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Our study aimed to explore the effect of cellular senescence and to find potential therapeutic strategies for gastric cancer. Cellular senescence-related genes were acquired from the CellAge database, while gastric cancer data were obtained from GEO and TCGA databases. SMARCA4 had the highest mutation frequency (6%), and it was linked to higher overall survival (OS) and progression-free survival (PFS). The gastric cancer data in TCGA database served as a training set to construct a prognostic risk score signature, and GEO data were used as a testing set to validate the accuracy of the signature. Patients with the low-risk score group had a longer survival time, while the high-risk score group is the opposite. Patients with low-risk scores had higher immune infiltration and active immune-related pathways. The results of drug sensitivity analysis and the TIDE algorithm showed that the low-risk score group was more susceptible to chemotherapy and immunotherapy. Most patients with mutation genes had a lower risk score than the wild type. Therefore, the risk score signature with cellular senescence-related genes can predict gastric cancer prognosis and identify gastric cancer patients who are sensitive to chemotherapy and immunotherapy.
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INTRODUCTION
Nowadays, cancer is the primary cause of threat to human health (Bray et al., 2021). It ranked fifth in incidence and fourth in mortality worldwide, while the number of GC diagnosed in 2020 was more than 1 million and the number of deaths was more than 700,000 (Sung et al., 2021). There are various treatments for GC, such as surgery, radiotherapy, targeted therapy, and immunotherapy (Joshi and Badgwell, 2021). Currently, early-stage GC is mainly treated by surgical resection (Eusebi et al., 2020). It was found that early-stage GC treated by surgery has a 5-year survival probability above 60%, but late-stage GC is only between 18% and 50% (Sexton et al., 2020). Moreover, the appearance of resistance to chemotherapy drugs has greatly reduced the effectiveness of chemotherapy (Zhang et al., 2022). Therefore, a new therapeutic strategy is urgently needed to improve this situation.
Cellular senescence is an irreversible way of cell proliferation cessation. It not only stops the cell division cycle but also activates the senescence-associated secretory phenotype (SASP), which affects the cellular metabolism (Birch and Gil, 2020). Cellular senescence is a Jekyll and Hyde phenomenon, that is, both beneficial in inhibiting the division of DNA-damaged cells to form tumors and deleterious due to the promotion of cancer cell invasion and distant metastasis, especially in cells with stronger SASP (Coppé et al., 2008; Demirci et al., 2021; Yasuda et al., 2021). Studying the effect of cellular senescence in GC could help develop a new approach to cancer therapy (Zhou et al., 2022). Therefore, the study of cellular senescence in GC is crucial.
Machine-learning-derived signatures are useful in predicting cancer prognosis and guiding immunotherapy (Liu Z et al., 2021; Liu et al., 2022a; Liu et al., 2022b). In the study, we constructed a cellular senescence prognostic risk score signature by analyzing the role of cellular senescence in GC. The signature can independently predict GC patients’ prognosis and effectively differentiate patients who are more sensitive to chemotherapy and immunotherapy. The findings of this study may provide new strategies for exploring the therapy of GC.
METHODS
Acquisition of Gastric Cancer Samples and Cellular Senescence-Related Genes
The process diagram is shown in Supplementary Figure S1. We acquired transcriptome data, clinical information, and mutation information of GC from TCGA databases. The gene symbol ID was translated to gene name in transcriptome data. Tumor mutation load (TMB) was calculated. TMB refers to how many bases per million bases are mutated. The platform file (GPL6947) and probe matrix file (GSE84437) were extracted from GEO. The correspondence between the probe matrix and gene names was found according to the platform file annotation information. The probe matrix was converted to a gene matrix to obtain the expression of each gene. Cellular senescence-related genes were downloaded from CellAge. A total of 279 cellular senescence-related genes were included in this study (Supplementary Table S1).
Identification of Prognostic Differential Genes
Differential analysis was conducted by the “limma” package to select differentially expressed genes (DEGs) in normal samples and tumor samples. DEGs were visualized by drawing heat maps and volcano maps. Next, we also extracted the expression of DEGs. Expression data and survival data were merged. Prognostic-associated genes were identified based on univariate Cox analysis. The waterfall plot of prognostic genes was plotted by the “maftools” package to obtain the mutation frequency of each gene.
Constructing and Validating a Prognostic Signature
TCGA data were used as a training set to construct the prognostic model, and GEO data served as a testing set to validate the model accuracy. Formula: riskscore = ∑i1(Coefi∗ExpGenei). “Coef,” regression coefficient; “ExpGene,” gene expression. The risk score was acquired for each sample based on the model formula. Training and testing sets were separated into two groups of high and low risk according to the median risk score. Principal component analysis (PCA) was performed to demonstrate the accuracy of distinguishing the two groups based on the signature. The survival difference in the two groups was compared by Kaplan–Meier analysis. The predictive accuracy of the signature was evaluated by plotting ROC curves using the “survivalROC” package. The signature was explored as an independent prognostic factor by univariate and multivariate Cox analyses. The “ggpubr” package was employed to investigate the differences in risk scores among clinical features. Immunotyping analysis was conducted to explore whether risk scores were different among different immunotypes.
Development of a Nomogram
By using “regplot” and “rms” packages, nomogram and calibration curves were developed. Total points were obtained based on summing the scores of the clinical characteristics in the nomogram to predict patients’ survival. We also used the “timeROC” package to draw ROC curves to compare the accuracy of the nomogram and clinical characteristics in predicting survival. Then, we confirmed whether the nomogram could be used as an independent predictor of prognosis based on univariate and multivariate Cox analyses. C-index curves were constructed using the “survcomp” package.
Exploring the Association Between Risk Scores and Immunotherapy
Immune cell infiltration analysis was undertaken to acquire the immune cell content of each sample (Supplementary Table S2). “reshape2” and “ggpubr” packages were performed to observe immune cell differences and immune-related functional differences between different risk groups. The “GSVA” package was applied to explore the functional or pathway differences between different risk groups. We acquired the reference gene set “c2.cp.kegg.v7.1.symbols” from the Molecular Signature Database (https://www.gsea-msigdb.org/gsea/msigdb). The samples were categorized into mutation and wild type based on the gene mutation status. The difference in risk scores between mutation and wild type was observed by plotting box plots with the “ggpubr” package. Drug sensitivity analysis was conducted by the pRRophetic package (https://www.cancerrxgene.org/) to investigate IC50 (the half-maximal inhibitory concentration) differences between high- and low-risk groups. We also used the TIDE (http://tide.dfci.harvard.edu/) algorithm to predict the response of different risk groups to immunotherapy.
Enrichment Analysis of Differentially Expressed Genes
The expression differences of cellular senescence-related genes in tumor and normal samples were further analyzed by the “limma” package. We also conducted GO and KEGG enrichment analyses for DEGs with the “clusterProfiler” package.
Construction of the Protein–Protein Interaction Network
A PPI network (interaction score >0.70) was constructed using the STRING database (https://string-db.org/). PPI network data were further processed using Cytoscape software (https://cytoscape.org/). The plugin cytoHubba was applied to explore the hub genes of DEGs. “limma” and “beeswarm” packages were used to investigate the differentially expressed hub genes in normal and tumor tissues. The samples were categorized into high- and low-expression groups based on the median expression values of the hub genes. Survival differences between the two groups were investigated by Kaplan–Meier analysis. Finally, we also explored the differences in the gene expression in immune infiltration and different clinical features.
Statistical Analysis
R 4.1.2 and Strawberry-Perl-5.32.1.1 were employed in this study. p-values less than 0.05 were regarded as statistically significant. Survival differences between different groups were investigated by performing a Kaplan–Meier analysis. The independent predictors of GC were identified by univariate and multivariate Cox analyses. The accuracy of the signature and nomogram in predicting survival was explored by ROC analysis.
RESULTS
Identification of Cellular Senescence-Related Differential Genes
In TCGA data, we identified 135 differential genes by comparing the difference in the expression of cellular senescence-related genes in tumor and normal tissue samples (FDR <0.05 and logFC = 0.585). The heat map (Figure 1A) and volcano map (Figure 1B) visualized the aforementioned results. There were 32 genes significantly hyper-expressed and 103 genes significantly down-expressed in the tumor tissue samples.
[image: Figure 1]FIGURE 1 | Cellular senescence-related differential genes between tumor samples and normal samples. (A) Heat map. (B) Volcano plot. Green, downregulated; red, upregulated.
Construction of a Prognostic Signature
The 24 cellular senescence DEGs associated with GC prognosis were identified through univariate Cox analysis, such as SMARCA4 (Figure 2A). Figure 2B shows the somatic mutations of 24 genes with a mutation frequency of 22.63% (98 out of 433 GC samples showed mutations in cellular senescence-related genes). Of these, SMARCA4 had the highest mutation frequency (6%), while GNG11 and IGFBP6 were not mutated (0%). We also found a significant difference between the high- and low-expression of SMARCA4, and patients with high expression of SMARCA4 were associated with higher overall survival (OS) and progression-free survival (PFS) (Supplementary Figure S2). Interestingly, there was a mutation co-occurrence relationship between SMARCA4 and ZFP36, ITGB4 and TYK2, ITGB4 and NOTCH3, NOTCH3 and PDIK1L, NOTCH3 and TFAP4, TFAP4 and MAPKAPK5, TFAP4 and TYK2, EZH2 and SLC16A7, IGFBP1 and NOX4, and HSPB2 and MAPKAPK5 (Figure 2C). Next, we further identified 24 cellular senescence DEGs associated with gastric cancer prognosis by using the least absolute shrinkage and selection operator (LASSO) Cox regression analysis. A total of 11 genes (AGT, CHEK1, GNG11, IGFBP1, MAPKAPK5, NOX4, SERPINE1, TFDP1, TYK2, USP1, and ZFP36) were identified (Figures 2D,E). Meanwhile, we developed a prognostic risk score signature based on the 11 genes mentioned earlier in the training set (Supplementary Table S3). Formula: risk score = (0.0617318899456387) × AGT + (−0.004416679732613) × CHEK1 + (0.00146582976956934) × GNG11 + (0.027549739978882) × IGFBP1 + (−0.0823743685561005) × MAPKAPK5 + (0.0337754127670565) × NOX4 + (0.184215619451523) × SERPINE1 + (−0.00197579186740112) × TFDP1+ (−0.303214268137102) × TYK2 + (−0.0314400326211636) × USP1 + (0.0400501256934474) × ZFP36 (Supplementary Table S3). We found that the signature could accurately distinguish low-risk and high-risk samples in GC by PCA (Figures 2F,G).
[image: Figure 2]FIGURE 2 | Developing a prognostic signature. (A) Forest plot. The 24 cellular senescence-related genes associated with GC prognosis. (B) Waterfall plot. Mutation frequency of 24 cellular senescence-associated genes. A total of 98 sample mutations have occurred in 433 gastric cancer samples. (C) Mutation co-occurrence and exclusion analysis. Green, co-occurrence; purple, exclusion. (D) LASSO regression coefficients. (E) Identified genes were used to construct a signature. (F) PCA diagram. The high- and low-risk groups were distinguished by cellular senescence-associated genes. Groups marked in blue represent low-risk patients, and groups marked in red represent high-risk patients. (G) PCA plot. The risk score signature genes distinguished high- and low-risk groups of patients with high accuracy.
Validation of Signature Genes in the HPA Database
To investigate the protein expression of the signature genes in normal and gastric cancer tissues, we downloaded immunohistochemical images of gastric cancer tissues and normal tissues from the Human Protein Atlas database (https://www.proteinatlas.org/). We found that MAPKAPK5 and USP1 proteins were highly expressed in gastric cancer tissues, while the ZFP36 protein was lowly expressed in tumor tissues (Supplementary Figure S3).
Predicting Survival With the Risk Score Signature
Through survival curves, we observed longer overall survival (OS) and progression-free survival (PFS) in the low-risk subgroup of the training set (Figures 3A,C). The aforementioned results were confirmed in the testing set (Figure 3B). The results of univariate and multivariate Cox analyses indicated that the risk score signature could be used as an independent prognostic factor for gastric cancer patients independently of other clinical characteristics (Figures 3D,E). The signature was very accurate in predicting survival in patients with gastric cancer, with an area under the ROC curve (AUC) of more than 0.60 for predicting 1-, 3-, and 5-year survival (Figure 3F). We found the largest area under the ROC curve for the risk score (AUC = 0.744), which indicated that the signature predicted survival better than other clinical characteristics (Figure 3G). We further investigated whether there were differences in risk scores across clinical characteristics (age, gender, grade, stage, and TNM stage). We found an increased risk for patients after the T1 stage and no significant change in risk for patients after the T2 stage (Figure 3H). In contrast, there were no significant differences in risk scores for other clinical characteristics (Supplementary Figure S4). Interestingly, we also found no difference in risk scores for immune subtypes (Figure 3I).
[image: Figure 3]FIGURE 3 | Risk score signature predicted prognosis for gastric cancer patients. (A) Overall survival (OS) curves of the high- and low-risk groups in the training set. (B) Overall survival (OS) curves of the high- and low-risk groups in the testing set. (C) Progression-free survival (PFS) curves of the high- and low-risk groups in the training set. (D) Univariate Cox analysis. (E) Multivariate Cox analysis. (F) Area under the ROC curve (AUC) for the risk score signature that predicted 1-year, 3-year, and 5-year overall survival. (G) ROC curves. The area under the ROC curve (AUC) for the risk score was the highest at 0.744. (H) Box plot of the difference in risk score for patients with different T-stages. (I) Box line plot of the difference in the risk score for patients with different immune subtypes.
Development of a Nomogram
We drew a nomogram to predict patients’ survival (Figure 4A). When patients’ total point was 437, the predicted survival rate at 1-year was more than 0.858, the predicted survival rate at 3-year was more than 0.617, and the predicted survival rate at 5-year was more than 0.501. We found that the actual survival rate and predicted survival rate were almost in agreement by observing the calibration curve (Figure 4B). It validated the high accuracy of the nomogram in predicting the survival rate of gastric cancer patients. In addition, we also found the largest area under the ROC curve for the nomogram (AUC = 0.740) (Figure 4C). It implied that the nomogram predicted patients’ survival better than other clinical characteristics. The nomogram was confirmed to be an indicator of independent prognosis by the results of univariate and multivariate Cox analyses (Figures 4D,E). We randomly selected four prognostic signature articles of gastric cancer in the latest 3 years from the PubMed website (https://pubmed.ncbi.nlm.nih.gov/), including Dai’s signature (ITGAV, DAB2, SERPINE1, MATN3, and PLOD2), Liu’s signature (NOX4, NOX5, GLS2, MYB, TGFBR1, NF2, AIFM2, ZFP36, SLC1A4 TXNIP, CXCL2, HAMP, and SP1), Meng’s signature (CGB5, IGFBP1, OLFML2B, RAI14, SERPINE1, IQSEC2, and MPND), and Yin’s signature (GPX3, ABCA1, NNMT, NOS3, SLCO4A1, ADH4, DHRS7, and TAP1) (Meng et al., 2020; Liu SJ et al., 2021; Dai et al., 2021; Yin et al., 2021). To highlight the advantages of the cellular senescence signature, we compared these five signatures, and the results are visualized in Supplementary Figure S5. We found that the cellular senescence signature was the best predictor of prognosis in gastric cancer patients, with a C-index of 0.642.
[image: Figure 4]FIGURE 4 | Constructed a nomogram for predicting survival. (A) Nomogram. (B) Calibration curves. The y-axis is the actual survival rate, and the x-axis is the predicted survival rate. (C) Area under the ROC curve (AUC) of the nomogram. (D) Univariate Cox analysis. (E) Multivariate Cox analysis.
Risk Score Guide Clinical Treatment
Due to the increase in tumor resistance to chemotherapeutic drugs, most patients with gastric cancer currently have poor chemotherapy outcomes. We explored whether risk scores could play a role in chemotherapy. In our study, the risk score was significantly and positively correlated with half-maximal inhibitory concentration (IC50), and the low-risk score group had a lower IC50 value and was more sensitive to 5-FU (Figures 5A,B). By performing GSVA, most of the senescence pathways were found to be more active in the low-risk score group (Figure 5C). The high-risk score group had higher macrophage M2 infiltration, and the low-risk score group had higher B-cell memory and T-cell follicular helper infiltration (Figure 6A). In addition, immune function analysis showed that type_II_IFN_response and parainflammation were more active in the high-risk group, and MHC_class_I was more active in the low-risk group (Figure 6B). It suggested that the low-risk group might be more suitable for immunotherapy. It was confirmed by the TIDE algorithm that patients in the low-risk score group are more suitable for immunotherapy (Figure 6C). The risk score signature constructed using cellular senescence-related genes is a potential biomarker for assessing the clinical response to immunotherapy in gastric cancer patients. We also identified the top 10 mutated genes (TTN, TP53, MUC16, ARID1A, LRP1B, SYNE1, FLG, FAT4, CSMD3, and PCLO), SMARCA4, and ZFP36 in TCGA data (Supplementary Table S4). The samples were classified into mutation and wild types according to the mutation status of the genes. Among them, the mutation type of the six genes (TTN, ARID1A, LRP1B, FLG, FAT4, and PCLO) had lower risk scores (Figure 6D). We also found no difference in risk scores between mutation and wild type of SMARCA4 and ZFP36 (Supplementary Figure S6), so we speculated that co-mutation of SMARCA4 and ZFP36 does not affect the prognosis of gastric cancer.
[image: Figure 5]FIGURE 5 | Risk score-guided chemotherapy. (A) Box plot of IC50 differential analysis for high- and low-risk score groups. (B) Scatter plot of correlation between risk score and IC50. (C) Heat map of the differential analysis of GSVA enrichment between high- and low-risk groups.
[image: Figure 6]FIGURE 6 | Risk score-guided immunotherapy. (A) Box plot of the differential analysis of immune infiltration between the two risk score groups. (B) Box plot of the differential analysis of immune function between two risk score groups. (C) Violin plot of the response to immunotherapy between the two risk fraction groups calculated by the IDE algorithm. (D) Box plot of the differential analysis of the risk score between wild type and mutant type for the top 10 mutated genes in TCGA data.
Differential Gene Enrichment Analysis
We identified 186 differential genes in two risk groups. GO and KEGG enrichment analyses were performed on the differential genes, and the enrichment results were visualized in bubble plots. We found that extracellular matrix organization, extracellular structure organization, and external encapsulating structure organization were significantly enriched in the GO bubble map (Figure 7A), while cytokine–cytokine receptor interaction, protein digestion and absorption, transcriptional misregulation in cancer, and proteoglycans in cancer were significantly enriched in the KEGG bubble plots (Figure 7B).
[image: Figure 7]FIGURE 7 | Differential gene enrichment analysis. (A) GO enrichment analysis bubble map. (B) Bubble plot of KEGG enrichment analysis.
Identification of 10 Hub Genes
The expression profiles of DEGs in two risk score groups were evaluated using the STRING database. PPI networks were constructed (Supplementary Figure S7). By using Cytoscape software, PPI network data were processed and displayed. The interactions of DEGs are shown in Figure 8A. A total of 10 hub genes (FN1, IL6, CXCL8, THBS1, APOA1, FGG, MMP1, AFP, MMP2, and MMP3) of DEGs were identified using Cytoscape plugin cytoHubba and the extent method (Figure 8B). A total of six upregulated genes (FN1, APOA1, CXCL8, MMP1, MMP3, and THBS1) in tumor tissue were identified by the differential analysis of 10 hub genes (Supplementary Figure S8). By further analysis, five hub genes (FN1, APOA1, CXCL8, MMP1, and THBS1) with survival differences were identified (Supplementary Figure S9). Patients with low-expression levels had a better prognosis. We also analyzed the differences in the expression levels of genes in different clinical characteristics. FN1 was significantly more expressed in patients after stage T1 and unchanged in patients after stage T2. The expression levels of FN1 and THBS1 were higher in G3 patients than those in G2 patients (Supplementary Figures S10, 14). The expression levels of APOA1 were higher in G2 patients than those in G3 and in N2 than those in N0 (Supplementary Figure S11). The expression level of CXCL8 was significantly higher in patients over 65 years of age and after stage III (Supplementary Figure S12). The expression level of MMP1 was significantly higher in patients over 65 years of age and in stage IV than that in stage I (Supplementary Figure S13). Finally, we also performed the differential analysis of immune cell infiltration (Supplementary Figure S15). The FN1, APOA1, CXCL8, MMP1, and THBS1 low-expression groups all had higher immune cell infiltration and might be suitable for immunotherapy.
[image: Figure 8]FIGURE 8 | Protein–protein interaction (PPI) network. (A) Cytoscape-treated PPI network. Red, highly expressed DEGs in the high-risk score group; green, highly expressed DEGs in the low-risk score group. (B) CytoHubba identified the top 10 hub genes.
DISCUSSION
Cellular senescence is the result of irreversible cessation of cell division (Gorgoulis et al., 2019). Studies have shown that it can occur in the context of oncogene activation and is involved in tumor suppression (Di Micco et al., 2021). The latest studies have shown that senescent cancer cells have not only antitumor activity but also pro-tumor activity. Cellular senescence can play an essential role in immune surveillance to ensure that senescent cancer cells are eliminated (Prasanna et al., 2021). Nowadays, cellular senescence is emerging as a potentially novel anticancer strategy (Ramu et al., 2021). It could help guide effective anticancer therapy strategies by exploring the cellular senescence patterns of GC.
The main purpose of this study was to discuss the effect of cellular senescence on the prognosis and treatment of GC. We constructed a prognostic risk score signature for cellular senescence-related genes using TCGA data. Patients with low-risk scores had longer survival times, while the opposite was true for patients with high-risk scores. The same results were found in the GEO data. It indicated that the prognostic risk score signature could forecast the GC patients’ prognosis. We also observed that the prognostic risk score signature could be an independent prognostic factor for GC by further Cox analysis. In addition, a nomogram was constructed for predicting gastric cancer patients’ survival. The calibration curve confirmed the predictive accuracy of the nomogram. Encouragingly, the area under the ROC curve (AUC) of the nomogram was significantly higher than other clinical features, especially in traditional TNM stages. It showed that the nomogram has higher accuracy in predicting 1-year, 3-year, and 5-year survival rates of gastric cancer patients than clinical TNM stages. Moreover, the cellular senescence signature had the highest C-index and predicted the best prognosis among other prognosis-related signatures of gastric cancer.
Although chemotherapeutic agents are helpful in the therapy of GC, many GC patients appear resistant to chemotherapy, resulting in poorer chemotherapy outcomes (Wei et al., 2020). Therefore, it is increasingly essential to identify GC patients who are sensitive to chemotherapeutic drugs. According to these reasons, we investigated the differences in clinical response to chemotherapeutic drugs in two risk groups. In our research, GC patients with low-risk scores were more susceptible to 5-FU. It suggested that using the risk score could identify gastric cancer patients who are more suitable for chemotherapy. With the development of technology, more and more therapeutic approaches are available for GC (Hsu and Raufi, 2021). Immunotherapy is an emerging cancer treatment that activates the body’s immune system to clear tumor cells (Kawazoe et al., 2021). The identification of patients with gastric cancer suitable for immunotherapy is particularly critical in the clinical environment. We observed higher immune infiltration levels in the low-risk score group, including B-cell memory and T-cell follicular helpers, and the high-risk score group had higher infiltration levels of macrophage M2 (tumor-promoting cells) (Xia et al., 2020; Overacre-Delgoffe et al., 2021). The results of immune function analysis also showed that high-risk score patients had active immune-related functions “type_II_IFN_response” and “parainflammation,” whereas “MHC_class_I” was more active in the low-risk score group. Previous studies have shown that “type_II_IFN_response” is considered an anticancer immune-related function (Liu M et al., 2020). Interestingly, our findings showed the opposite that “type_II_IFN_response” might promote the development of gastric cancer. The immune-related function “parainflammation” is thought to promote tumor progression, which is consistent with our findings (Aran et al., 2016). The immune-related function “MHC_class_I,” which mainly plays a role in the immunosurveillance of cancer, inhibits the immune escape of tumors and is considered a potential target for cancer immunotherapy (Cornel et al., 2020; Dersh et al., 2021). We speculated that patients with low-risk scores may be suitable for immunotherapy. Next, we demonstrated that low-risk score patients had a low immune escape potential and were more sensitive to immunotherapy using the TIDE algorithm. In conclusion, the prognostic risk score signature with cellular senescence genes not only predicts prognosis but also identifies patients with chemotherapy- and immunotherapy-sensitive gastric cancer. We also analyzed the top 10 mutated genes in the TCGA data. The mutation types of TTN, ARID1A, LRP1B, FLG, FAT4, and PCLO had lower risk scores than the wild type. This meant that patients with mutation types might have a better prognosis and be more suitable for chemotherapy and immunotherapy. We also identified a particular gene SMARCA4. It has the highest mutation frequency (6%), and it is linked to higher overall survival (OS) and progression-free survival (PFS). There was a co-mutation relationship between SMARCA4 and ZFP36. But we found no difference between mutation and wild type in SMARCA4 and ZFP36, so we speculated that co-mutation of SMARCA4 and ZFP36 does not affect the prognosis of gastric cancer.
Because of the significant differences between the two risk groups, it is essential to study the differential genes in depth. We identified 10 hub genes (FN1, IL6, CXCL8, THBS1, APOA1, FGG, MMP1, AFP, MMP2, and MMP3) by constructing a PPI network. FN1, APOA1, CXCL8, MMP1, MMP3, and THBS1 were significantly upregulated in the tumor samples. This result was confirmed in the HPA database. We observed that FN1, APOA1, CXCL8, MMP1, and THBS1 were correlated with GC prognosis, with higher expression levels associated with a worse prognosis. This is consistent with previously published research studies (Li et al., 2019; Chen X et al., 2020; Chen YJ et al., 2020; Liu X et al., 2020; Zhang et al., 2021). We also found higher immune infiltration (plasma cells and T cells) in the low-expression group of FN1, APOA1, CXCL8, MMP1, and THBS1, while macrophages M2 and resting T cells showed higher infiltration in the high expression group. It suggested that patients in the low-expression group of FN1, APOA1, CXCL8, MMP1, and THBS1 might be more suitable for immunotherapy.
In summary, the cellular senescence risk score prognostic signature could be used to assess the prognosis of GC patients and guide clinical treatment. Our study not only provided a new predictive signature for the prognosis of GC but also offered guidance for the future therapy of gastric cancer.
DATA AVAILABILITY STATEMENT
Publicly available datasets were analyzed in this study. The names of the repository/repositories and accession number(s) can be found in the article/Supplementary Material.
AUTHOR CONTRIBUTIONS
LD planned the research. LD, TB, JL, and BC downloaded data and performed the data analysis. XW, LD, TB, and JL drew the graphs. Finally, LD wrote the manuscript, and WY checked the manuscript.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors, and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
ACKNOWLEDGMENTS
Authors thank the following databases for supporting this article: TCGA, GEO, CellAge, and STRING databases.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fgene.2022.909546/full#supplementary-material
REFERENCES
 Aran, D., Lasry, A., Zinger, A., Biton, M., Pikarsky, E., Hellman, A., et al. (2016). Widespread Parainflammation in Human Cancer. Genome Biol. 17 (1), 145. doi:10.1186/s13059-016-0995-z
 Birch, J., and Gil, J. (2020). Senescence and the SASP: Many Therapeutic Avenues. Genes Dev. 34 (23-24), 1565–1576. doi:10.1101/gad.343129.120
 Bray, F., Laversanne, M., Weiderpass, E., and Soerjomataram, I. (2021). The Ever‐increasing Importance of Cancer as a Leading Cause of Premature Death Worldwide. Cancer 127 (16), 3029–3030. doi:10.1002/cncr.33587
 Chen X, X., Chen, R., Jin, R., and Huang, Z. (2020). The Role of CXCL Chemokine Family in the Development and Progression of Gastric Cancer. Int. J. Clin. Exp. Pathol. 13 (3), 484–492.
 Chen YJ, Y. J., Liang, L., Li, J., Wu, H., Dong, L., Liu, T.-T., et al. (2020). IRF-2 Inhibits Gastric Cancer Invasion and Migration by Down-Regulating MMP-1. Dig. Dis. Sci. 65 (1), 168–177. doi:10.1007/s10620-019-05739-8
 Coppé, J.-P., Patil, C. K., Rodier, F., Sun, Y., Muñoz, D. P., Goldstein, J., et al. (2008). Senescence-associated Secretory Phenotypes Reveal Cell-Nonautonomous Functions of Oncogenic RAS and the P53 Tumor Suppressor. PLoS Biol. 6 (12), 2853–2868. doi:10.1371/journal.pbio.0060301
 Cornel, A. M., Mimpen, I. L., and Nierkens, S. (2020). MHC Class I Downregulation in Cancer: Underlying Mechanisms and Potential Targets for Cancer Immunotherapy. Cancers 12 (7), 1760. doi:10.3390/cancers12071760
 Dai, W., Xiao, Y., Tang, W., Li, J., Hong, L., Zhang, J., et al. (2021). Identification of an EMT-Related Gene Signature for Predicting Overall Survival in Gastric Cancer. Front. Genet. 12, 661306. doi:10.3389/fgene.2021.661306
 Demirci, D., Dayanc, B., Mazi, F. A., and Senturk, S. (2021). The Jekyll and Hyde of Cellular Senescence in Cancer. Cells 10 (2), 208. doi:10.3390/cells10020208
 Dersh, D., Hollý, J., and Yewdell, J. W. (2021). A Few Good Peptides: MHC Class I-Based Cancer Immunosurveillance and Immunoevasion. Nat. Rev. Immunol. 21 (2), 116–128. doi:10.1038/s41577-020-0390-6
 Di Micco, R., Krizhanovsky, V., Baker, D., and d’Adda di Fagagna, F. (2021). Cellular Senescence in Ageing: from Mechanisms to Therapeutic Opportunities. Nat. Rev. Mol. Cell Biol. 22 (2), 75–95. doi:10.1038/s41580-020-00314-w
 Eusebi, L. H., Telese, A., Marasco, G., Bazzoli, F., and Zagari, R. M. (2020). Gastric Cancer Prevention Strategies: A Global Perspective. J. Gastroenterol. Hepatol. 35, 1495–1502. doi:10.1111/jgh.15037
 Gorgoulis, V., Adams, P. D., Alimonti, A., Bennett, D. C., Bischof, O., Bishop, C., et al. (2019). Cellular Senescence: Defining a Path Forward. Cell 179 (4), 813–827. doi:10.1016/j.cell.2019.10.005
 Hsu, A., and Raufi, A. G. (2021). Advances in Systemic Therapy for Gastric Cancer. Gastrointest. Endosc. Clin. N. Am. 31 (3), 607–623. doi:10.1016/j.giec.2021.03.009
 Joshi, S. S., and Badgwell, B. D. (2021). Current Treatment and Recent Progress in Gastric Cancer. CA Cancer J. Clin. 71 (3), 264–279. doi:10.3322/caac.21657
 Kawazoe, A., Shitara, K., Boku, N., Yoshikawa, T., and Terashima, M. (2021). Current Status of Immunotherapy for Advanced Gastric Cancer. Jpn. J. Clin. Oncol. 51 (1), 20–27. doi:10.1093/jjco/hyaa202
 Li, L., Zhu, Z., Zhao, Y., Zhang, Q., Wu, X., Miao, B., et al. (2019). FN1, SPARC, and SERPINE1 are Highly Expressed and Significantly Related to a Poor Prognosis of Gastric Adenocarcinoma Revealed by Microarray and Bioinformatics. Sci. Rep. 9 (1), 7827. doi:10.1038/s41598-019-43924-x
 Liu, Z., Liu, L., Weng, S., Guo, C., Dang, Q., Xu, H., et al. (2022). Machine Learning-Based Integration Develops an Immune-Derived lncRNA Signature for Improving Outcomes in Colorectal Cancer. Nat. Commun. 13 (1), 816. doi:10.1038/s41467-022-28421-6
 Liu, Z., Guo, C., Dang, Q., Wang, L., Liu, L., Weng, S., et al. (2022). Integrative Analysis from Multi-Center Studies Identities a Consensus Machine Learning-Derived lncRNA Signature for Stage II/III Colorectal Cancer. EBioMedicine 75, 103750. doi:10.1016/j.ebiom.2021.103750
 Liu M, M., Kuo, F., Capistrano, K. J., Kang, D., Nixon, B. G., Shi, W., et al. (2020). TGF-β Suppresses Type 2 Immunity to Cancer. Nature 587 (7832), 115–120. doi:10.1038/s41586-020-2836-1
 Liu SJ, S. J., Yang, Y.-b., Zhou, J.-x., Lin, Y.-j., Pan, Y.-l., and Pan, J.-h. (2021). A Novel Ferroptosis-Related Gene Risk Signature for Predicting Prognosis and Immunotherapy Response in Gastric Cancer. Dis. Markers 2021, 1–18. doi:10.1155/2021/2385406
 Liu X, X., Gao, L., Ni, D., Ma, C., Lu, Y., and Huang, X. (2020). Candidate Genes for Predicting the Survival of Patients with Gastric Cancer: A Study Based on the Cancer Genome Atlas (TCGA) Database. Transl. Cancer Res. 9 (4), 2599–2608. doi:10.21037/tcr.2020.02.82
 Liu Z, Z., Weng, S., Xu, H., Wang, L., Liu, L., Zhang, Y., et al. (2021). Computational Recognition and Clinical Verification of TGF-β-Derived miRNA Signature with Potential Implications in Prognosis and Immunotherapy of Intrahepatic Cholangiocarcinoma. Front. Oncol. 11, 757919. doi:10.3389/fonc.2021.757919
 Meng, C., Xia, S., He, Y., Tang, X., Zhang, G., and Zhou, T. (2020). Discovery of Prognostic Signature Genes for Overall Survival Prediction in Gastric Cancer. Comput. Math. Methods Med. 2020, 1–9. doi:10.1155/2020/5479279
 Overacre-Delgoffe, A. E., Bumgarner, H. J., Cillo, A. R., Burr, A. H. P., Tometich, J. T., Bhattacharjee, A., et al. (2021). Microbiota-specific T Follicular Helper Cells Drive Tertiary Lymphoid Structures and Anti-tumor Immunity against Colorectal Cancer. Immunity 54 (12), 2812–2824. doi:10.1016/j.immuni.2021.11.003
 Prasanna, P. G., Citrin, D. E., Hildesheim, J., Ahmed, M. M., Venkatachalam, S., Riscuta, G., et al. (2021). Therapy-Induced Senescence: Opportunities to Improve Anticancer Therapy. J. Natl. Cancer Inst. 113 (10), 1285–1298. doi:10.1093/jnci/djab064
 Ramu, D., Shan, T. W., Hirpara, J. L., and Pervaiz, S. (2021). Cellular Senescence: Silent Operator and Therapeutic Target in Cancer. IUBMB Life 73 (3), 530–542. doi:10.1002/iub.2460
 Sexton, R. E., Al Hallak, M. N., Diab, M., and Azmi, A. S. (2020). Gastric Cancer: A Comprehensive Review of Current and Future Treatment Strategies. Cancer Metastasis Rev. 39 (4), 1179–1203. doi:10.1007/s10555-020-09925-3
 Sung, H., Ferlay, J., Siegel, R. L., Laversanne, M., Soerjomataram, I., Jemal, A., et al. (2021). Global Cancer Statistics 2020: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA A Cancer J. Clin. 71 (3), 209–249. doi:10.3322/caac.21660
 Wei, L., Sun, J., Zhang, N., Zheng, Y., Wang, X., Lv, L., et al. (2020). Noncoding RNAs in Gastric Cancer: Implications for Drug Resistance. Mol. Cancer 19 (1), 62. doi:10.1186/s12943-020-01185-7
 Xia, Y., Rao, L., Yao, H., Wang, Z., Ning, P., and Chen, X. (2020). Engineering Macrophages for Cancer Immunotherapy and Drug Delivery. Adv. Mat. 32 (40), 2002054. doi:10.1002/adma.202002054
 Yasuda, T., Koiwa, M., Yonemura, A., Miyake, K., Kariya, R., Kubota, S., et al. (2021). Inflammation-driven Senescence-Associated Secretory Phenotype in Cancer-Associated Fibroblasts Enhances Peritoneal Dissemination. Cell Rep. 34 (8), 108779. doi:10.1016/j.celrep.2021.108779
 Yin, H. M., He, Q., Chen, J., Li, Z., Yang, W., and Hu, X. (2021). Drug Metabolism‐related Eight‐gene Signature Can Predict the Prognosis of Gastric Adenocarcinoma. J. Clin. Lab. Anal. 35 (12), e24085. doi:10.1002/jcla.24085
 Zhang, S., Xiang, X., Liu, L., Yang, H., Cen, D., and Tang, G. (2021). Bioinformatics Analysis of Hub Genes and Potential Therapeutic Agents Associated with Gastric Cancer. Cancer Manag. Res. 13, 8929–8951. doi:10.2147/CMAR.S341485
 Zhang, S.-X., Liu, W., Ai, B., Sun, L.-L., Chen, Z.-S., and Lin, L.-Z. (2022). Current Advances and Outlook in Gastric Cancer Chemoresistance: A Review. Recent Pat. Anticancer Drug Discov. 17 (1), 26–41. doi:10.2174/1574892816666210929165729
 Zhou, L., Niu, Z., Wang, Y., Zheng, Y., Zhu, Y., Wang, C., et al. (2022). Senescence as a Dictator of Patient Outcomes and Therapeutic Efficacies in Human Gastric Cancer. Cell Death Discov. 8 (1), 13. doi:10.1038/s41420-021-00769-6
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Dai, Wang, Bai, Liu, Chen and Yang. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fgene-13-909546-g005.gif





OPS/images/fgene-13-909546-g006.gif





OPS/images/fgene-13-909546-g003.gif
A

‘The training set: PFS.






OPS/images/fgene-13-909546-g004.gif





OPS/images/fgene-13-909546-g007.gif





OPS/images/fgene-13-909546-g008.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		Cellular Senescence-Related Genes: Predicting Prognosis in Gastric Cancer		Introduction

		Methods		Acquisition of Gastric Cancer Samples and Cellular Senescence-Related Genes

		Identification of Prognostic Differential Genes

		Constructing and Validating a Prognostic Signature

		Development of a Nomogram

		Exploring the Association Between Risk Scores and Immunotherapy

		Enrichment Analysis of Differentially Expressed Genes

		Construction of the Protein–Protein Interaction Network

		Statistical Analysis





		Results		Identification of Cellular Senescence-Related Differential Genes

		Construction of a Prognostic Signature

		Validation of Signature Genes in the HPA Database

		Predicting Survival With the Risk Score Signature

		Development of a Nomogram

		Risk Score Guide Clinical Treatment

		Differential Gene Enrichment Analysis

		Identification of 10 Hub Genes





		Discussion

		Data Availability Statement

		Author Contributions

		Publisher’s Note

		Acknowledgments

		Supplementary Material

		References









OPS/images/cover.jpg
& frontiers | Frontiers in Genetics






OPS/images/fgene-13-909546-g001.gif





OPS/images/fgene-13-909546-g002.gif
Senescence genes. Signature genes









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





