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Objective: Accumulated evidence demonstrates that ageing is a robust risk factor of prostate cancer prognosis. Herein, we conducted a systematic analysis about ageing-relevant molecules and relevant tumor microenvironment features in prostate cancer.
Methods: Transcriptome data, clinical information, and mutational data of prostate cancer patients were retrospectively collected from the Cancer Genome Atlas cohort. In accordance with the expression of specific ageing-relevant genes, prostate cancer patients were clustered with consensus clustering analyses. WGCNA was adopted for determination of subtype-associated co-expression modules and genes. Thereafter, characteristic genes were further screened with random forest algorithm and a prognostic model was conducted with multivariate cox regression analyses. Tumor microenvironment-infiltrating immune cells were estimated with ssGSEA and ESTIMATE. Activities of the cancer immunity cycle and expressions of HLA and immune checkpoint molecules were then quantified across prostate cancer cases. A serious experiment was conducted to investigate the roles of EIF2S2 in prostate tumorigenesis.
Results: This study characterized three ageing-relevant subtypes (C1, C2, and C3) with diverse clinical prognosis. Subtype C1 presented the features of low mutational frequency and immune activation; C2 was characterized by stromal and immune activation; and C3 showed immune suppression. An ageing-derived gene signature was conducted, which independently and robustly predicted patients’ prognosis. Additionally, this signature was in relation to immune inactivation. Among the genes in the signature, EIF2S2 triggered proliferation, invasion, and migration of LNCaP and PC-3 cells.
Conclusion: Collectively, ageing-relevant molecular subtypes and gene signature might be of great significance to determine clinical outcomes and tumor microenvironment features and immunotherapeutic responses in prostate cancer.
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INTRODUCTION
Prostate cancer is a frequent malignant tumor of the male genitourinary system across the globe (Culp et al., 2020). As estimated, it influences 1/9 men in America and is the second major cause of cancer-related deaths (Swami et al., 2020). It represents a heterogeneous malignancy in accordance with clinical, morphological, and molecular levels (Haffner et al., 2021). Clinical manifestations range from locally indolent to rapidly progressing fatal metastatic malignancy. Though most men are diagnosed with organ-limited malignancy, long-period oncology results may hugely vary (Wang et al., 2018). Moreover, histomorphology and molecular tumor features show prominent diversity between diverse patients and within a specific tumor. About 20% of patients with localized prostate cancer will develop regional or distant metastases (Buckup et al., 2021). Antiandrogen therapy has become the standardized treatment regimen for advanced or metastatic patients (Ge et al., 2020). Nevertheless, most patients will develop castration resistance. Thus, it is of significance to develop an effective risk stratification as well as favorable therapeutic agents against prostate cancer.
Ageing is a process which features a gradual loss of physiological integrity, contributing to impaired functions as well as increased vulnerability to death (Calcinotto et al., 2019). This process is regarded as a dominating risk factor of prostate cancer (VanderWalde and Hurria, 2011). Growing evidence demonstrates that ageing is related to telomere shortening, mitochondrial dysfunctions, DNA injury, immune system disorders and the like, and may be suppressed through calorie restriction (Jia et al., 2018). Transcriptomic research has uncovered that ageing presents a prominent discrepancy at molecular levels (Jia et al., 2018). Currently, numerous human ageing-relevant genes have been identified in several cancer types (de Magalhães et al., 2005). For instance, a prognostic aging-relevant gene signature has been conducted in head and neck squamous cell carcinoma, which is related to immunosuppressive state as well as inflammatory response (Yang et al., 2020). Nevertheless, features of these ageing-relevant genes in prostate cancer remain indistinct. To comprehensively analyze these specific genes might assist in deepening the comprehension of the ageing process as well as offering worthy clues concerning intervention strategies in prostate cancer. Herein, this study systematically dissected the features of transcriptional ageing-relevant genes from diverse perspectives.
MATERIALS AND METHODS
Prostate Cancer Data Sets and Preprocessing
Transcriptome data (fragments per kilobase million (FPKM) value), clinical information and mutational data of prostate cancer were retrieved from the Cancer Genome Atlas (TCGA) data portal (https://portal.gdc.cancer.gov/). Thereafter, the FPKM were transformed to transcripts per million (TPM). Microarray expression profiling and matched survival information of 248 prostate cancer patients was retrieved from the Gene Expression Omnibus (GEO) repository (https://www.ncbi.nlm.nih.gov/gds/; accession number: GSE116918) (Jain et al., 2018). The raw data were preprocessed and normalized utilizing robust multichip average algorithm with affy package (version 1.72.0). The probes were transformed to gene symbols following the corresponding platform annotation file. Aging-relevant genes were retrieved from the human aging genome resource (HAGR; https://genomics.senescence.info/), which is a collection of online resources for studying the biology of human ageing on the basis of genetic perturbations in animal models and human diseases and extensive literature reviews (de Magalhães et al., 2005). The list of aging-relevant genes was listed in Supplementary Table S1.
Differential Expression Analyses
Differentially expressed ageing-relevant genes were determined between prostate tumor and control specimens utilizing empirical Bayesian method of limma package (version 3.50.0) (Ritchie et al., 2015). Genes with an adjusted p value of < 0.05 were determined as prostate cancer-specific ageing-relevant genes.
Unsupervised Clustering for Ageing-Relevant Genes
Univariate cox regression models were conducted for screening prognostic prostate cancer-specific ageing-relevant genes with p < 0.05. Following the expression of these genes, prostate cancer cases were classified into distinct subtypes with ConsensusClusterPlus package (version 1.58.0) (Wilkerson and Hayes, 2010) utilizing unsupervised clustering analyses. Principal component analyses (PCA) were conducted for visualization of dissimilarities among diverse clusters.
Somatic Mutation and Copy-Number Alteration (SCNA) Analyses
Genetic mutation data in Mutation Annotation Format (MAF) of prostate cancer were retrieved from TCGA project. Through maftools package (version 2.10.0) (Mayakonda et al., 2018), somatic mutations were analyzed. The overall mutational status was conducted in each subtype. Moreover, GISTIC2.0 (Mermel et al., 2011) was applied for analyzing amplification and deletion across SCNA data that were curated from GDAC Firehose (https://gdac.broadinstitute.org).
Quantification of Activities of Known Biological Processes
The gene sets of a few known biological processes were curated from Mariathasan et al. (Mariathasan et al., 2018). These biological processes contained epithelial-mesenchymal transition (EMT; EMT1, EMT2, and EMT3; immune checkpoint; antigen processing machinery (APM); CD8 + T effector; angiogenesis; and pan-fibroblast TGFβ response (pan-F-TBRS); DNA damage repair; FGFR3-related genes; KEGG discovered histones; Fanconi anemia; cell cycle; cell cycle regulators; DNA replication; nucleotide excision repair; homologous recombination; mismatch repair; and WNT target.
Estimation of Tumor-Infiltrating Immune Cells
A single-sample gene-set enrichment analysis (ssGSEA) algorithm was adopted to quantify the relative abundance of tumor-infiltrating immune cells based on the expression profiling of 782 meta-genes (Charoentong et al., 2017) utilizing GSVA package (version 1.42.0) (Hänzelmann et al., 2013) across cases of prostate cancer. Through the scale algorithm, the enrichment levels of tumor-infiltrating immune cells were normalized for in-depth analyses. Additionally, Estimation of STromal and Immune cells in MAlignant Tumours using Expression data (ESTIMATE) package was employed for quantification of the relative abundance of immune and stromal cell populations in prostate cancer transcriptome data (Yoshihara et al., 2013). Thereafter, tumor purity was inferred in each specimen.
Weighted Gene Co-Expression Network Analyses (WGCNA)
The WGCNA method (version 1.4.0) (Langfelder and Horvath, 2008) can transform expression data into co-expression gene modules, as well as explore the interactions of co-expression modules with clinical phenotypes. Herein, WGCNA was conducted based on the expression profiles of prostate cancer. Scale independence and mean connectivity were calculated across different soft threshold (power) values (ranging from 1 to 20). The optimal soft threshold was determined in accordance with scale independence >0.85. Thereafter, genes were classified into diverse gene co-expression modules following topological overlap matrix (TOM)-based dissimilarity. The co-expression module with the highest association with phenotypes was regarded as the key module and genes in this module were screened as ageing-derived genes.
Functional Enrichment Analyses
Through clusterProfiler package (version 4.2.1) (Yu et al., 2012), functional annotation analyses of ageing-derived genes were conducted, containing Gene Ontology (GO) as well as Kyoto Encyclopedia of Genes and Genomes (KEGG). Gene Set Enrichment Analyses (GSEA; version 4.0.2) (Subramanian et al., 2005) were adopted for ascertaining the diverse pathways between groups. The gene sets of “c2. cp.kegg.v6.2.-symbols” were curated from the Molecular Signatures database (MSigDB) project (Liberzon et al., 2015) for running GSVA enrichment analyses. p values < 0.05 indicated prominent differences in biological functions and pathways.
Construction of an Ageing-Derived Gene Signature
Univariate cox regression models were applied for determining prognostic ageing-derived genes with p < 0.05. With the random forest algorithm, the most important genes were determined in accordance with the relative importance >0.2. An ageing-relevant gene signature was conducted through combining the expression of characteristic genes and regression coefficients derived from multivariate cox regression analyses.
Cell Culture and Transfections
Human prostate cancer cell lines (LNCaP and PC-3; Chinese Academy of Sciences) were maintained in RPMI 1640 medium plus 10% fetal bovine serum (FBS; GIBCO, United States ). All cell lines were grown at 37°C in a humidified environment of 5% CO2. Small interference RNA against EIF2S2 (si-EIF2S2) and negative control (si-NC) were retrieved from GenePharma (Shanghai, China). Full-length EIF2S2 cDNAs were amplified and cloned into pcDNA3.1 express vectors. Non-targeting pcDNA3.1 express vectors were utilized as a control (empty vector). Transfections were presented via lipofectamine 2000 reagent in accordance with the manufacturer’s instructions.
Western Blotting
Protein extracts were harvested from cell specimens in RIPA lysis buffer (Millipore, Germany) plus phosphatase inhibitor Cocktail III. The concentrations of protein specimens were quantified utilizing BCA kits (Thermo Fisher Scientific, United States ). In total, 20 μg protein was loaded onto a 10% SDS-PAGE gel as well as transferred to 0.22 μm PVDF membrane (Millipore, Germany). The membrane was sealed by 1 × TBST buffer plus 5% nonfat milk. Thereafter, the membrane was probed by specific antibodies targeting EIF2S2 (1:500; #10227-1-AP; Proteintech, China), matrix metalloproteinase (MMP) MMP2 (1:1,000; #66366-1-Ig; Proteintech, China), MMP9 (1:500; #27306-1-AP; Proteintech, China), and GAPDH (1:20,000; #60004-1-Ig; Proteintech, China) at 4°C overnight. Thereafter, the membrane was exposed to HRP-conjugated secondary antibody (1:5,000; #SA00001-1; Proteintech, China), followed by the development of protein bands via chemiluminescent (ECL) substrate. Grey values were determined with ImageJ software.
Colony Formation Assay
500 LNCaP and PC-3 cells were seeded per well onto a six-well plate. Cells were cultured lasting 2 weeks, with medium changed every 3 days. In the following 2 weeks, colonies were fixed through ice-cold 100% methanol for 20 min as well as stained by 0.1% crystal violet lasting 20 min at room temperature. Colony formation was quantified in accordance with the percentage of area coverage per well.
Transwell Assay
Invasive capacity of LNCaP and PC-3 cells was investigated with Matrigel-Coated Transwell Chambers (BD, United States ). Cells were planted onto the upper chamber. Following overnight incubation, cells in the lower chamber were fixed by 4% paraformaldehyde as well as stained by 0.1% crystal violet. Invasive cells were counted under a microscope (Olympus, Japan).
Wound Healing Assay
LNCaP and PC-3 cells were inoculated into a 6-well plate. A 200 ul pipette tip was adopted for making cell scratches perpendicular to the well plate. The cell culture medium was aspirated as well as the well plate which was rinsed to wash away the cell debris. Thereafter, serum-free medium was added. Following 0 and 24 h, images were acquired and the absorbance value at 570 nm wavelength was measured.
Statistics
R software (version 3.6.1) was adopted for data processing. Differences between groups were investigated with student’s t test or Wilcoxon test. 95% confidence intervals (CIs) and hazards ratios (HRs) were computed with uni- and multivariate Cox regression analyses. Meanwhile, Kruskal–Wallis and one-way ANOVA tests were applied for differential analyses among three groups. Correlation analyses between variables were conducted with Pearson or Spearman tests. Survival curves of overall survival (OS), disease-specific survival (DSS), and progression-free interval (PFI) were depicted utilizing log-rank and Kaplan-Meier tests. The area under the receiver operating characteristic curves (AUCs) of time-dependent ROC analyses were conducted for detection of the predictive potential of signature at different time points with timeROC package. p values < 0.05 were indicative of statistical significance.
RESULTS
Deregulated Expression and Prognostic Significance of Ageing-Relevant Genes in Prostate Cancer
For assessment of the biological functions of ageing-relevant molecules in tumorigenesis and progression of prostate cancer, this study conducted a systematical investigation of the expression of ageing-relevant molecules between prostate tumors and controls in TCGA cohort. Consequently, there were 107 ageing-relevant genes with prominent down-regulations as well as 64 ageing-relevant genes with prominent up-regulations in prostate cancer compared with controls (Figure 1A; Supplementary Table S2). Additionally, we investigated the prognostic significance of these prostate cancer-specific ageing-relevant molecules. In total, 21 prognostic ageing-relevant genes presented prominent associations with prostate cancer prognosis (Table 1).
[image: Figure 1]FIGURE 1 | Characterization of ageing-relevant subtypes in prostate cancer based on the expression matrix of prognostic and specific ageing-relevant molecules. (A) Heatmap visualizing the expression of prostate cancer-specific ageing-relevant molecules in prostate tumors and controls. (B) Consensus matrix when k = 3 across prostate cancer patients in line with the expression matrix of prognostic prostate cancer-specific ageing-relevant molecules. (C) PCA plots verifying the dissimilarity among diverse ageing-relevant subtypes on the basis of the expression matrix of prognostic prostate cancer-specific ageing-relevant molecules. (D) Kaplan-Meier curves of OS among three ageing-relevant subtypes. (E–G) Bar plots of the distribution of diverse ageing-relevant subtypes across distinct clinical phenotypes, containing (E) age< 65 and ≥65 (F) pathological T2, T3, and T4 stage; (G) pathological N0 and N1 stage.
TABLE 1 | Prognostic ageing-relevant genes in prostate cancer.
[image: Table 1]Characterization of Ageing-Relevant Subtypes in Prostate Cancer With Diverse Clinical Prognosis
Herein, k = 3 was determined with the optimal clustering stability ranging from k = 2 to 9 in accordance with the similarity presented through the expression of 21 prognostic ageing-relevant genes and the proportions of ambiguous clustering method (Figure 1B). In total, 496 prostate cancer patients were clustered into three subtypes, named as C1 (n = 94), C2 (n = 220), and C3 (n = 182). Thereafter, PCA further confirmed three prominently diverse subtypes (Figure 1C). Survival analyses revealed that prognosis remarkedly differed among three ageing-relevant subtypes, and C1 presented the worst clinical prognosis (Figure 1D). Additionally, we investigated the discrepancy in ageing-relevant subtypes across distinct clinical phenotypes including age, T stage, as well as N stage (Figures 1E-G). Patients with advanced stages presented more proportions of C1.
Landscape of Somatic Mutations and Copy-Number Alterations Across Prostate Cancer From Diverse Ageing-Relevant Subtypes
The discrepancy in genetic mutations was investigated across diverse ageing-relevant molecular subtypes. As a result, a lower somatic frequency was noticed in ageing subtype C1 (69; 14.26%; Figure 2A) compared with C2 (94; 19.42%; Figure 2B) and C3 (94; 19.42%; Figure 2C). A few genes presented mutations shared by three subtypes such as TP53, SPOP, TTN, KMT2D, and FOXA1. Thereafter, SCNAs were compared among these subtypes for investigation of the genetic alterations. GISTIC2.0 analyses revealed that incidence of amplification presented higher frequencies in ageing subtype C3 in comparison to C1 and C2 (Figures 2D–F). Meanwhile, higher frequencies of deletion incidence were detected in ageing subtype C2 compared with C1 and C3 (Figures 2G–I).
[image: Figure 2]FIGURE 2 | Overview of somatic mutations and copy-number alterations across prostate cancer from diverse ageing-relevant subtypes. (A–C) Oncoplot presented the somatic mutational landscape of prostate cancer patients in ageing C1, C2, and C3. Genes were ranked in accordance with their mutational frequencies. Side bar plots showed log10 converted q values calculated through MutSigCV. GISTIC2.0 identifying (D–F) amplification and (G–I) deletion across prostate cancer specimens in ageing C1, C2, and C3. The genome was oriented vertically from top to bottom and the GISTIC2.0 q-value at each locus was drawn from left to right with a log scale. The green line represented the significance threshold (q-value = 0.25).
Characterization of Immune Landscape Across Diverse Ageing-Relevant Subtypes
The mechanisms underlying the discrepancy of three ageing-relevant subtypes were explored in depth. In Figure 3A, C1 presented increased activities of CD8+ T effector, DNA damage repair, antigen processing machinery, immune checkpoint, KEGG discovered histones, Fanconi anemia, cell cycle, DNA replication, nucleotide excision repair, homologous recombination, mismatch repair, and cell cycle regulators compared with C2 and C3, indicative of immune and tumorigenic activation in C1. Meanwhile, C2 showed the features of increased activities of pan-F-TBRS, EMT1-3, FGFR3-related genes, angiogenesis, and WNT target, indicative of stromal activation in C2. Our ssGSEA results demonstrated the prominent discrepancy in the infiltrations of immune subpopulations among three ageing-relevant subtypes. In detail, C1 presented the greatest infiltrations of activated CD4+ T cell, effector memory CD4 T cell, gamma delta T cell, immature B cell, and memory B cell while activated B cell, activated CD8+ T cell, central memory CD4 and CD8 T cell, effector memory CD8+ T cell, T follicular helper cell, type 1 helper cell, type 1 helper cell, activated dendritic cell, CD56bright natural killer cell, eosinophil, immature dendritic cell, macrophage, mast cell, MDSC, natural killer cell, natural killer T cell, and plasmacytoid dendric cell were remarkedly activated in C2 (Figure 3B). Nearly all immune subpopulations showed low infiltrations in C3. Thereafter, we investigated the activities of each step within the cancer immunity cycle. Compared with C1 and C2, C3 presented the lowest activities of each step within the cancer immunity cycle (Figure 3C), indicative of immune suppressive status in C3. Additionally, we noticed the increased expression of immune checkpoints in C1 and C2 in comparison to C3 at the transcriptional levels (Figure 3D). The ESTIMATE method was then adopted for detection of the overall infiltrations of stromal and immune cells within prostate cancer tissues. Consequently, C3 presented remarkedly reduced stromal and immune score as well as increased tumor purity in comparison to C2 (Figures 3E–G).
[image: Figure 3]FIGURE 3 | Characterization of immune landscape across diverse ageing-relevant subtypes. (A) Distribution of the activities of known biological processes across diverse ageing-relevant subtypes C1, C2, and C3. (B) Discrepancy in tumor microenvironment-infiltrating immune cells across diverse ageing-relevant subtypes. (C) Discrepancy in the activities of each step within cancer immunity cycle across distinct ageing-relevant subtypes. (D) Comparison of the expression of immune checkpoint molecules in distinct ageing-relevant subtypes. (E–G) Comparison of stromal and immune score and tumor purity in distinct ageing-relevant subtypes. Ns: no significance; *p values < 0.05; **p values < 0.01; and ***p values < 0.001.
Establishment of Co-expression Modules and Identification of Ageing-Derived Genes
For uncovering the key module most associated with ageing-relevant subtypes, we conducted WGCNA for identifying relevant intramodular hub genes utilizing the top-5000 variation genes in transcriptome profiling to establish a co-expression network (Figure 4A). The optimal soft thresholding value was determined when scale independence = 0.85 (Figure 4B). Thereafter, six co-expression modules were conducted (Figure 4C). In accordance with the heatmap of module-trait interactions, the turquoise module showed the strongest associations with ageing-relevant subtypes (Figure 4D). Further analyses confirmed that the genes in the turquoise module presented prominent interactions with each ageing-relevant subtype (Figures 4E–G), which were regarded as ageing-derived genes.
[image: Figure 4]FIGURE 4 | Establishment of co-expression modules and identification of ageing-derived genes. (A) Clustering dendrograms of prostate cancer specimens as well as heatmap of ageing-relevant subtypes. The clustering was conducted in accordance with the expression profiling of prostate cancer-specific ageing-relevant molecules. (B) Analyses of scale-free fit index (left) as well as mean connectivity (right) across diverse soft thresholds (power). (C) Dendrograms of prostate cancer-specific ageing-relevant molecules clustered in accordance with 1-TOM together with assigned module colors. (D) Heatmap depicting the associations of module eigengenes with ageing-relevant subtypes across prostate cancer. Each cell contained the Pearson correlation coefficient and p value. (E–G) Scatter plots depicting the interactions of module membership of turquoise with gene significance for ageing-relevant subtypes C1, C2, and C3.
Generation of an Ageing-Derived Gene Signature in Prostate Cancer Prognosis
Functional enrichment and pathway analyses uncovered that ageing-derived genes exerted critical roles in modulation of immune response, autophagy, metabolism, and tumorigenic pathways (Figure 5). Univariate cox regression models were conducted and identified 43 prognostic ageing-derived genes in prostate cancer (Table 2). With the random forest algorithm, we determined the most important ageing-derived genes (Figure 5C), containing AP000844.2, NCBP2, EIF2S2, LLGL2, and ARGLU1 (Figure 5D). Following multivariate cox regression analyses, an ageing-derived gene signature was conducted in accordance with the following formula: risk score = ARGLU1 expression * 1.744375333 + EIF2S2 expression * 3.788531914 + AP000844.2 expression * 0.902670804. Thereafter, we calculated the risk score of each prostate cancer patient. With the optimal cutoff, patients were clustered into high- and low-risk groups (Figures 5E,F). High-risk patients showed remarkedly poorer OS outcomes in comparison to low-risk patients (Figure 5G). Heatmap depicted the discrepancy in expression of ARGLU1, EIF2S2, and AP000844.2 between two groups (Figure 5H). ROCs at one-, three-, and 5-year OS were 0.994, 0.891, and 0.926, confirming the excellent performance in prediction of prostate cancer prognosis (Figure 5I). We further externally validated the ageing-derived gene signature in the GSE116918 cohort. With the same formula, the risk score of each prostate cancer patient was calculated. With the optimal cutoff, we separated patients into high- and low-risk groups (Supplementary figure S1A). The survival status of two groups was shown in Supplementary figure S1B. As expected, the high-risk group had worse prognoses in comparison to the low-risk group (Supplementary figure S1C). The differences in expression of ARGLU1, EIF2S2, and AP000844.2 were found between two groups (Supplementary figure S1D). ROC results confirmed the prediction reliability of this signature (Supplementary figure S1E).
[image: Figure 5]FIGURE 5 | Generation of an ageing-derived gene signature in prostate cancer prognosis. (A,B) GO and KEGG enrichment results of ageing-derived genes. (C) Screening the most important ageing-derived genes with random forest algorithm. (D) The most important ageing-derived genes ordered by relative importance. (E) Distribution of ageing-derived risk scores across prostate cancer and determination of the optimal cutoff (dotted line). (F) Distribution of alive and dead status in high- and low-risk prostate cancer specimens. (G) Kaplan-Meier curves of OS in high- and low-risk prostate cancer patients. (H) Heatmap of the expression of ageing-derived molecules in high- and low-risk prostate cancer specimens. (I) The time-independent ROC analyses of ageing-derived gene signature for prediction of OS rate.
TABLE 2 | Univariate cox regression models identify prognostic ageing-derived genes in prostate cancer.
[image: Table 2]Ageing-Derived Gene Signature Acts as a Robust Prognostic Factor of Prostate Cancer
Following uni- and multivariate cox regression analyses, ageing-relevant risk score may independently predict prostate cancer patients’ prognosis (Figures 6A,B). Additionally, we investigated that high-risk patients presented more dismal DSS and PFI outcomes in comparison to low-risk patients (Figures 6C,D). The expression of EIF2S2, ARGLU1, and AP000844.2 had the prominent discrepancy across diverse ageing-relevant subtypes (Figures 6E–G).
[image: Figure 6]FIGURE 6 | Ageing-derived gene signature acts as a robust prognostic factor of prostate cancer. (A,B) Uni- and multivariate cox regression models for the interactions of ageing-derived risk score, age, T stage, and N stage with prostate cancer prognosis. (C,D) Kaplan-Meier curves of DSS and PFI for high- and low-risk prostate cancer patients. (E–G) Distribution of the expression of EIF2S2, ARGLU1, and AP000844.2 across diverse ageing-relevant subtypes C1, C2 and C3.
Activated Pathways Involving Ageing-Derived Gene Signature
GSEA uncovered that glycerophospholipid metabolism, regulation of autophagy, selenoamino acid metabolism, and propanoate metabolism presented higher activities in the high-compared with the low-risk group (Figures 7A–D). Additionally, ageing-derived risk score presented negative correlations to activities of CD8+ T effector, pan-F-TBRS, antigen processing machinery, and FGFR3-related genes but had positive correlations to activities of DNA damage repair, Fanconi anemia, cell cycle, DNA replication, nucleotide excision repair, homologous recombination, mismatch repair, and cell cycle regulators (Figure 7E). Moreover, we noticed that ageing-relevant risk score presented remarkedly negative associations with activities of most steps within the cancer immunity cycle (Figure 7E). The above data indicated that ageing-relevant risk score showed negative associations with immune and stromal activation.
[image: Figure 7]FIGURE 7 | Activated pathways involving ageing-derived gene signature. (A–D) GSEA identifying the prominent KEGG pathways enriched by ageing-derived risk score, containing (A) glycerophospholipid metabolism (B) regulation of autophagy, (C) selenoamino acid metabolism, and (D) propanoate metabolism. (E) Interactions of ageing-derived risk score with activities of known biological processes and each step within the cancer immunity cycle.
Associations of Ageing-Derived Gene Signature With Tumor Microenvironment-Infiltrating Immune Cells and Immune Response
Further analyses showed that low-risk prostate cancer presented the prominent features of increased stromal and immune score as well as reduced tumor purity (Figures 8A–C). Analyses of tumor microenvironment-infiltrating immune cells revealed that CD56bright natural killer cell, immature dendritic cell, monocyte, natural killer T cell and plasmacytoid dendritic cell had remarkedly enhanced infiltration levels in low-risk patients (Figure 8D). Our in-depth correlation analyses uncovered the negative interactions of ageing-derived gene signature with HLA and immune checkpoint molecules (Figure 8E).
[image: Figure 8]FIGURE 8 | Associations of ageing-derived gene signature with tumor microenvironment-infiltrating immune cells and immune response. (A–C) ESTIMATE estimating the discrepancy in stromal and immune score as well as tumor purity in high- and low-risk groups. (D) The ssGSEA estimating the infiltrations of tumor microenvironment-infiltrating immune cells in high- and low-risk groups. *p values < 0.05. (E) Interactions of ageing-derived risk score with the expression of HLA and immune checkpoint molecules.
EIF2S2 Up-Regulation Triggers Proliferation, Invasion and Migration of Prostate Cancer Cells
Among EIF2S2, ARGLU1, and AP000844.2, at present, there is still a lack of experimental evidence to confirm the role of EIF2S2 in prostate cancer. Therefore, we further verified the role of EIF2S2 in prostate carcinogenesis. EIF2S2 expression was separately remarkedly knock-downed or overexpressed in LNCaP and PC-3 cells (Figures 9A–C). Also, MMP2 and MMP9 expression was markedly decreased by knock-downed EIF2S2 while their expression was elevated when EIF2S2 was overexpressed (Figures 9D–G). Additionally, EIF2S2 knockdown reduced proliferation (Figures 9H–J), invasive (Figures 9K–M) as well as migrated (Figures 9N–P) abilities of LNCaP and PC-3 cells. The opposite findings were observed when EIF2S2 was overexpressed. These experimental evidences confirmed the carcinogenic roles of EIF2S2 in prostate cancer.
[image: Figure 9]FIGURE 9 | EIF2S2 up-regulation triggers proliferation, invasion, and migration of prostate cancer cells. (A–G) Western blotting for detections of the expression of EIF2S2, MMP2, and MMP9 in LNCaP and PC-3 cells after knocking-down or overexpressing EIF2S2. (H–J) Colony formation for evaluation of proliferative capacities of LNCaP and PC-3 cells after knocking-down or overexpressing EIF2S2. (K–M) Transwell for investigation of invasive abilities of LNCaP and PC-3 cells under knock-down or overexpression of EIF2S2. Scale bar = 5 μm; and magnification = ×200. (N–P) Wound healing for observation of migrated abilities of LNCaP and PC-3 cells under knock-down or overexpression of EIF2S2. Scale bar = 5 μm; and magnification = ×200. Compared with si-NC, ****p < 0.0001; compared with empty vector, ####p < 0.0001.
DISCUSSION
Because of the great heterogeneity among prostate cancer, OS rate and therapeutic response are both relatively low (Tolkach and Kristiansen, 2018; Wu et al., 2020). Hence, accurately identifying the molecular subtypes of prostate cancer is of importance to guide personalized treatment. Although increasing research has conducted a few molecular subtypes of prostate cancer, there is still considerable heterogeneity among the subtypes (Long et al., 2020; Meng et al., 2021; Song et al., 2021). Thus, more accurate classifications are urgently required for improving patients’ clinical prognosis. Through analysis of the alterations in ageing-relevant genes, critical clues may be gained for in-depth understanding the ageing process during prostate tumorigenesis at the transcriptional levels.
In this study, we characterized three ageing-relevant subtypes across prostate cancer based on the expression profiling ageing-relevant genes. There was a significant difference in expression patterns of ageing-relevant genes among three subtypes. Among them, subtype C1 presented the features of dismal clinical prognosis, low mutational frequency as well as immune activation; C2 was characterized by stromal and immune activation; and C3 showed immune suppressive status. Ageing may be triggered by accumulated cellular injury, led by genetic variations. Most prostate cancer is regarded as sporadic, primarily triggered by somatic variations (Xu et al., 2020). In-depth comprehending of somatic variations across prostate cancer contribute to new biomarkers regarding early screening, precision medicine, and clinical outcomes. The heterogeneity of tumor microenvironment containing cancer cells, stromal and infiltrating immune cells triggers diverse responses to immunotherapeutic therapy represented by immunological checkpoint inhibitors (Zeda Zhang et al., 2020). Tumor progression is a multistep process, which only involves the genetic and epigenetic variations within cancer cells. Nevertheless, many evidences demonstrated the critical roles of tumor microenvironment in tumor progression. Our data indicated that ageing process contributed to the tumor microenvironment of prostate cancer. The three ageing subtypes reflected the heterogeneity of the tumor microenvironment.
With WGCNA, we determined ageing-relevant subtype-associated co-expression model and genes. These ageing-derived genes exerted critical roles in modulation of immune response, autophagy, metabolism, and tumorigenic pathways. Among them, 43 ageing-derived genes had significant prognostic implications in prostate cancer. Evidences suggest that gene signatures are remarkedly and independently predictive of adverse pathology among men who present low-risk prostate cancer receiving prostatectomy (Cooperberg et al., 2021). Considering the influence of ageing on the heterogeneity of prostate cancer as well as clinical prognosis, an ageing-derived gene signature comprised of ARGLU1, EIF2S2, and AP000844.2 was conducted based on WGNCA, random forest, and uni- and multivariate cox regression models. Following verification, this signature was independently and robustly predictive of patients’ prognosis. The predictive value of this signature was also confirmed in an external dataset. Further analyses demonstrated that this signature showed negative interactions with immune suppression, which indirectly indicated the critical implication of ageing in immunotherapeutic effects. Previously, ARGLU1 acts as an important transcriptional coactivator as well as an important splicing regulator concerning stress hormone signals and developmental activation (Magomedova et al., 2019). ARGLU1 down-regulation is in relation to advanced TNM staging as well as more dismal OS of gastric cancer patients (Li et al., 2021). Additionally, overexpressed ARGLU1 reduces gastric cancer progression. EIF2S2 triggers tumorigenesis as well as progression through modulating MYC-mediated suppression by FHIT-relevant enhancer (Jiwei Zhang et al., 2020). The potential prognostic implications of AP000844.2 has been proposed in prostate cancer (Liu et al., 2020; Huang et al., 2021). Our experimental evidences demonstrated that EIF2S2 accelerated proliferation, invasion, and migration in prostate cancer cells, indicative of the tumorigenic function of EIF2S2 in prostate cancer.
Nevertheless, there are a few limitations in our study. Numerous prostate cancer specimens were required to verify the stability of ageing-relevant subtypes as well as the interactions of ageing with immunity require in-depth experimental verifications.
CONCLUSION
Collectively, our research characterized three subtypes of ageing-relevant molecules for prostate cancer, indicative of diverse clinical outcomes. Ageing-relevant genes were critical contributors to the heterogeneity of the tumor microenvironment within prostate cancer. The ageing-relevant gene signature acted as a prospective predictor that presented great implications for distinguishing survival, ageing-relevant subtypes, tumor microenvironment cell infiltrating features, and immunotherapeutic responses of prostate cancer patients.
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