impact (positive/
negative contribution to GC prediction probability) of each feature. Global SHAP val-
ues represented the mean absolute influence across all samples, while local explanations
visualized instance-specific effects. Biologically, positive SHAP values indicate the gene's
elevated expression increases gastric cancer likelihood, whereas negative values suggest
protective effects. Feature importance ranking was determined by mean absolute SHAP

values.
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2.8 Cell culture and western blot analysis

Human gastric mucosal epithelial cells (GES-1) and gastric carcinoma cells (HGC-27)
were cultured under standard conditions. Total protein was extracted and quantified
using the BCA method. Equal amounts of protein samples were separated by SDS-PAGE
and transferred to PVDF membranes. After blocking with 5% skim milk, membranes
were incubated overnight at 4 °C with primary antibodies against PNPT1 (Servicebio,
GB111520-100, 1:1000 dilution) and ACTIN (Servicebio, GB11001-100, 1:5000 dilu-
tion). After TBST washing, membranes were incubated with horseradish peroxidase-
conjugated secondary antibodies (1:5000 dilution) for 2 h at room temperature. Protein
bands were detected using ECL chemiluminescence, and grayscale analysis was per-
formed using Image] software.

2.9 Shiny-based interactive web application development

A web-based prediction platform was developed using the R Shiny framework (http
s://lixiaobogc.shinyapps.io/Aging_GC_Prediction_System/). The front-end interface
included sliders for gene expression level input, risk prediction result display, and histor-
ical record query modules. The back-end integrated the trained machine learning model
for real-time gastric cancer risk probability calculation. QR code generation technology
was implemented to enable cross-device access, with compatibility for electronic medi-
cal record system integration.

2.10 Statistical analysis
All statistical analyses were performed using R software (version 4.1.3). For comparisons
of continuous variables between two groups, Student's t-test (for normally distributed
data) or Wilcoxon rank-sum test (for non-normal distributions) was applied, as appro-
priate. Statistical significance was defined as p<0.05, and multiple testing corrections
were performed using the false discovery rate (FDR) method (Benjamini—Hochberg
procedure) where indicated. Differential expression analysis between gastric cancer and
control samples was conducted using the limma package, with moderated t-statistics and
empirical Bayes smoothing; resulting p-values were adjusted by FDR. In weighted gene
co-expression network analysis (WGCNA), Pearson correlation coefficients between
module eigengenes and clinical traits were computed, and their significance was evalu-
ated using Student's t-distribution (corPvalueStudent). For single-cell RNA-seq data, dif-
ferences in senescence module scores between tumor and normal epithelial cells were
assessed with the two-sided Wilcoxon rank-sum test. Receiver operating characteristic
(ROC) curve analysis was performed using the pROC package. Area under the curve
(AUC) values were reported as descriptive measures of discriminative ability. When
comparing the predictive performance of multiple machine-learning models, pairwise
AUC differences were tested for statistical significance using the DeLong test (imple-
mented in pROC).

Data visualization was carried out using R packages including ggplot2, pheatmap,
ComplexHeatmap, and ggvenn. All statistical tests were two-tailed unless otherwise
specified.
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3 Results

3.1 Single-cell transcriptomics reveals elevated senescence-associated gene signatures in
gastric cancer epithelium

After collecting and analyzing single-cell RNA sequencing data (GSE183904) from
human gastric cancer tissues and healthy controls (Fig. 1A), a standardized processing
pipeline (encompassing data acquisition, quality control assessment, mitochondrial gene
filtering, and dimensionality reduction visualization) was applied, ultimately yielding 23
distinct cell clusters (Fig. 1B). Subsequently, we performed cell type annotation based
on canonical marker genes, successfully identifying Mast cells, Fibroblasts, Chief cells,
Macrophages, B cells, T cells, Epithelial cells, and Endothelial cells. We then conducted
dimensionality reduction visualization for these fundamental cell-type populations
(Fig. 1C-D).

Analysis of sample origins revealed that tumor tissues exhibited higher infiltration
of immune cells and epithelial-derived tumor cells, along with fewer normal chief cells
and fibroblasts (Fig. 1E, Figure S1A-D). Comparative analysis of cell type proportions
revealed significantly higher canonical senescence marker CDKNI1A in gastric cancer
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Fig. 1 Single-cell transcriptomics of senescence in gastric cancer epithelium. A Single-cell workflow diagram il-
lustrating tissue sampling, single-cell suspension preparation, library construction, and bioinformatics analysis. B
UMAP visualization showing basic clustering and density patterns in gastric cancer versus healthy control. C Dot
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epithelial cells, suggesting a potential role of cellular senescence in gastric carcinogen-
esis (Fig. 1F).

3.2 Transcriptomic sequencing identifies senescence-associated feature genes in gastric
cancer

To further investigate gene alterations during gastric cancer progression, we performed
a systematic integrative analysis of transcriptomic datasets (GSE26942 and GSE27342)
with 377 gastric cancer samples and matched healthy controls. The standardized analyti-
cal pipeline included: data retrieval, batch effect correction, normalization, differential
expression analysis, and gene module analysis (Fig. 2A, Figure S2A-D). Heatmap and
volcano plot analyses revealed significant transcriptional differences between healthy
and gastric cancer tissues (Fig. 2B). Using weighted gene co-expression network anal-
ysis (WGCNA), we identified 27 distinct gene expression modules. Among these, two
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modules (MEtan and MEmagenta modules) showed strong phenotypic correlations with
gastric cancer characteristics (Fig. 2C, Figure S2E-F). Through systematic curation of
aging-related gene sets (ASGs) and intersection analysis with gastric cancer differentially
expressed genes (DEGs) and WGCNA module genes, we further pinpointed over 60
Senescence-associated Gastric Cancer Genes (SGCGs) (Fig. 2D). Pathway enrichment
analysis revealed that senescence-associated gastric cancer genes (SGCGs) were pre-
dominantly enriched in mitochondrial biological processes (Fig. 2E-F).

3.3 Machine learning-powered feature engineering pinpoints core senescence-driving
oncogenes in gastric carcinogenesis

Building upon our initial set of senescence-associated gastric cancer genes (SGCGs), we
employed machine learning-based feature selection to identify core driver genes. We
established a machine learning pipeline comprising data standardization, train-test split-
ting, and batch model testing (Fig. 3A). Our analysis revealed partially overlapping fea-
ture parameters across different models (Fig. 3B-C). To address this issue, we performed
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dual importance ranking and visualized the expression patterns of these parameters
within each model. Ultimately, we selected the top 20 predictive parameters as core
SGCGs driver genes (Fig. 3D).

3.4 Interpretable machine learning constructs an optimal gastric cancer prediction model
based on core SGCGs genes

To establish a robust predictive model, we systematically evaluated 101 machine learn-
ing algorithm combinations for constructing senescence-associated gastric cancer
(SAGC) prediction models (Fig. 4A). Through comprehensive benchmarking involving
classification performance tests and ROC analysis, the RF-XGBoost ensemble demon-
strated superior predictive accuracy (mean ROC =0.841, with individual genes reaching
maximum ROCs of 0.936) (Fig. 4B-D). The final model incorporated all 20 top-ranking
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parameters, which maintained exceptional predictive performance across both internal
test sets and external validation cohorts (Fig. 4E). SHAP (SHapley Additive exPlanations)
analysis further elucidated individual gene contributions, revealing PNPT1 emerged as
the highest-impact risk factor (consistently positive SHAP values). SHAP analysis bio-
logically contextualized these predictions by quantifying both effect sizes and directions.
The beeswarm plot's horizontal dispersion further revealed expression-dependent effect
modulation, where stronger PNPT1 overexpression correlated with disproportionately
higher risk predictions (Fig. 4F).

3.5 Validation of core SGCGs and experimental confirmation of PNPT1

To substantiate the generalizability of the identified core senescence-associated gastric
cancer genes (core SGCGs), we initially conducted validation studies utilizing single-cell
transcriptomic datasets. These analyses demonstrated that the top 20 genes incorpo-
rated in our predictive model exhibited statistically significant overexpression in gastric
epithelial tumor cells (Fig. 5A). Subsequent experimental validation efforts employed a
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Aging-Related Genes Early Gastric Cancer Prediction System Aging-Related Genes Early Gastric Cancer Prediction System

Fig. 6 Web-Based predictive system for senescence-associated gastric cancer Risk. A Interface of "Senescence-
associated Gene-based Early Gastric Cancer Prediction System" showing gene expression input. B Interface of
gastric cancer risk predictions. C Interface of historical prediction records. D Output interface displaying risk score,
probability estimates, and system QR code

dual-criterion selection approach, evaluating both gene contribution metrics and mean
absolute SHAP values, which collectively identified PNPT1 as the for further investiga-
tion (Fig. 5B-C). Comparative protein expression analyses were performed using three
biologically relevant cellular models: primary gastric mucosal epithelial cells (GES-1),
immortalized gastric epithelial cells, and HGC-27 gastric carcinoma cells. Western blot
quantification revealed consistent PNPT1 overexpression across malignant cell popula-
tions (fold-change=2.03, p=0.0056 by Student's t-test) (Fig. 5D). Furthermore, immu-
nohistochemical analysis of a cohort with age-related clinical parameters from the HPA
database revealed that PNPT1 was not only highly expressed in gastric cancer but also
exhibited an age-dependent expression trend (Fig. 5E). Single-cell analysis further veri-
fied PNPT1's clustered expression pattern in gastric cancer (Fig. 5F).

3.6 Web-based predictive system using an interpretable machine learning model

To facilitate the clinical translation of our predictive model, we developed an interac-
tive website (https://lixiaobogc.shinyapps.io/Aging GC_Prediction_System/), allowing
users to conveniently input clinical parameters via adjustable sliders and receive instant
risk stratification predictions (Fig. 6A-B). The system automatically archives historical
prediction records for future reference (Fig. 6C). To optimize mobile accessibility, we
implemented QR code functionality for seamless cross-device operation. This platform
is designed for potential integration with electronic medical record systems to support
clinical decision-making in real-world healthcare settings (Fig. 6D).

4 Discussion

In this comprehensive study, we employed an integrated multi-omics approach com-
bining single-cell transcriptomics, bulk RNA sequencing, machine learning algorithms,
experimental validation, and web-based tool development to systematically explore,
screen, and validate core senescence-associated gastric cancer genes (SGCGs). The
established predictive model was subsequently translated into a clinically applicable
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web-based decision support tool designed to facilitate risk assessment and therapeutic
decision-making in gastric cancer management.

Accurate and comprehensive evaluation and prediction tools are essential for inform-
ing treatment decisions and prognostic assessments in patients with early-stage gastric
cancer (GC) [17]. Currently, there is no unified consensus on biomarkers for GC predic-
tion, and while previous risk prediction tools for GC exist, their integration into clinical
practice remains limited due to issues such as lack of validation across diverse popu-
lations and insufficient sensitivity for early detection [17-21]. The biological process
of senescence in tumor initiation and progression remains incompletely understood.
Recent research highlights the association between GC progression, and cellular senes-
cence. Studies by Gu et al. have identified that compromised mitochondrial homeosta-
sis can induce senescence and lead to the generation of antineoplastic oxidative stress,
which showing senescence -induced new avenues for the treatment of GC [7, 22]. Given
that age is an independent risk factor for senescence, we explored senescence gene
expression patterns from this perspective to elucidate their role in GC development.
Prior literature has demonstrated associations between senescence and other malignan-
cies, such as colorectal and breast cancers, where senescence-related genes contribute to
therapy resistance and metastatic potential [8, 23-27].

In the exploration of biomarkers, traditional differential expression analysis is inad-
equate for handling the explosion of multidimensional sequencing data [28, 29]. Inte-
grative approaches combining bulk and single-cell transcriptomics are emerging as
a transformative paradigm for biomarker discovery [11, 12], particularly in oncol-
ogy research, where systematic application of advanced computational biology tools is
becoming essential [30, 31].The adoption of more sophisticated feature identification
methodologies has thus gained critical importance. In this study, machine learning-
based feature engineering played a pivotal role by enabling the systematic selection of
core SGCGs from high-dimensional datasets. Through algorithms like random forest
and XGBoost, we prioritized genes based on importance scores, reducing noise and
identifying predictive features that traditional methods might overlook. This approach
not only enhanced model interpretability via SHAP values but also improved generaliz-
ability across datasets, as evidenced by high AUROC scores in both internal and external
validations [28, 29, 32, 33].

Our feature gene set includes numerous genes related to cell cycle regulation, DNA
synthesis/degradation, and genomic stability. For instance, CDCA2 (cell division cycle
associated 2) has been implicated in promoting cell proliferation and tumorigen-
esis across various cancers, including hepatocellular carcinoma and colorectal cancer,
where its overexpression correlates with poor prognosis and resistance to apoptosis by
modulating pathways like PI3K/AKT [34-36]. Mitochondria are regarded as promis-
ing therapeutic targets in cancer treatment [37]. Similarly, PNPT1 (polyribonucleotide
nucleotidyltransferase 1), a mitochondrial RNA-degrading enzyme, is upregulated in GC
and other tumors, contributing to metabolic reprogramming and cisplatin resistance by
enhancing mitochondrial oxidative phosphorylation and inhibiting apoptosis [38, 39].
GTSE1 (G2 and S-phase expressed 1), a microtubule-associated protein, facilitates cell
migration and invasion in cancers such as prostate and breast, often via EMT promo-
tion and correlation with advanced clinical stages, making it a marker for metastasis
and poor survival [40, 41]. While our western blotting validation confirmed PNPT1's
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overexpression in gastric cancer tissues, the functional mechanisms of PNPT1 in GC
pathogenesis extend beyond the scope of this diagnostic modeling study. Nevertheless,
we recognize the critical importance of elucidating its mechanistic roles to facilitate
clinical translation. Future investigations should prioritize.

This study has several limitations. First, the validation cohorts could be expanded in
size and diversity to further support the robustness of the core gene set across global
populations. Second, experimental validations were conducted in limited cell lines,
warranting broader testing in additional models, including patient-derived organoids.
Therefore, more extensive clinical trials are needed to continually refine the predictive
efficacy of the core gene set.

In summary, we constructed and validated a senescence feature-based GC-related
gene prediction model for early GC prediction, which serves as a simple and convenient
tool for early GC detection.

5 Conclusions

In conclusion, this study successfully integrates multi-omics data and explainable
machine learning to identify and validate a signature of senescence-related genes
(SGCGs) as robust diagnostic biomarkers for gastric cancer. We delineated the land-
scape of cellular senescence within the gastric tumor microenvironment at single-cell
resolution and pinpointed a core set of 20 SGCGs, with PNPT1 emerging as a key driver.
The developed RF-XGBoost ensemble model demonstrated high predictive accuracy,
which was further substantiated by experimental validation confirming the overexpres-
sion and age-associated progression of PNPT1 in GC. The translation of these findings
into a user-friendly, web-based Shiny application provides a practical tool for GC risk
assessment, bridging the gap between computational discovery and clinical application.
Our work not only underscores the critical role of senescence-related pathways in gas-
tric carcinogenesis but also offers a novel, interpretable, and translatable framework for
the early detection and personalized management of gastric cancer.
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