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Prostate cancer (PCa) represents one of the most prevalent types of cancers and is a large health burden for men. The pathogenic mechanisms of PCa still need further investigation. The aim of this study was to construct an effective signature to predict the prognosis of PCa patients and identify the biofunctions of signature-related genes. First, we screened differentially expressed genes (DEGs) between PCa and normal control tissues in The Cancer Genome Atlas (TCGA) and GSE46602 datasets, and we performed weighted gene co-expression network analysis (WGCNA) to determine gene modules correlated with tumors. In total, 124 differentially co-expressed genes were retained. Additionally, five genes (ARHGEF38, NETO2, PRSS21, GOLM1, and SAPCD2) were identified to develop the prognostic signature based on TCGA dataset. The five-gene risk score was verified as an independent prognostic indicator through multivariate Cox regression analyses. The expression of the five genes involved in the signature was detected in the Gene Expression Omnibus (GEO), Gene Expression Profiling Interactive Analysis (GEPIA), and Oncomine databases. In addition, we utilized DiseaseMeth 2.0 and MEXPRESS for further analysis and found that abnormal methylation patterns may be a potential mechanism for these five DEGs in PCa. Finally, we observed that these genes, except PRSS21, were highly expressed in tumor samples and PCa cells. Functional experiments revealed that silencing ARHGEF38, NETO2, GOLM1, and SAPCD2 suppressed the proliferation, migration, and invasiveness of PCa cells. In summary, this prognostic signature had significant clinical significance for treatment planning and prognostic evaluation of patients with PCa. Thus, ARHGEF38, NETO2, GOLM1, and SAPCD2 may serve as oncogenes in PCa.
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INTRODUCTION

Prostate cancer (PCa) is a common malignant neoplasm among men in the urogenital system that not only impairs the patients’ quality of life but also simultaneously causes financial burdens for society and the family (Saad, 2019). PCa accounts for nearly one in five newly diagnosed cancers and has become the second most prevalent malignancy. Moreover, the estimated deaths caused by PCa rank second (33,330 deaths) in American men, ranking only after gastric cancer (Siegel et al., 2020). The etiology and early events in the progression of PCa remain unclear, and a combination of factors likely contributes to its development (Rui et al., 2019). Several therapies are currently used for the treatment of PCa, including active surveillance, radical prostatectomy, conventional chemotherapy, external beam radiation, targeted therapy, and hormonal therapy (Skolarus et al., 2014). With the improvement of therapeutic strategies, the incidence of patient mortality has decreased. Unfortunately, previous studies have reported that up to 25% of men who undergo curatively intended treatment will experience biochemical recurrence (BCR; Brockman et al., 2015). Patients with BCR then have a risk of metastasis and cancer death (Shao et al., 2020).

At present, PCa can be diagnosed in the early stage by the detection of prostate-specific antigen (PSA), which is a routinely and extensively utilized circulating marker (Grossman et al., 2018). However, PSA testing presents high false-positive rates that contribute to overdiagnosis, unnecessary biopsies, and overtreatment because it is also associated with other benign diseases, such as benign prostatic hyperplasia (BPH) or prostatitis (Loeb et al., 2014; Ferrer-Batallé et al., 2017). Additionally, not all PCa cases give rise to an elevated serum PSA concentration. To further aid the decision-making process for clinicians, the ratio-free PSA/total PSA, PSA density, four-kallikrein panel, and prostate health index have been introduced (Kohaar et al., 2019). However, the prediction accuracy of PCa prognostic markers still needs to be improved. Currently, the identification of effective biomarkers for the prediction and prognosis of PCa is still one of the utmost challenges in clinical practice.

The advancement of high-throughput next-generation sequencing technologies and bioinformatics has revolutionized gene expression research and our understanding of cancer (Zeng et al., 2013). Transcriptome data analysis is an efficient way to identify differentially expressed genes (DEGs) at the whole genome level, which provides a method to explore the underlying molecular mechanisms of gene expression regulation and to investigate the quantitative change in expression profiles between the control and treatment groups (To, 2000). Furthermore, weighted gene correlation network analysis (WGCNA) has been demonstrated as an efficient systems biology approach designed for constructing a co-expression network among the identified genes (Langfelder and Horvath, 2008). This method clusters highly relevant genes into a module and relates them to clinical characteristics, which may be helpful in screening tumor markers to improve the level of clinical early diagnosis and ultimately benefit improved therapeutic effects. To date, many studies have considered the expression of genes individually and ignored the underlying high degree of interconnection among genes.

In the present study, we applied the above two methods to combine the WGCNA findings with DEG analysis to identify differentially co-expressed genes. Thus, our study not only focused on DEGs but also fully considered the internal relationships among genes. We then constructed a prognostic signature as an independent factor in PCa patients using integrated bioinformatics methods based on The Cancer Genome Atlas (TCGA) database. In addition, we used several public databases to verify the stability and reliability of our results. Finally, functional analyses (in vitro) were further performed to confirm the role of these selected genes in PCa.



MATERIALS AND METHODS


Data Source

In the present study, the corresponding raw transcriptome count data and clinical information of patients with PCa were obtained from TCGA database1. This dataset is comprised of 489 PCa and 51 non-cancerous prostate samples as well as RNA-seq count data for 19,648 genes. For the convenience of downstream analysis, all probe identifiers were converted to Ensembl gene IDs using the human genome sequence (GRCh38/hg38)2 and annotation GTF file (GENCODE version 26). Annotation probes were not removed, and analysis of gene expression was performed only on genes exceeding an average of >1 counts per million (CPM). Finally, a total of 14,440 genes with read per kilobase million (RPKM) values were utilized for further analysis after filtering.

Subsequently, the expression profile of GSE46602 submitted by Mortensen et al. (2015) was acquired from the Gene Expression Omnibus (GEO) database using the keyword “prostate cancer” in NCBI3. The GSE46602 dataset, which was generated using the GPL570 platform (HG-U133_Plus_2) Affymetrix Human Genome U133 Plus 2.0 Array, includes 36 PCa samples and 14 normal prostate samples. Probe sets corresponding to the Arabidopsis Genome Initiative (AGI) gene identifiers were located based on the probe annotation file from GEO, and the average value was used as the reference if multiple probes targeted the same gene. Finally, 21,654 genes were selected for subsequent analysis.



Analysis of DEGs Between PCa and Normal Samples

Publicly available microarray data were subjected to background correction and normalization as well as differential expression analysis using the “limma” R package (Ritchie et al., 2015). The “limma” package was utilized to identify the DEGs between PCa tissues and normal tissues in both TCGA and GSE46602 datasets. The P values were adjusted for multiple testing correction by false discovery rate (FDR; Benjamini and Hochberg, 1995). DEGs were recruited with | log2FC| value > 1 and FDR < 0.05.



WGCNA and Clinically Significant Module Identification

Weighted gene co-expression network analysis was applied to identify interesting gene modules highly connected with other genes (Langfelder and Horvath, 2008). To determine potential highly co-expressed clusters of genes, the gene profiles of TCGA and GSE46602 datasets were utilized to construct co-expression networks with the “WGCNA” package. First, the samples were subjected to cluster analysis through the “hclust” function to verify and eliminate outliers. Second, an adjacency matrix was generated by analyzing the Pearson correlation between each pair of extracted genes. Third, a soft-thresholding parameter power value (β) that could emphasize the potent association of genes while penalizing the low associations to ensure the scale-free network was constructed (Botía et al., 2017). Moreover, hierarchical cluster analysis was performed to identify modules with genes of similar expression profiles according to the TOM-based dissimilarity (1-TOM) with over 50 genes for a dendrogram. A cutoff (<0.25) was then selected to merge similar modules to make the results more reliable. Network construction and consensus module detection were performed by using the “DynamicTreeCut” algorithm.

The correlations between modules and PCa were calculated using the module–trait relationships of WGCNA. In addition, we regarded the log10 transformation of the P value (lgP) for the association of gene expression and clinical condition as the gene significance (GS). The module eigengene (ME; representative of the gene expression profiles from a module) was considered the first principal component of a given module. Ultimately, the clinical significance module was determined by calculating the relationship between clinical traits and MEs. The module that exhibited the highest Pearson’s correlation coefficient was considered a candidate relevant to clinical traits and was selected for subsequent study.

A Venn diagram was constructed to identify the overlapping genes between DEGs (extracted from differential expression analysis) and co-expressed genes (extracted from WGCNA), which was drawn by the “Venn Diagram” package. To further understand the biofunction of overlapping genes, we employed Gene Ontology (GO) enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses using the “clusterProfiler” package. GO annotation included biological process (BP), cellular component (CC), and molecular function (MF) terms. A P value cutoff of 0.05 was used for significant enrichment.



Construction and Validation of the Prognostic Signature

Univariate Cox analysis was performed to evaluate the correlation between 124 genes and overall survival (OS) for PCa patients with the “survival” package based on TCGA dataset. Hazard ratios (HRs) were used to confirm risk (HR > 1) and protective (HR < 1) genes. Based on the results of univariate analysis, only the top 10 candidate genes highly associated with OS were retained for subsequent analysis. Multivariate Cox regression analysis was applied to identify the final hub genes and their estimated regression coefficients (β) with the lowest Akaike information criterion (AIC) value. The risk score formula for each patient was constructed with the following formula: risk score = [image: image]; where Coef(i) indicates the regression coefficient for each gene, and x(i) indicates the gene expression level. All PCa patients were assigned into high- or low-risk groups based on the median risk score. Kaplan–Meier survival curves were used to estimate the discriminative ability of patient prognosis, and receiver operating characteristic (ROC) curves were employed to evaluate the prognostic power of the signature. The independent prognostic factors were determined by Cox regression analysis. Moreover, the GSE46602 dataset was used as an external validation dataset.



Verification of the Signature-Related Genes

To further confirm the reliability of the signature-related genes, we compared the expression patterns between tumors and normal tissues in TCGA, GEO (GSE46602 and GSE6032), and Oncomine databases4 (Rhodes et al., 2004). The cBioPortal Cancer Genomics Portal database5 (Cerami et al., 2012), an online open-access resource for exploring a multidimensional cancer genomics dataset, was utilized to investigate the genetic alterations of the genes involved in the signature.

Additionally, to further explore the potential ability of each prognostic gene in the signature, we evaluated the association between OS and signature-related genes expressed in PCa patients through the Gene Expression Profiling Interactive Analysis (GEPIA) database6 (Tang et al., 2017), and log-rank tests were used to measure statistical significance. The area under the curve values were calculated to measure the prediction performances of the single selected genes.

The human disease methylation database (DiseaseMeth version 2.0)7 is a website focusing on collecting methylation data from tumor and adjacent normal tissues (Xiong et al., 2017). We employed this online tool to investigate methylation levels of the signature-related genes between PCa and normal tissues. MEXPRESS8 is a data visualization tool for gene expression, DNA methylation, and clinical information from TCGA. Using MEXPRESS, we not only investigated the available DNA methylation data at individual cytosine-phosphate-guanines (CpGs) related to their precise genomic location but also explored the relationships between the DNA methylation data and gene expression and several clinical parameters (Koch et al., 2019).



Tissue Samples

A total of 25 PCa tissues and 25 BPH tissues were acquired from patients who underwent surgery at the Third Affiliated Hospital of Sun Yat-sen University (Guangzhou, China). None of the PCa patients had received hormonal treatment, chemotherapy, or preoperative radiotherapy. All collected tissues were stored at −80°C until further quantitative real-time PCR (qRT–PCR) analysis. Written informed consent was obtained from all subjects, and the present study was approved by the Ethical Committee at the Third Affiliated Hospital of Sun Yat-sen University.



Immunohistochemistry

The resected fresh tissues were immediately fixed with 10% formalin and embedded in paraffin. The paraffin-embedded tissues were sectioned at a 4 mm thickness and sequentially arranged on glass slides. Briefly, the tissue sections were routinely deparaffinized with xylene and rehydrated in graded ethanol followed by incubation with 0.3% hydrogen peroxide for 10 min to block endogenous peroxidase activity. Antigen retrieval was achieved in 0.01 M citrate buffer (pH = 6.0) for 15 min at 100°C using a microwave oven followed by incubation overnight at 4°C with the following primary antibodies: rabbit anti-ARHGEF38 (1:100, ab122345, Abcam), rabbit anti-NETO2 (1:20, NBP-84624, Novus), rabbit anti-PRSS21 (1:20, Ab251695, Abcam), rabbit anti-GOLM1 (GOLPH2) (1:500, ab109628, Abcam), and rabbit anti-SAPCD2 (1:1000, NBP1–91740, Novus). After being washed three times in Tris-buffered saline with Tween (TBST), tissue sections were incubated with a secondary antibody (1:2000, ab6271, Abcam) for 30 min at 37°C. Finally, the above sections were counterstained with hematoxylin, dehydrated, cleared, and coverslipped for light microscopic examination.



qRT–PCR

Total RNA was extracted with TRIzol reagent (Invitrogen, Grand Island, NY, United States) and reverse transcribed into cDNA using the PrimeScript RT reagent Kit (TaKaRa, Japan) following the manufacturer’s protocols. qRT–PCR was performed with a SYBR Green I Master Kit (Roche) on a LightCycler® 480 System (Roche). PCR conditions were forty-five cycles at 95°C for 5 min, followed by 95°C for 10 s, 60°C for 10 s, and 72°C for 10 s. The relative mRNA levels were normalized against β-actin based on the 2–ΔΔCt method. The sequences of the qRT–PCR primers are listed in Supplementary Table 1.



Cell Culture and Cell Transfection

One normal prostate epithelial cell line (RWPE-1) and two PCa cell lines (22Rv1 and PC-3) were obtained from The American Type Culture Collection (ATCC, VA, United States). PCa cells were cultured in Dulbecco’s modified Eagle’s medium (DMEM, Thermo Fisher Scientific, Waltham, MA, United States) supplemented with 10% fetal bovine serum (FBS), while RWPE-1 cells were cultured in supplemented keratinocyte serum-free medium (K-SFM) (Thermo Fisher Scientific). All cell lines were grown in a 5% CO2-humidified incubator at 37°C.

The mRNA expression levels of ARHGEF38, NETO2, GOLM1, and SAPCD2 were knocked down using small interfering RNAs (siRNAs). Si-ARHGEF38, si-NETO2, si-GOLM1, si-SAPCD2, and si-NC (negative control) were commercially constructed by GenePharma (Shanghai, China). The sequences of these siRNAs are listed in Supplementary Table 2. After reaching a cell density of 60–70%, 22Rv1 and PC-3 cells were transfected with these siRNAs using Lipofectamine 3000 according to the manufacturer’s instructions (Invitrogen, Thermo Fisher Scientific, Waltham, MA, United States). The assays and further experiments were performed 48 h after transfection.



Cell Proliferation Assay

Cell proliferation was determined by dimethylthiazolyl diphenyltetrazolium bromide (MTT) kit (BioFroxx, Einhausen, Germany) according to the manufacturer’s instructions. Briefly, after 48 h of transfection, 22Rv1 and PC-3 cells were seeded into 96-well plates (5,000 cells per well in 200 μL of complete culture medium). Following incubation for 24, 48, 72, 96, and 120 h, 10 μL of MTT reagent was added to each well followed by incubation for 4 h. The formed formazan crystals were dissolved in 200 μL of dimethyl sulfoxide (DMSO), and the optical density (OD) value of each well was then measured at 490 nm.



Transwell Assays

Cell migration and invasion capabilities were examined using 24-well Transwell inserts with 8-μm pores (EMD Millipore Inc., MA, United States). Briefly, transfected cells (3 × 104 suspended in 200 μL of serum-free medium) were seeded into the upper chamber of a Transwell insert precoated without (migration) or with (invasion) Matrigel (BD Bioscience, United States). The lower chamber was filled with medium containing 10% FBS as a chemoattractant. After culturing for 48 h, cells in the upper chamber were gently removed, and cells that migrated or invaded through the chambers were fixed, stained, and visualized by microscopy (Nikon). Five visual fields were randomly selected for each chamber, and experiments were repeated independently at least three times.



Statistical Analysis

All data were analyzed by R software 4.0.1 (R Core Team), GraphPad Prism v7.0 (GraphPad, San Diego, CA, United States), and SPSS v23.0 (SPSS, Chicago, IL, United States). Each experiment was repeated independently three times. Data are expressed as the mean ± standard deviation (SD), and P < 0.05 was considered statistically significant.



RESULTS


Identification of DEGs

The DEGs between PCa and normal prostate samples in TCGA dataset and the GSE46602 dataset were identified using the “limma” package. In total, 1,668 DEGs in TCGA dataset, including 522 upregulated and 1,146 downregulated genes, were determined. The differential genes between the PCa group and the normal control group are presented in a heatmap (Figure 1A) and volcano plot (Figure 1B). The same screening strategy was applied to the GSE46602 dataset, identifying 694 DEGs with 251 upregulated and 446 downregulated genes. The corresponding heatmap and volcano plot are illustrated in Figures 1C,D.


[image: image]

FIGURE 1. Identification of differentially expressed genes (DEGs) between Prostate cancer (PCa) and normal tissues. (A,B) Heatmap (A) and volcano plot (B) of DEGs in The Cancer Genome Atlas (TCGA) dataset. (C,D) Heatmap (C) and volcano plot (D) of DEGs in the GSE46602 dataset.




WGCNA and Key Module Identification

To determine the hub modules most related to PCa patients, co-expression analysis was performed to construct the gene co-expression networks from TCGA dataset and the GSE46602 dataset. The tumor samples of TCGA dataset (Figure 2A) and the GSE46602 dataset (Figure 3A) were clustered with the Pearson correlation method and the average linkage method. No outlier sample was detected or removed. To ensure that the constructed networks were scale-free, we selected the optimal β = 4 (scale-free R2 = 0.9) (Figure 2B) in TCGA dataset and β = 7 (scale-free R2 = 0.9) (Figure 3B) in the GSE46602 dataset. By using a cutoff of 0.25 and minimal module size of 50, 15 modules in TCGA (Figures 2C,D) and 18 modules in GSE46602 (Figures 3C,D) were retained for subsequent analyses (gray module indicates no assignment to any cluster).


[image: image]

FIGURE 2. Identification of modules related to the clinical traits in TCGA dataset. (A) Clustering dendrograms of samples as well as the clinical features. (B) The left panel shows the scale-free fitting indices for various soft-thresholding powers (β). The right panel shows the mean connectivity as a function of the soft-threshold power. (C) Clustering of module eigengenes. The red line indicates the cutoff (0.25). (D) Cluster dendrogram of co-expression network modules based on the 1-TOM matrix. (E) Heatmap of the correlation between module eigengenes and clinical traits of PCa. Each cell contains the corresponding correlation and P value. (F) Scatter plot of module eigengenes in the black module. Each module represents a cluster of co-related genes and was assigned a unique color.



[image: image]

FIGURE 3. Identification of modules associated with the clinical information in the GSE46602 dataset. (A) Clustering dendrograms of samples as well as the clinical features. (B) The left panel shows the scale-free fitting indices for various soft-thresholding powers (β). The right panel shows the mean connectivity as a function of the soft-threshold power. (C) Clustering of module eigengenes. The red line indicates cutoff (0.25). (D) Cluster dendrogram of co-expression network modules based on the 1-TOM matrix. (E) Heatmap of the correlation between module eigengenes and clinical traits of PCa. Each cell contains the corresponding correlation and P value. (F) Scatter plot of module eigengenes in the turquoise module. Each module represents a cluster of co-related genes and was assigned a unique color.


We then evaluated the relationship between each module and clinical features using the heatmap. After module-trait relationship analysis, the black module (r = −0.49, P = 2e-33) (Figure 2E) in TCGA and the turquoise module (r = 0.86, P = 5e-18) (Figure 3E) in GSE46602 had the highest association with PCa. The expression levels of genes in the black module were negatively associated with PCa, while those of the turquoise module were positively associated with PCa. In total, 1,549 and 1,966 co-expressed genes were identified in the black module of TCGA dataset and the turquoise module of the GSE46602 dataset, respectively. In addition, the scatter plots of the blue module (Figure 2F) and the turquoise module (Figure 3F) showed a high correlation between GS and module membership. Thus, the black module of TCGA dataset and the turquoise module of the GSE46602 dataset were regarded as two promising PCa-related modules.



Identification of Overlapping Genes and Functional Enrichment Analysis

Based on the above results, we identified a total of 1,668 DEGs and 1,549 co-expressed genes in TCGA dataset in addition to 694 DEGs and 1,966 co-expressed genes in the GSE46602 dataset. The Venn diagram indicated that there were 124 overlapping genes between the different groups (Figure 4A).


[image: image]

FIGURE 4. Identification of overlapping genes among DEG lists, co-expression modules, and functional enrichment analysis. (A) Venn diagram of overlapping genes among DEG lists and co-expression modules. (B) Enriched biological process (BP), cellular component (CC), and molecular function (MF) of the overlapping genes. (C) Enriched Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways of the overlapping genes.


To further investigate the potential molecular mechanisms of the 124 genes in PCa, GO, and KEGG functional annotation analyses were performed. GO analysis suggested that 124 overlapping genes were significantly associated with the following BPs, including gland development, epithelial cell proliferation, and positive regulation of MAP kinase activity (Figure 4B). CC analysis showed that cell-cell junctions, endoplasmic reticulum lumen, and collagen-containing extracellular matrix were the most common classifications. For MF, these genes were mainly associated with channel activity, passive transmembrane transporter activity, and transmembrane receptor protein kinase activity. Moreover, our results revealed that 124 overlapping genes were involved in the PI3K-Akt signaling pathway and Hippo signaling pathway through KEGG enrichment analysis (Figure 4C). These results showed that these 124 overlapping genes are significantly involved in PCa progression.



Construction and Validation of a Signature to Predict the Prognosis of PCa Patients

To study the prognostic value of 124 overlapping genes in PCa, we performed univariate Cox regression analysis based on TCGA data and identified genes highly correlated with OS. The top 10 genes were as follows: ARHGEF38, LPAR1, NETO2, PRSS21, SLC12A8, GOLM1, GPR160, FAM107A, SAPCD2, and GPX3. Among these 10 genes, ARHGEF38, NETO2, SLC12A8, GOLM1, GPR160, and SAPCD2 were risk genes with HR > 1, while LPAR1, PRSS21, FAM107A, and GPX3 were protective genes with HR < 1. Five genes, including ARHGEF38, NETO2, PRSS21, GOLM1, and SAPCD2, were identified to construct the prediction signature based on the lowest AIC value in the multivariate Cox regression analysis. The risk score was calculated as follows: risk score = (0.2036 × expression level of ARHGEF38) + (−0.4913 × expression level of NETO2) + (−1.5379 × expression level of PRSS21) + (0.0025 × expression level of GOLM1) + (0.1365 × expression level of SAPCD2).

We then divided PCa patients into high- and low-risk groups based on the median risk scores. Kaplan–Meier analysis revealed that the survival of PCa patients in the high-risk group was significantly shorter than that in the low-risk group (P = 8.377e–03) (Figure 5A). To validate the potential diagnostic and recognition effectiveness of the constructed prognostic signature, ROC analysis was applied, and the AUC value was calculated. Furthermore, we also evaluated the AUC values of several clinical parameters, including age, N stage, T stage, PSA value, and total Gleason score. The signature curve showed the greatest AUC value (AUC = 0.827) compared to the age curve (AUC = 0.573), N stage curve (AUC = 0.579), T stage curve (AUC = 0.558), PSA value curve (AUC = 0.651), and total Gleason score curve (AUC = 0.678) (Figure 5B). These results suggested that the constructed prognostic signature may be better than the other clinical parameters and more accurate in differentiating PCa patients. Figure 5C shows the distributions of the prognostic signature-based risk scores. The survival status of PCa patients was marked on the dot plot, and the results showed that the mortality rate of patients increased with the increase in risk score (Figure 5D). Heatmap analysis revealed distinct patterns of gene expression between the groups. For patients with high-risk scores, the expression levels of four risk genes were upregulated, and one protective risk gene was downregulated. In contrast, the expression of prognostic genes presented the opposite patterns in the low-risk group (Figure 5E).
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FIGURE 5. Prognostic signature of PCa patients based on TCGA database. (A) Kaplan–Meier survival curves for patients in the high- and low-risk groups. (B) Receiver operating characteristic (ROC) curve for survival predictions for the constructed signature in comparison to several clinical parameters, including age, N stage, T stage, prostate-specific antigen (PSA), and Gleason score. (C) Distributions of risk scores. (D) Distributions of overall survival (OS) status. (E) Heatmap of the signature-related gene expression profiles. (F,G) Univariate (F) and multivariate (G) Cox regression analyses verified the independent value of the signature for overall survival.


Subsequently, to examine whether the prognostic signature-based risk score is an independent prognostic indicator, Cox regression analyses were performed using the prognostic signature-based risk score and relevant clinical indicators (including age, N stage, T stage, PSA value, and total Gleason score) in TCGA dataset. As a result, the N stage, Gleason score, and risk score were closely correlated with OS in univariate analysis (Figure 5F), and only the risk score was still significantly related to OS in multivariate analysis (Figure 5G). Together, these findings indicated that the signature is an independent prognostic indicator for predicting OS in patients with PCa.

In addition, we used the GSE46602 dataset to validate our signature. Due to the few dead patients in the GSE46602 dataset, we used BCR-free survival to prove its utility. Kaplan–Meier curves demonstrated that patients in the high-risk group had a poorer prognosis than those in the lower-risk group (P < 0.05) (Supplementary Figure 1A). The ROC curve showed great classifying efficacy of the constructed signature (AUC = 0.756) (Supplementary Figure 1B).



Validation of the Expression Pattern, Prognostic Value, and Methylation Level of the Signature-Related Genes

After these signature-related genes were screened out, we then validated the differential expression between tumors and normal tissues. In PCa tissues compared to normal control tissues based on TCGA database, four risk genes (ARHGEF38, NETO2, GOLM1, and SAPCD2) were significantly upregulated, while one protective gene (PRSS21) was downregulated (Figure 6A). In addition, these gene expression patterns agreed with the results described above using TCGA paired data (Figure 6B). The expression patterns of signature-related genes were further confirmed in internal (GSE46602) (Figure 6C) and external (GSE60329) validation datasets (Figure 6D) from the GEO database and in the Oncomine online database (Figure 7A), which were consistent with the above results. Because there was no information available for the SAPCD2 expression profile in the GSE60329 dataset and Oncomine database, we did not further investigate SAPCD2.
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FIGURE 6. Validation of the expression levels of the five signature-related genes in TCGA and Gene Expression Omnibus (GEO) databases. (A) ARHGEF38, NETO2, PRSS21, GOLM1, and SAPCD2 gene expression differences between PCa and normal tissues in TCGA dataset. (B) ARHGEF38, NETO2, PRSS21, GOLM1, and SAPCD2 gene expression differences between PCa and paired adjacent non-tumor prostate tissues in TCGA dataset. (C,D) ARHGEF38, NETO2, PRSS21, GOLM1, and SAPCD2 gene expression differences between PCa and normal tissues in the GSE46602 dataset (C) and the GSE60329 dataset (D). *P < 0.05, **P < 0.01, ***P < 0.001, and ****P < 0.0001.
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FIGURE 7. Expression and genetic alterations of the five signature-related genes. (A) An overview of the expression levels of five signature-related genes in the Oncomine database. (B) Genetic alterations of ARHGEF38, NETO2, PRSS21, GOLM1, and SAPCD2 in TCGA-PCA patients based on the cBioPortal for Cancer Genomics database.


The genetic alterations of the five genes were analyzed according to the cBioPortal database. Among these five genes, NETO2 possessed the most frequent genetic alterations (Figure 7B). In addition, we observed that the most common type of alteration was amplification in all genes, except for GOLM1. The abovementioned observations confirmed aberrant expression statuses of the signature-related genes, and genetic alteration, at least in part, may contribute to the aberrant expression of the corresponding genes.

Subsequently, OS analyses of these five genes were performed using the GEPIA database to further investigate the prognostic values of the signature-related genes in PCa patients. Kaplan–Meier analyses suggested that higher expression levels of ARHGEF38 and GOLM1 were significantly associated with worse OS (P < 0.05), while no significant difference was found in OS related to the expression levels of NETO2, PRSS21, and SAPCD2 (Supplementary Figure 2A). In addition, we observed that these genes presented a lower AUC value when they were evaluated alone (ARHGEF38, AUC = 0.688; NETO2, AUC = 0.604; PRSS21, AUC = 0.753; GOLM1, AUC = 648; and SAPCD2, AUC = 0.673) (Supplementary Figure 2B) compared to the constructed signature. Notwithstanding, these genes exhibited a competitive performance for survival prediction of PCa.

To further understand the methylation levels of these signature-related genes, the DNA methylation data in PCa were downloaded from the DiseaseMeth database. The results indicated that the methylation levels of ARHGEF38, NETO2, GOLM1, and SAPCD2 (risk genes) were lower in PCa than in normal tissues (Supplementary Figure 3). In contrast, PRSS21 (a protective gene) presented hypermethylation in the disease state. Additionally, MEXPRESS analysis indicated that DNA methylation at multiple sites of these signature-related genes negatively correlated with their expression (Supplementary Figure 4). This potential mechanism may be the main reason for the aberrant expression of these signature-related genes in PCa.



Expression Levels of Signature-Related Genes in Clinical Patients

To validate the results of the previous comprehensive analysis, we first detected the expression levels of ARHGEF38, NETO2, PRSS21, GOLM1, and SAPCD2 in 25 paired tissue samples. As expected, the protein levels of the four risk genes (ARHGEF38, NETO2, GOLM1, and SAPCD2) were significantly higher in PCa tissues than in BPH tissues (Figure 8A), which agreed with our previous findings. However, PRSS21 protein expression was not detected in either BPH or PCa tissues. We also detected the mRNA levels of five signature-related genes by qRT–PCR, and similar results were obtained (Figure 8B). We then validated the biofunctions of ARHGEF38, NETO2, GOLM1, and SAPCD2 in PCa cells through in vitro experiments.


[image: image]

FIGURE 8. Protein and mRNA levels of signature-related genes in clinical patients. The protein levels (A) and mRNA levels (B) of ARHGEF38, NETO2, GOLM1, and SAPCD2 were higher in tumor tissues than in BPH tissues, but the levels of PRSS21 were not different in the tumor and BPH tissues. ∗∗P < 0.01, ∗∗∗P < 0.001, ns, no significance.




Silencing ARHGEF38, NETO2, GOLM1, and SAPCD2 Suppresses PCa Cell Proliferation, Migration, and Invasion

To further evaluate the roles of ARHGEF38, NETO2, GOLM1, and SAPCD2 in PCa, preliminary experiments were performed in vitro. We first quantitatively determined the mRNA expression levels of four genes in the RWPE1 cell line and two PCa cell lines (22Rv1 and PC-3), and we found that the mRNA levels of these genes were highly expressed in both PCa cell lines compared to the RWPE1 cell line (Figures 9A,B).
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FIGURE 9. Differential mRNA expression of ARHGEF38, NETO2, GOLM1, and SAPCD2 in different cell lines. (A,B) ARHGEF38, NETO2, GOLM1, and SAPCD2 were significantly higher in PC-3 (A) and 22Rv1 (B) cells compared to RWPE-1 cells. (C–F) siRNAs inhibited the mRNA expression of ARHGEF38, NETO2, GOLM1, and SAPCD2. *P < 0.05.


To further examine the effects of the expression of the four genes in PCa cells, we synthesized siRNAs targeting these genes to downregulate their expression in 22Rv1 and PC-3 cells. qRT–PCR analysis showed that the mRNA expression of these genes in siRNA-transfected PCa cells was significantly downregulated compared to cells treated with negative control siRNA (si-NC) (Figures 9C–F). MTT assays were performed to evaluate the relationship between these four genes and cell proliferation. Silencing ARHGEF38, NETO2, GOLM1, and SAPCD2 inhibited the proliferative abilities of 22Rv1 (Figure 10A) and PC-3 cells (Figure 10B). In addition, Transwell migration and invasion assays demonstrated that silencing these four genes inhibited the migratory and invasion abilities of 22Rv1 (Figure 11A) and PC-3 (Figure 11B) cells compared to those transfected with si-NC.
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FIGURE 10. ARHGEF38, NETO2, GOLM1, and SAPCD2 promote the proliferation of PCa cells according to a MTT assay. (A,B) Silencing of ARHGEF38, NETO2, GOLM1, and SAPCD2 suppressed the proliferation of PC-3 cells (A) and 22Rv1 cells (B). NC, negative control. ***P < 0.001.
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FIGURE 11. Effects of ARHGEF38, NETO2, GOLM1, and SAPCD2 on the migration and invasive abilities of PCa cells as assessed by Transwell assays. (A) Knockdown of ARHGEF38, NETO2, GOLM1, and SAPCD2 inhibited the migration and invasion abilities of PC-3 cells (A) and 22Rv1 cells (B). NC, negative control.




DISCUSSION

Prostate cancer is biologically and clinically a heterogeneous disease whose risk varies with host and tumor characteristics, and its pathogenesis remains unclear (Tosoian et al., 2015). Despite advancements in PCa treatment modalities, treatment options for advanced modalities are still rather limited. Early diagnosis and treatment can significantly improve patients’ prognoses. However, current diagnostic methods, such as PSA assays, are defective and may result in many false positives in non-malignant cases. Thus, searching for novel tumor markers for diagnosis or prognosis prediction is of great significance.

With the rapid development of genome-sequencing technology, an increasing number of promising biomarkers have been identified to have potential value in diagnosis or prognosis prediction. Although some genes or prognostic models have been identified to predict the outcome for PCa patients by screening out DEGs, few of them have obtained differentially co-expressed genes through combining WGCNA findings with differential gene expression analysis. WGCNA is an effective method for the identification of potent genes and the underlying related biological processes in large-scale cancer gene expression profiles (Lu et al., 2014). WGCNA has been used to determine gene co-expression modules related to clinical features using a soft-threshold algorithm, allowing the co-expression network to align with the characteristics of biological networks, resulting in higher reliability and biological implications (Langfelder and Horvath, 2008).

In the present study, we first screened DEGs between PCa and normal control tissues in TCGA dataset and the GSE46602 dataset. Subsequently, we identified significant modules through WGCNA and observed that the black module in TCGA dataset and the turquoise module in the GSE46602 dataset were highly associated with PCa. After creating an intersection, we obtained 124 overlapping genes that possessed relevant expression patterns by combining WGCNA findings with DEG analysis.

Gene Ontology enrichment analysis showed that 124 overlapping genes were enriched in several biological terms, including gland development, epithelial cell proliferation, and positive regulation of MAP kinase activity, confirming their involvement in the development of PCa (Yu et al., 2007; Mayo et al., 2017; Madueke et al., 2019). The results from KEGG pathway analysis indicated that the PI3K-Akt signaling pathway was the most significantly identified pathway. It has been reported that the PI3K-Akt signaling pathway regulates survival, proliferation, growth, migration, and angiogenesis (Sarker et al., 2009). Activation of the PI3K/Akt pathway is vital to PCa metastasis and drug resistance to chemotherapy (Toren and Zoubeidi, 2014). Furthermore, the KEGG pathways were also enriched in the Hippo signaling pathway and Wnt signaling pathway, which have been demonstrated to play important roles in different stages of PCa initiation, progression, and regulation of AR signaling (Murillo-Garzón and Kypta, 2017; Salem and Hansen, 2019). Together, these results suggested that these overlapping genes are involved in the occurrence and progression of PCa.

Based on the overlapping genes, we then used Cox regression analysis to construct a five-gene prognostic signature to predict the outcome of PCa in TCGA dataset. The patients in the high-risk group had a significantly shorter survival time than those in the low-risk group. We then further validated the effectiveness of the signature in predicting BCR-free survival in the GSE46602 dataset. ROC analysis demonstrated that the constructed prognostic signature might be better than the other clinical parameters and more accurate in differentiating PCa patients. Further Cox regression analysis indicated that the signature was an independent prognostic indicator for the prognostic assessment of PCa. In clinical situations, we suggest more frequent follow-up and active treatment in PCa patients with higher scores to greatly improve prognosis, corresponding to the concept of precision medicine.

These five genes (ARHGEF38, NETO2, PRSS21, GOLM1, and SAPCD2) in our signature have been previously reported to participate in tumorigenesis and progression. Rho guanine nucleotide exchange Factor 38 (ARHGEF38), a member of the Rho guanine nucleotide exchange factor family, may have important significance in regulating membrane protrusions to guide cell migration (Liu et al., 2020). Liu et al. (2020) found that ARHGEF38 is significantly overexpressed in PCa compared to benign prostate hyperplasia, especially in high-grade prostate cancer. In addition, compared to tissues without lymph node metastasis, ARHGEF38 protein presents a much higher expression in PCa tissues with lymph node metastasis. These results suggest that ARHGEF38 may promote PCa migration and metastasis, thereby contribute to PCa progression (Liu et al., 2020). Our results confirmed that ARHGEF38 was upregulated in PCa and that it may serve as an oncogene, thereby agreeing with previously reported studies.

Neuropilin and tolloid-like 2 (NETO2), a member of the subfamily containing CUB and LDLa domains, has recently been reported to be upregulated in different types of solid tumors, such as colorectal cancer (Hu et al., 2015), pancreatic cancer (Li et al., 2019), and hepatocellular carcinoma (Villa et al., 2016). A recent study of gastric cancer (Liu et al., 2019) has demonstrated that NETO2 is a vital oncoprotein that activates the PI3K/Akt/NF-κB/Snail axis to contribute to gastric carcinoma invasion and metastasis by inducing EMT. Interestingly, our results indicated that the PI3K-Akt signaling pathway was the most significantly identified pathway in the KEGG pathway analysis. Activation of the PI3K/Akt pathway was highly correlated with PCa progression. Based on these results, we speculate that NETO2 may enhance PCa progression through the PI3K/Akt pathway. However, further experiments are needed to confirm this hypothesis.

Serine protease 21 (PRSS21), also known as testisin, encodes a predicted glycosyl-phosphatidylinositol–linked (GPI)-linked or membrane-anchored protein (Hooper et al., 1999). PRSS21 has been reported to be upregulated in premeiotic testicular germ cells but not in other normal adult tissues (Hooper et al., 1999). Tang et al. (2005) found that PRSS21 mRNA is overexpressed in ovarian tumors but has restricted expression in normal human tissues other than the testis. However, Conway et al. (2019) unexpectedly discovered that increased PRSS21 activity has a minor impact on cell proliferation but inhibits intraperitoneal tumor metastasis, resulting in a significantly reduced tumor burden. In our research, we found that the expression of PRSS21 was higher in the normal samples than in the PCa samples in TCGA-PCa dataset. Nevertheless, PRSS21 was rarely or never expressed in both PCa and normal control tissues in our experimental validation, which agreed with previous studies. However, the role of PRSS21 in prostate cancer needs further exploration.

Golgi membrane protein 1 (GOLM1), a transmembrane glycoprotein of the Golgi cisternae, is involved in the carcinogenesis of many types of cancers. Yan et al. (2018) reported that GOLM1 promotes proliferation, migration, and invasion but inhibits apoptosis in PCa cell lines (DU145, PC-3, and 22Rv1) by activating the PI3K-Akt-mTOR signaling pathway, supporting our hypothesis that NETO2 may promote the progression of PCa by upregulating the PI3K/Akt pathway. In addition, GOLM1 facilitates hepatocellular carcinoma metastasis by regulating membrane protein trafficking, especially the signaling kinetics of EGFR/RTK complex recycling (Ye et al., 2016).

Suppressor anaphase-promoting complex domain containing 2 (SAPCD2), a cell cycle-dependent gene, has been reported to be upregulated in many solid tumors. For example, SAPCD2 enhances breast cancer cell proliferation ability by modulating the expression of YAP/TAZ, thereby promoting the progression of breast cancer. SAPCD2 may be associated with gastric cancer cell proliferation. Silencing SAPCD2 significantly inhibits cancer cell proliferation and colony formation of gastric cancer cells. The significance of SAPCD2 in PCa is currently unclear and requires further investigation to elucidate the mechanisms that contribute to PCa progression.

To further investigate the cause of abnormal expression of the signature-related genes in PCa, we used DiseaseMeth 2.0 and MEXPRESS to explore the relationship between DNA methylation patterns and gene expression levels. Compared to normal tissues, ARHGEF38, NETO2, GOLM1, and SAPCD2 were hypomethylated in prostate tumors, while PRSS21 was hypermethylated in prostate tumors compared, which may be the underlying mechanism for the abnormal expression of the five genes in PCa. In addition, our analysis suggested that genetic alterations might contribute to aberrant gene expression to some extent.

The present study demonstrated that silencing ARHGEF38 and GOLM1 attenuated PCa cell proliferation, migration, and invasion abilities, which agreed with previous research (Yan et al., 2018; Liu et al., 2020). Although NETO2 and SAPCD2 have been reported to be involved in angiogenesis in different tumor types, the potential roles of these two genes in PCa were not elucidated. Through a series of functional analyses (in vitro), we verified the pro-cancer abilities of NETO2 and SAPCD2, which provided a new approach for further study on the mechanism in PCa.

Although the results of our study are encouraging, we should also recognize several limitations of our work. First, larger sample clinical studies are needed to validate the clinical significance of the constructed signature as an independent prognostic indicator for PCa, which we will concentrate on in future research. Second, no detailed systematic therapy data were integrated into the model, which might further improve the performance.



CONCLUSION

Our study constructed a prognostic signature for PCa patients by combining WGCNA with DEG analysis. The five identified signature-related genes were significantly associated with the progression and prognosis of PCa. Moreover, ARHGEF38, NETO2, GOLM1, and SAPCD2 promoted the proliferation, migration, and invasion of PCa. This research not only discovered possible candidate markers and targets for PCa diagnosis or treatment but also provided a better understanding of the potential etiology and molecular pathogenesis of PCa by integrating multiple bioinformatics approaches and validating experiments.
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