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Introduction

Prostate cancer (PCa) has the second highest morbidity 
and mortality rates in men worldwide, succeeding lung 
cancer (1). Family history, race, and genetic factors are well-
established risk factors for PCa (2). Men of African ancestry 
have the highest PCa incidence, followed by European and 

Asian men (3). The risk of PCa is correlated with increasing 
age; almost all PCa patients are over 50 years of age, with 
an average age of 66 years (4). In 2020, about 1,414,259 new 
cases of PCa and 375,304 associated deaths have occurred 
globally (5). By 2030, the number of new PCa cases 
worldwide is predicted to increase to 1,700,000 and lead to 
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about 500,000 deaths (1). 
Currently, typical clinical diagnosis methods for PCa 

include digital rectal examination (DRE), serum prostate 
specific antigen (PSA) level measurement, multiparametric 
magnetic resonance imaging (mpMRI), and trans-rectal 
ultrasound (TRUS) guided biopsy (6). However, each of 
these methods can only identify a proportion of cancers. 
For higher diagnosis efficiency, these methods are usually 
used in combination (7). Prostate-specific membrane 
antigen (PSMA) tagged PET/CT was reported to be 
a promising novel clinical imaging diagnostic method, 
but was more specific to advanced and metastatic disease 
than primary disease (8). Additionally, recent studies have 
revealed new biomarkers except the most widely used PSA, 
including prostate antigen 3 (PCA3), lncRNA, miRNA, 
and TMPRSS2:ERG fusion gene (9-11). An accurate pre-
biopsy diagnosis method could reduce the number of 
unnecessary biopsies which would help prevent patients’ 
potential pain and risk related to the procedure (12). 
Meanwhile, molecular biomarkers provide added and 
worthy information about the biological mechanisms of 
PCa and can supplement existing clinicopathologic tools 
for prognosis (13). Therefore, further research that focuses 
on prospective molecular mechanisms associated with PCa 
may help to identify effective biomarkers, which could 
contribute to earlier diagnosis, prediction of prognosis and 
recurrence, and indication of potential therapeutic targets 
for patients.

With the rapid development of high-throughput 
sequencing technology, bioinformatics analysis has 
become a powerful tool in biomedical field for predicting 
disease-associated genes, disease subtypes, and disease  
treatment (14). The search for tumor-related genes and 
their related molecular mechanism has extensively involved 
the use of gene expression profile analyses in pursuit of 
discovering tumor-specific biomarkers, drug therapeutic 
targets, and prognosis predictors. However, due to the small 
sample sizes in individual studies and the use of different 
technological platforms, substantial inter-study variability 
and difficult statistical analyses have been generated (15). To 
solve this problem, integrated bioinformatics methods such 
as Robust Rank Aggregation (RRA), ImaGEO, minimum 
Redundancy Maximum Relevance (mRMR), support vector 
machine (SVM), and MetaDE, have been applied in various 
cancer studies, such as non-small cell lung cancer (NSCLC), 
cervical cancer, colorectal cancer, esophageal squamous cell 
carcinoma (ESCC) (16-21). These methods can integrate 
data from different independent studies and obtain more 

clinical samples for data mining, for ease of achieving more 
robust and accurate analysis. It’s worth noting that although 
numerous studies have already explored candidate gene 
biomarkers in PCa, most of these studies merely analyze 
individual dataset or utilize Venn diagram to directly 
combine the screened differentially expressed genes (DEGs) 
from different datasets, which may overlook some crucial 
biological information due to the high heterogeneity in PCa 
(22-27). Thus, we aim to suggest and improve the potential 
scarcity of studies on interaction-based analysis of DEGs  
in PCa.

In this study, 4 microarray datasets from Gene Expression 
Omnibus (GEO) database were analyzed. We innovatively 
combined 2 integrated bioinformatics method MetaQC/
MetaDE and RRA to improve the efficiency and accuracy 
of DEGs screening. After 368 DEGs (120 upregulated and 
248 downregulated) were detected, the Gene Ontology 
(GO) functional annotation and Kyoto Encyclopedia of 
Genes and Genomes (KEGG) pathway enrichment analysis 
of these genes were performed, and the protein-protein 
interaction (PPI) network of the DEGs was constructed; 
11 hub genes were detected from the PPI network and 
after the survival and clinical attribute analysis, 4 of 11 
hub genes CAV1, KRT5, SNAI2, MYLK show potential 
clinical diagnostic and prognostic value and could be used 
as novel candidate biomarkers and therapeutic targets for 
PCa. We present the following article in accordance with 
the STREGA reporting checklist (available at https://tcr.
amegroups.com/article/view/10.21037/tcr-22-703/rc).

Methods

Microarray data

Gene expression datasets were screened for “prostate 
cancer” and “Homo sapiens”, and the study type was set 
as “expression profiling by array” in the GEO database 
(www.ncbi.nlm.nih.gov/geo/). The studies were selected 
based on the following inclusion criteria: (I) the datasets 
were from similar platforms of gene expression microarray 
and the gene family was denoted in detail; (II) the samples 
were collected from primary cancerous prostate tissues 
and normal prostates; (III) each dataset contains more than 
10 samples. Eight GEO datasets with a total of 363 cases 
and 196 controls were selected from the GEO database 
(Table 1). Among them, GSE3325, GSE6956, GSE17951, 
GSE46602, GSE55945, and GSE69223 were based on the 
Affymetrix platform (Affymetrix; Thermo Fisher Scientific, 

https://tcr.amegroups.com/article/view/10.21037/tcr-22-703/rc
https://tcr.amegroups.com/article/view/10.21037/tcr-22-703/rc
http://www.ncbi.nlm.nih.gov/geo/


Wei et al. Potential biomarkers for PCa3550

© Translational Cancer Research. All rights reserved.   Transl Cancer Res 2022;11(10):3548-3571 | https://dx.doi.org/10.21037/tcr-22-703

Inc., Waltham, MA, USA). GSE32571 and GSE89194 
were based on the Illumina platform (Illumina, Inc., San 
Diego, CA, USA). The original GSE3325 dataset contained 
6 metastatic PCa tissue samples, which were removed for 
subsequent analysis. The study was conducted in accordance 
with the Declaration of Helsinki (as revised in 2013).

Data processing and quality control (QC)

Microarray raw data of the 8 datasets was downloaded via 
txt format from the corresponding platform. The original 
data of GSE3325, GSE6956, and GSE55945 was gathered 
by employing log2 transformation using the Limma 
Package (version 3.40.6) in R (http://www.bioconductor.
org/packages/release/bioc/html/limma.html). For the five 
datasets GSE17951, GSE32571, GSE46602, GSE69223, 
and GSE89194, the original data was used since the gene 
expression data has already undergone log2 transformation. 
Then interquartile range (IQR) method in the MetaDE 
Package (version 1.0.5) was used to summarize the multiple 
probes to one intensity (28). The data QC step is vital for 
bioinformatics analysis, in order to assess the quality and 
consistency of the datasets and improve the reliability and 
accuracy of the results. The MetaQC method provides 
systematic quality assessment of microarray data across 
studies to decide inclusion/exclusion criteria for genomic 
meta-analysis. The QC steps were performed on these 
datasets by using the MetaQC package (version 0.1.13) in R 
and the datasets with low quality were filtered (28,29). The 
full method of data processing and QC step are shown in 
the Appendix 1.

Microarray meta-analysis for DEGs

The MetaDE package implements 12 major meta-
analysis methods for differential expression analysis (28). 
The 4 selected datasets including 123 PCa samples and  
76 normal prostate samples were merged into a new dataset 
by “MetaDE.merge” function in MetaDE package. After 
the merge, “MetaDE.rawdata” function was used to screen 
the DEGs, and Fisher’s exact test in the package was chosen 
as the meta-analysis method. The threshold for DEGs was 
false discovery rate (FDR) <0.01 and P value <0.01. 

Screening of feature genes in each dataset and integration 
of DEGs by RRA method

For GSE32571, GSE46602, GSE55945, and GSE69223 
datasets, the Limma R package was used to screen DEGs as 
well as adjusted P value <0.05 and |log2 fold change| >1 as 
the screening criteria for DEGs. The RRA R package was 
used to integrate the common DEGs of the 4 datasets. The 
RRA algorithm has been widely used for DEGs screening 
because of its robustness to noise and better enrichment 
results than other methods (30). Adjusted P value <0.05 and 
|log2FC| >1 were set as the screening criteria referring to 
the methods of previous similar studies (18,31). 

Common DEGs screened by both RRA method and  
meta-analysis

The intersection of the DEGs identified by RRA and meta-
analysis were taken to identify common DEGs of these two 
different methods. These common DEGs were used as the 

Table 1 GEO datasets used in the study

GEO ID Platform Source DOI
Sample size

Normal Tumor

GSE3325 GPL570 10.1016/j.ccr.2005.10.001 6 13

GSE6956 GPL571 10.1158/0008-5472.CAN-07-2608 20 69

GSE17951 GPL570 10.1158/0008-5472.CAN-10-0021 45 109

GSE32571 GPL6947 10.1007/s00109-012-0949-1 39 59

GSE46602 GPL570 10.1038/srep16018 14 36

GSE55945 GPL570 10.1158/1078-0432.CCR-09-0911 8 13

GSE69223 GPL570 10.18632/oncotarget.6370 15 15

GSE89194 GPL22571 10.1371/journal.pgen.1006477 49 49

GEO, Gene Expression Omnibus.

http://www.bioconductor.org/packages/release/bioc/html/limma.html
http://www.bioconductor.org/packages/release/bioc/html/limma.html
https://cdn.amegroups.cn/static/public/TCR-22-703-Supplementary.pdf
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final version for succeeding GO, KEGG, and PPI analysis.

GO annotation and KEGG pathway enrichment analysis

GO annotation analysis provides explain and annotate of 
gene functions by three dimensions: cellular component 
(CC), molecular function (MF), and biological process (BP). 
Meanwhile, KEGG analysis provides the information of the 
biological pathways the genes participate in. GO annotation 
and KEGG pathway enrichment analysis of the identified 
DEGs were performed based on DAVID online database 
(https://david.ncifcrf.gov/tools.jsp) to characterize the 
functional roles of the DEGs (32,33). And the enrichment 
results were visualized by the ggplot2, GOplot, and tidyr R 
packages.

PPI network and modules analysis 

Search Tool for the Retrieval of Interacting Genes/Proteins 
(STRING) database (https://string-db.org/) is widely 
used to analyze the interaction relationships between 
proteins. The PPI network of the DEGs was produced by 
STRING. Cytoscape software 3.7.1 was utilized to further 
analyze the PPI network. Hub genes play a crucial role in 
biological processes and affect the regulation of other genes 
and pathways. The Cytohubba plug-in tool provides 11 
methods, MNC, DMNC, MCC, Degree, EPC, BottleNeck, 
EcCenticity, Betweenness, Closeness, Stress, Radiality to 
screen for hub genes from the PPI network (34). The 11 
topological methods were intersected to identify the hub 
genes. Lastly, the Molecular Complex Detection (MCODE) 
plug-in tool was applied to explore notable modules in the 
PPI network. 

Expression level analysis of the hub genes

The Gene Expression Profiling Interactive Analysis (GEPIA) 
online database (http://gepia.cancer-pku.cn/) was used to 
analyze and verify the mRNA expression level of the top 
hub genes between PCa samples and normal samples in The 
Cancer Genome Atlas Prostate Adenocarcinoma (TCGA 
PRAD) dataset (35). The Human Protein Atlas (HPA; https://
www.proteinatlas.org/) database provides almost all of the 
human protein distribution information regarding organs, 
tissues, and cells. Based on the immunohistochemical data of 
normal prostate tissue and PCa tissue in the HPA database, the 
expression of the hub genes are tested in the protein level.

Methylation analysis

The DiseaseMeth 2.0 database (the human disease 
methylation database version 2.0; http://diseasemeth.edbc.
org/) provides the information of 679,602 disease-gene 
associations from multiple technology platforms in 88 kinds 
of human diseases. However, most other related methylation 
databases only included information of methylated genes in 
specific kinds of diseases (36). MEXPRESS (http://mexpress.
be) is also a online methylation database which integrate 
and visualize the association between clinical data from 
TCGA, gene expression, and DNA methylation (37,38). 
Based on the different advantages of these 2 datasets, the 
methylation level of hub genes in PCa and normal prostate 
tissues was analyzed via the DiseaseMeth 2.0 database, and 
the association between the gene expression level and DNA 
methylation status of the hub genes was analyzed using 
MEXPRESS.

The receiver operating characteristic (ROC) and clinical 
attribute analysis of the hub genes

ROC curve analysis was operated by the pROC R package 
(version 1.16.2) to predict the prospect of hub genes as 
diagnostic biomarkers (39). A ROC curve is a graphical 
plot that illustrates the diagnostic ability of a binary 
classifier as a function of its discrimination threshold. And 
ROC curve analysis has been well established in clinical 
diagnostic application for evaluating a marker’s capability 
of discriminating between individuals who experience 
disease onset and individuals who do not (40). Meanwhile, 
the ggstatsplot package in R (version 0.5.0; https://cran.
r-project.org/package=ggstatsplot) was utilized to evaluate 
the correlation between the expression level of the hub 
genes and clinical features, such as pathological tumor stage 
(T stage), pathological lymph node metastasis stage (N 
stage), Gleason score, and biochemical recurrence (BCR) 
status. Survival analysis for hub genes was also assessed using 
survminer package (version 0.4.7; https://CRAN.R-project.
org/package=survminer) and survival package (version 3.1-
12; https://CRAN.R-project.org/package=survival). The 
clinical data was abstract from the TCGA PRAD dataset 
which contain RNA-sequencing of PCa tissue and clinical 
data of PCa patients. The tumor-node-metastasis (TNM) 
stage classification of TCGA PRAD dataset refers to the 
7th edition American Joint Committee on Cancer (AJCC) 
system (41).

https://string-db.org/
http://gepia.cancer-pku.cn/
https://www.proteinatlas.org/
https://www.proteinatlas.org/
http://mexpress.be
http://mexpress.be
https://cran.r-project.org/package=ggstatsplot
https://cran.r-project.org/package=ggstatsplot
https://CRAN.R-project.org/package=survminer
https://CRAN.R-project.org/package=survminer
https://CRAN.R-project.org/package=survival
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Statistical analysis

The MetaQC package in R was used to execute the QC 
step. The limma package, metaDE package and RRA 
package in R were used to screen DEGs. The functional 
enrichment research of DEGs were based on GO and 
KEGG analysis. The STRING database and Cytoscape 
were used to construct PPI network. ROC curve analysis 
was operated by the pROC R package to predict the 
prospect of hub genes as diagnostic biomarkers. The 
ggstatsplot package in R was utilized to evaluate the 
correlation between the expression level of the hub genes 
and clinical features and independent samples t-test or one-
way analysis of variance (ANOVA) was used as appropriate. 
Survival analysis was performed by survminer and survival 
package in R. Survival plots were showed by the Kaplan-
Meier method, and the significance was calculated by the 
log-rank test. P<0.05 was defined as statistically significant. 

Results

QC of the microarray data

The QC results of the 8 microarray datasets are shown 
in Table 2 and Figure 1. The QC score and the principal 
component analysis (PCA) biplot indicated that the first 5 
datasets, GSE55945, GSE32571, GSE89194, GSE46602 
and GSE69223, were of high-quality and the last 3 datasets, 
GSE17951, GSE6956, GSE3325, were of low-quality 
according to the Rank of QC score and the positions in 

Table 2 The QC score of the 8 datasets

Dataset Study IQC EQC CQCg CQCp AQCg AQCp Rank

1 GSE55945 8.17 2.74 72.33 140.58 15.48 58.78 2.83

2 GSE32571 1.3 2.21 58.71 155.76 20.01 124.7 3.33

3 GSE89194 0.18 1.63 76.32 169.97 19.2 113.38 3.33

4 GSE46602 2.62 4.7 45.77 56.44 9.32 28.99 4.67

5 GSE69223 3.54 1.48 20.93 92.79 8.83 65.4 5.00

6 GSE17951 6.64 3.47 1.22 3.41 1.63 4.76 5.50

7 GSE6956 6.03 2.26 0 158.69 0.03 0 5.50

8 GSE3325 3.22 1.32 21.78 77.97 5.09 34.24 5.83

QC, quality control; IQC, internal QC; EQC, external QC; CQCg, consistency QC; CQCp, precision of CQCg; AQCg, accuracy QC; AQCp, 
precision of AQCg.
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Figure 1 PCA plot of QC results of the 8 datasets. The 8 datasets 
were marked as 1–8 corresponding to Table 2. The X-axis presents 
the 1st principal component, and the Y-axis presents the 2nd 
component. The 6 QC measures of each datasets was projected 
to the first two principal components subspace using arrows, and 
the circles with numbers present the datasets. The numbers in 
each circle correspond to the serial number in Table 2 (dataset1: 
GSE55945; dataset 2: GSE32571; dataset 3: GSE89194; dataset 4: 
GSE46602; dataset 5: GSE69223) and smaller numbers correspond 
to higher quality studies. Dataset 1, 2, 3, 5 performed well in AQC 
and CQC but not in EQC and IQC. Dataset 4 performed well in all 
criteria. Dataset 7 perform well in IQC and EQC but not in AQC 
and CQC. Dataset 8 only perform well in CQCp but not in the rest 
5 criteria and dataset 6 showed low quality in all of the 6 criteria. 
IQC, internal QC; EQC, external QC; CQCg, consistency QC; 
AQCg, accuracy QC; AQCp, precision of AQCg; CQCp, precision 
of CQCg; PCA, principal component analysis; QC, quality control. 
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PCA plot (29). Thus, the first 5 datasets were selected for 
subsequent analyses. The datasets GSE55945, GSE32571, 
GSE46602 and GSE69223 were utilized for biomarker 
screening. And GSE89194, which contains paired and 
the largest sample sizes, ranking the second in the QC 
results, were utilized as validation set. The clinical and 
histopathological data of the patient cohorts in selected 
5 datasets are listed in Table S1 (the information of 
GSE55945 is not available) (42-44).

Microarray meta-analysis for DEGs in PCa

The 4 datasets, GSE55945, GSE32571, GSE46602 and 
GSE69223, containing 123 PCa samples and 76 normal 
samples, were utilized for the meta-analysis via MetaDE 
package. Using the threshold of FDR <0.01, a total of 
2,778 DEGs were identified using the Fisher meta-analysis 
method in MetaDE package. Figure 2 shows the number of 
significant genes against different FDR threshold obtained 
from the MetaDE analysis. 

Identification of DEGs in each dataset and integration of 
DEGs in PCa

The DEGs were screened in each of the four datasets 
using the Limma package with adjusted P value <0.05 and 
|log2FC| >1. The GSE32571 dataset contained 292 DEGs, 
including 45 upregulated genes and 247 down regulated 
genes. The GSE46602 dataset contained 1316 DEGs, 
including 477 upregulated genes and 839 down regulated 
genes. The GSE69223 dataset had 1,371 DEGs, including 
471 upregulated genes and 900 down regulated genes. 
The GSE55945 dataset contained 434 DEGs, including 
156 upregulated genes and 278 down regulated genes. 
Figure 3 shows the DEGs volcano maps of the five datasets. 
The integrated DEGs were screened utilizing the RRA R 
package with adjusted P value <0.05 and |log2FC| >1, and 
467 DEGs were identified, including 157 upregulated genes 
and 310 downregulated genes. The top 20 upregulated 
and downregulated genes according to adjusted P value are 
shown in Figure 4.

Identification of common DEGs screened by both RRA 
method and meta-analysis

The DEGs identified by RRA and meta-analysis were 
intersected to obtain the common DEGs. As a result, a 
total of 368 DEGs with 120 up-regulated DEGs and 248 
down-regulated DEGs were selected. The 368 DEGs 
(available online: https://cdn.amegroups.cn/static/public/
tcr-22-703-01.pdf) were used for following GO, KEGG, 
and PPI analyses.

GO functional enrichment analysis

GO functional enrichment analysis was performed for the 
upregulated and downregulated DEGs, respectively via 
DAVID. The GO functional annotation analysis has three 
parts: BP, CC, and MF. Figure 5 and Tables 3,4 showed 
the top 15 GO enrichment results with the statistically 
significant cut-off value as P value <0.05. The upregulated 
DEGs were principally enriched in lipid metabolic process 
(ontology: BP), extracellular exosome (ontology: CC) 
and RNA polymerase II transcription factor activity, and 
sequence-specific DNA binding (ontology: MF). The 
downregulated DEGs were principally enriched in cell 
adhesion (ontology: BP), cytoplasm (ontology: CC), and 
protein binding (ontology: MF).

Figure 2 Plot of DEGs numbers against FDR. The X-axis presents 
the FDR value, and the Y-axis presents the number of DEGs. The 
4 black lines present the DEGs number against different FDR 
cut-off value of the 4 datasets. When FDR =0.05, GSE46602 has 
the most, more than 2,000 DEGs and GSE55945 has the least, 
near 800 DEGs. The red line presents the result of Fisher method 
and the yellow line presents the result of AW method. The green 
line of maxP method and the blue line of roP method were over-
lapped. Meta-analysis detects more DEGs than single datasets. 
FDR, false discovery rate; AW, adaptively weighted statistic; 
DEGs, differentially expressed genes; maxP, maximum P value; 
roP, rth ordered P value.
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Pathway enrichment analysis

The pathway enrichment analysis of the intersected DEGs 
was performed based on the KEGG database via DAVID, 
and the results are shown in Figure 6. These DEGs were 
principally enriched in the following pathways: the focal 
adhesion, drug metabolism—cytochrome P450, chemical 
carcinogenesis, glutathione metabolism, and metabolism 
of xenobiotics by cytochrome P450. Figure 7 showed the 
network graph of the DEGs drawn by program Cytoscape 
based on the KEGG enrichment results. 

PPI network analysis and module analysis

The 368 DEGs were mapped into the PPI network via the 
STRING database, with a combined score of ≥0.4 as the 
cut-off value. Furthermore, the interaction results were 
analyzed by the Cytoscape plug-in tool MCODE to detect 
remarkable modules in the PPI network. A degree cutoff 
=2, Node Score cutoff =0.2, and K-core =2 were set as 
the advanced options. As a result, 11 functional modules 
were identified from the PPI network. The two modules 
with the highest score (module 1: MCODE score =8.00, 

Figure 3 Volcano plot of DEGs in PCa samples compared with normal prostate sample in each GEO dataset. (A) GSE32571, (B) 
GSE46602, (C) GSE55945, (D) GSE69223. The red dots represent the upregulated DEGs (|log2FC| >1 and FDR <0.05), the green dots 
represent the downregulated DEGs (|log2FC| <1 and FDR <0.05), and the black dots represent the genes with no significant difference in 
expression in the cancerous sample. FC, fold change; DEGs, differentially expressed genes; PCa, prostate cancer; GEO, Gene Expression 
Omnibus; FDR, false discovery rate.
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module 2: MCODE score =6.70) were shown in Figure 8.  
GO and KEGG pathway enrichment of these genes in 
the two modules was performed, respectively. The GO 
enrichment results (Figure 9 and Table S2) showed that 
the genes in module 1 were most enriched with muscle 
contraction (ontology: BP), cytosol (ontology: CC) and 
structural constituent of muscle (ontology: MF); and genes 
in module 2 were most enriched with glutathione metabolic 
process (ontology: BP), extracellular region (ontology: 
CC) and glutathione transferase activity (ontology: MF). 
Meanwhile, the pathway enrichment results (Figure 10 
and Table S3) showed that the genes in module 1 were 

principally enriched in vascular smooth muscle contraction, 
focal adhesion, and regulation of actin cytoskeleton. The 
genes in module 2 were principally enriched in chemical 
carcinogenesis, drug metabolism-cytochrome P450, and 
metabolism of xenobiotics by cytochrome P450.

Screening of hub genes in PPI network

The top 25 hub genes were screened by the Cytohuba 
plug-in tool in Cytoscape according to the 11 topological 
algorithms respectively to address all different quantitative 
aspects of the interactions between the DEGs derived.  
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11 common hub genes that identified by at least 8 among 
11 methods were identified, utilizing online Venn diagram 
tool (http://bioinformatics.psb.ugent.be/webtools/Venn/)  
(Table S4). Among the 11 hub genes, VEGFA, VCL, CAV1, 
KRT5, PTGS2, GJA1, SNAI2, CCL2, CXCL12, and MYLK 
were down-regulated, however, contrastingly, TWIST1 
were up-regulated in primary PCa tissue (Table 5). 

Expression level analysis of the hub genes

The GEPIA server (based on TCGA database) and HPA 
database were used to analyze and verify the expression 

of the 11 hub genes in PCa samples in both the levels of 
mRNA and protein. Based on the PRAD dataset in GEPIA 
(gene expression dataset of PCa in RNA level), the 8 of 
the 11 genes: VEGFA, VCL, CAV1, KRT5, PTGS2, GJA1, 
SNAI2, and MYLK were significantly downregulated (P 
value <0.001), and TWIST1 were significantly upregulated 
in PCa tissue (P value <0.001) (Figure 11). In the level of 
protein, based on the immunohistochemical data from 
the HPA database, CAV1, KRT5, GJA1, and SNAI2 also 
exhibited lower expression levels (Figure 12) in PCa tissue 
than normal tissue. But VEGFA, VCL, PTGS2, CXCL12, 
CCL2, and MYLK proteins exhibited inconsistent results 
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Table 3 Top 15 GO functions (P value <0.05) relation to the upregulated DEGs

Category ID Term Count P value

BP GO:0006629 Lipid metabolic process 5 1.92e-02

BP GO:0051963 Regulation of synapse assembly 3 1.14e-03

BP GO:0016338 Calcium-independent cell-cell adhesion via plasma membrane cell-adhesion molecules 3 8.09e-03

BP GO:0021893 Cerebral cortex GABAergic interneuron fate commitment 2 1.29e-02

BP GO:0021544 Subpallium development 2 1.93e-02

BP GO:0060480 Lung goblet cell differentiation 2 1.93e-02

BP GO:0021882 Regulation of transcription from RNA polymerase II promoter involved in forebrain 
neuron fate commitment

2 1.93e-02

CC GO:0070062 Extracellular exosome 30 3.23e-03

CC GO:0005576 Extracellular region 17 3.99e-02

CC GO:0005578 Proteinaceous extracellular matrix 7 6.52e-03

CC GO:0016327 Apicolateral plasma membrane 3 4.88e-03

CC GO:0016328 Lateral plasma membrane 3 4.28e-02

MF GO:0000981 RNA polymerase II transcription factor activity, sequence-specific DNA binding 5 2.49e-02

MF GO:0015171 Amino acid transmembrane transporter activity 3 3.70e-02

MF GO:0030020 Extracellular matrix structural constituent conferring tensile strength 2 3.81e-02

GO, Gene Ontology; DEGs, differentially expressed genes; BP, biological process; CC, cellular component; MF, molecular function.

Table 4 Top 15 GO functions (P value <0.05) relation to the downregulated DEGs

Category ID Term Count P value

BP GO:0007155 Cell adhesion 19 5.80e-05

BP GO:0000122 Negative regulation of transcription from RNA polymerase II promoter 19 9.49e-03

BP GO:0030154 Cell differentiation 15 4.37e-03

BP GO:0001525 Angiogenesis 11 9.66e-04

BP GO:0007399 Nervous system development 11 5.97e-03

CC GO:0005737 Cytoplasm 83 2.62e-02

CC GO:0005886 Plasma membrane 80 9.42e-05

CC GO:0070062 Extracellular exosome 62 2.51e-05

CC GO:0005829 Cytosol 60 5.84e-03

CC GO:0005615 Extracellular space 53 7.74e-13

MF GO:0005515 Protein binding 138 8.42e-03

MF GO:0042803 Protein homodimerization activity 23 3.78e-04

MF GO:0005509 Calcium ion binding 20 4.03e-03

MF GO:0005198 Structural molecule activity 14 3.24e-05

MF GO:0003779 Actin binding 12 1.44e-03

GO, Gene Ontology; DEGs, differentially expressed genes; BP, biological process; CC, cellular component; MF, molecular function.
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Figure 7 Network map of enriched KEGG pathways. The purple bubbles represent the pathways, the red bubbles represent the upregulated 
genes, and the green ones represent the downregulated genes. Most enriched DEGs are down-regulated genes and enriched in more than 
one pathway. KEGG, Kyoto Encyclopedia of Genes and Genomes; DEGs, differentially expressed genes.
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A B

Figure 8 PPI network of module 1 and module 2. (A) PPI network of module 1, MCODE score =8.00. (B) PPI network of module 2, 
MCODE score =6.70. The bubbles represent genes, and the lines represent interactions between gene-encoded proteins. The size, color 
of the bubbles, and the lines represent the degree value and combined-score value respectively, a bigger or thicker size and orange color 
correspond to a higher value. Conversely, a smaller or thinner size and blue color indicate a lower value. PPI, protein-protein interaction; 
MCODE, Molecular Complex Detection.
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in HPA database (the first 4 proteins showed both high and 
low expression levels in cancerous tissue and CCL2 and 
MYLK protein exhibited medium and low expression levels 
in both cancerous and normal tissue respectively). There 

is no data for the expression of the remaining TWIST1 
protein in prostate tissue.

Association between methylation and expression of hub 
genes

The association between the expression levels of these 
11 hub genes and their methylation status was explored 
in DiseaseMeth. The result showed that the average 
methylation levels of CAV1, CXCL12, GJA1, KRT5, MYLK, 
SNAI2, PTGS2, TWIST1 and VEGFA were significantly 
higher, and CCL2, VCL were significantly lower, in PCa than 
normal tissues (P value <0.05) (Figure 13). Meanwhile, the 
methylation analysis in MEXPRESS showed that numerous 
methylation sites existed in the DNA sequences of CAV1, 
CXCL12, GJA1, KRT5, MYLK, PTGS2, SNAI2, and VEGFA, 
which were negatively correlated with the expression levels 
of the hub genes. On the contrary, CCL2, TWIST1 and VCL 
showed positive results (Figure S1).

ROC and clinical attribute analysis of the hub genes

The GSE89194 dataset, ranking the second in the QC results, 
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Figure 10 KEGG pathway enrichment analysis of DEGs in the top 2 modules. (A) The enriched pathways of DEGs in module 1. (B) The 
enriched pathways of DEGs in module 2. DEGs, differentially expressed genes; KEGG, Kyoto Encyclopedia of Genes and Genomes.

Table 5 Top 11 hub genes

Gene symbol Full name Log2FC

VEGFA Vascular endothelial growth factor A −1.04

VCL Vinculin −1.46

CAV1 Caveolin 1 −1.48

KRT5 Keratin 5 −2.25

PTGS2 Prostaglandin-endoperoxide synthase 2 −1.16

GJA1 Gap junction protein alpha 1 −1.03

TWIST1 Twist family bHLH transcription factor 1 1.20

SNAI2 Snail family transcriptional repressor 2 −1.63

CCL2 C-C motif chemokine ligand 2 −1.11

CXCL12 C-X-C motif chemokine ligand 12 −1.27

MYLK Myosin light chain kinase −1.06

FC, fold change.

https://cdn.amegroups.cn/static/public/TCR-22-703-Supplementary.pdf
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Figure 11 The expression level analysis of the 9 hub genes in TCGA PRAD dataset. The red boxes represent tumor samples, and the gray 
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was used for ROC analysis because of containing paired samples 
and the largest sample size. Meanwhile, the RNA-seq and 
clinical data of the TCGA PRAD dataset were used to analyze 
the clinical diagnostic and prognostic value of the 11 hub genes. 
The ROC curves and the area under the curve (AUC) value 

in Figure 14 show that the gene expression level of 7 genes 
(VCL, CAV1, KRT5, GJA1, TWIST1, SNAI2 and MYLK) can 
clearly distinguish the cancer samples and normal samples. This 
suggests that these genes have potential as biomarkers for PCa. 
Figure 15 showed the relevance of the 11 hub genes with clinical 
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Figure 12 The expression level analysis of the  6 hub genes in HPA dataset. (A) CAV1, (B) KRT5, (C) GJA1, (D) SNAI2 exhibited lower 
expression levels in PCa tissue compared with normal prostate tissue. (E) MYLK exhibited low expression levels in both cancerous and 
normal tissue and (F) CCL2 exhibited medium expression in both cancerous and normal tissue. Magnification: ×100. Staining method: (A) 
CAV1, antibody HPA049326; (B) KRT5, antibody CAB000027; (C) GJA1, antibody CAB010753; (D) SNAI2, antibody CAB011671; (E) 
MYLK, antibody CAB020789; (F) CCL2, antibody CAB013676. HPA, Human Protein Atlas; PCa, prostate cancer.
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attribute. The lower expression levels of the 4 downregulated 
genes, CAV1, KRT5, MYLK, and SNAI2, were significantly (P 
value <0.05) correlated with higher Gleason scores (CAV1: P 
value =0.002, KRT5: P value =0.001, SNAI2: P value =0.011, 
MYLK: P value <0.001), advanced pathological T stage (CAV1: 
P value <0.045, KRT5: P value =0.022, SNAI2: P value =0.016, 
MYLK: P value =0.016), and pathological N stage (CAV1: P 
value =0.01, KRT5: P value =0.045, SNAI2: P value =0.001, 
MYLK: P value =0.003). While the lower expression levels of 
CAV1, KRT5, and PTGS2 were associated with BCR status 
(CAV1: P value =0.048, KRT5: P value =0.024, PTGS2: P value 
=0.001). Moreover, the Kaplan-Meier survival curves (Figure 16)  
showed that lower expression of KRT5 and MYLK were 
significantly correlated with poor disease-free survival (KRT5: 

P value =0.023, MYLK: P value =0.0059). In summary, CAV1, 
KRT5, MYLK, and SNAI2 exhibit promising clinical diagnostic 
and prognostic value.

Discussion

In this study, we screened 368 common DEGs from 
four datasets (GSE32571, GSE55945, GSE46602, 
GSE69223) of PCa samples using a set of QC analysis 
“tools” and comparison of gene expression profiles. The 
GO enrichment analysis of the DEGs showed that the 
upregulated DEGs were majorly enriched in lipid metabolic 
process (ontology: BP), extracellular exosome (ontology: 
CC) and RNA polymerase II transcription factor activity, 
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Figure 13 The methylation level of the 11 hub genes in cancerous and normal prostate tissue. (A) CAV1 (P value =1.305e-09), (B) CXCL12 
(P value =1.538e-03), (C) GJA1 (P value =1.776e-15), (D) KRT5 (P value =1.610e-10), (E) MYLK (P value =1.624e-12), (F) PTGS2 (P value 
=1.894e-09), (G) SNAI2 (P value =2.902e-02), (H) TWIST1 (P value =2.624e-10), (I) VEGFA (P value =1.842e-02), (J) CCL2 (P value 
=1.694e-12) and (K) VCL (P value =8.373e-05). The average methylation levels of the former 9 genes, CAV1, CXCL12, GJA1, KRT5, 
MYLK, SNAI2, PTGS2, TWIST1 and VEGFA were significantly higher, and the later 2 genes, CCL2 and VCL were significantly lower, 
in cancerous than normal tissues (P value <0.05).
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sequence-specific DNA binding (ontology: MF), and 
the downregulated DEGs were majorly enriched in cell 
adhesion (ontology: BP), cytoplasm (ontology: CC), and 
protein binding (ontology: MF). These processes are 
related to cell proliferation, adhesion, and metabolism, 
which indicated the processes changed significantly in PCa. 
Interestingly, KEGG pathway enrichment analysis of the 
DEGs also found the enrichment of similar processes: focal 
adhesion, chemical carcinogenesis, drug metabolism, and 
cytochrome-P450 pathways. These mutual confirmation 
result indicated boosting cell proliferation, cell movement 
and metabolism in the development of PCa cell. These 
changes were reported in other cancers and suggested the 
reliability of our screening methods (45-50). 

The PPI network of DEGs in STRING and Cytoscape 
screened 11 hub genes: VEGFA, VCL, CAV1, KRT5, 
PTGS2, GJA1, TWIST1, SNAI2, CCL2, CXCL12 and 
MYLK. We validated the expression level of the 11 
genes on both mRNA level based on GEPIA database 
and protein level based on HPA database. In the PRAD 
(prostate adenocarcinoma) dataset in the GEPIA database, 
VEGFA, VCL, CAV1, KRT5, PTGS2, GJA1, SNAI2, and 

MYLK were significantly downregulated, while TWIST1 
were significantly upregulated in PCa tissue, which is in 
agreement with our results. And, in protein level according 
to the HPA dataset, CAV1, KRT5, GJA1, and SNAI2 
exhibited lower expression levels in PCa tissue compared 
with normal prostate tissue, which is concordant with our 
research. However, the other 7 genes were not supported by 
HPA data. VEGFA, VCL, PTGS2, and CXCL12 exhibited 
both high and low protein expression levels in cancerous 
tissue, and CCL2 and MYLK proteins exhibited medium 
and low expression levels in both cancerous and normal 
tissue. 

Numerous studies have reported that the elevated 
expression of VEGFA, VCL, PTGS2, and CXCL12 in 
cancers is associated with disease progression, tumor grade, 
metastasis, and prognosis (51-55). Although Zhu et al. 
reported that VCL expression level decreased as the tumor 
Gleason score increased, and Zheng et al. reported that 
downregulation of VCL suppressed tumor growth in vivo 
and VCL knockdown inhibited the migration, invasion, and 
movement and repressed colony formation and viability 
of PCa cells in vitro; our analysis revealed VEGFA, VCL, 
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Figure 15 Relationship between the hub genes and clinicopathological features. Association between the expression of (A) CAV1, (B) KRT5, 
(C) SNAI2, (D) MYLK and Gleason score, pathological T stage, pathological M stage. (E) Association between the expression of CAV1, 
KRT5, and PTGS2 and BCR status. BCR, biochemical recurrence.
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PTGS2, and CXCL12 expression was, actually, decreased in 
primary prostate tumor tissue (56,57). 

VEGFA is a member of the VEGF family, which is 
involved in blood vessel development, homeostasis, and 
lymphatic vessel formation. VEGFA is a primary driver of 
angiogenesis and vasculogenesis. It is commonly accepted as 
promoter of tumor growth and motility and is upregulated 
in many forms of cancer (54). However, in our PCa study, 
VEGFA was significantly downregulated. This led us to 
further search other PCa datasets (not included in our 
screening datasets) in the GEO database, and we found that 
in GSE3325, a dataset specially for PCa progress, VEGFA 
was downregulated in primary PCa and upregulated in 
metastatic cancer comparing with benign PCa (58). This 
was consistent with our results. And in a large-scale analysis 
of the human transcriptome (GSE96), PCa and prostate 
normal tissue showed significant high expression compared 
to other samples from 36 human different tissues, except 
thyroid tissue. Comparing the PCa with prostate normal 
tissue, 2 of 5 patient samples showed significantly lower 
expression. 1 of 5 showed a significant high expression, 
and 2 of 5 exhibited nearly the same expression (59). Even 
though we do not know whether the high expression 
samples are from metastatic PCa in the dataset because 
of not denotation in the two datasets, combined with 
GEPIA result, we speculated that the VEGFA is possibly 
downregulated in primary PCa and upregulated in 
metastatic PCa, contrary to the expression in other cancers. 
Additionally, the cause maybe due to the high expression in 

normal prostate, and in the anormal condition of prostate, 
the expression is conversed correspondingly. However, the 
exact cause needs to be further studied experimentally.

VCL is an essential, ubiquitously expressed cytoskeletal 
protein that localizes to focal adhesions and adhesive 
junctions, and it plays a pivotal role in regulating cell 
adhesion, motility, and force transmission (55). Fagerberg 
et al. systematically analyzed the human tissue-specific 
expression in 95 human individuals representing 27 
different tissues and found that, like VEGFA, VCL 
expression in normal prostate and endometrium were 
highly expressed, which is completely different from other 
normal issues (60). This may indicate a different expression 
pattern of VCL in PCa. 

PTGS2, also as known as cyclooxygenase 2 (COX2), 
is an enzyme that catalyzes the conversion of arachidonic 
acid to prostaglandins, is often overexpressed in epithelial 
malignancies including breast, prostate, lung, kidney, 
ovary, and liver cancer and associated with worse disease 
progression (61). PTGS2 has been reported participating in 
cancer cell enhanced proliferation, migration, angiogenesis, 
inflammation, and metastatic dissemination in both PCa 
and colon cancer (51,52). Zhang reported that PTGS2 
was over-expressed in PCa (62). Wang et al. found PTGS2 
were lowly expressed in dasatinib resistant PCa cell lines 
and were highly expressed in dasatinib sensitive prostatic 
cancer cell lines, which may explain the conflicting results 
of PTGS2 expression in different PCa samples (63). 

The CXCL12 is a member of the CXC family of 
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chemokines that binds to CXCR4 and CXCR7 (64). 
CXCL12 can activate and induce the migration of 
hematopoietic progenitor cells, stem cells, endothelial 
cells, and most leukocytes. Additionally, it has been found 
to regulate inflammation, angiopoiesis, metastasis, and 
tumor growth, which indicates that CXCL12 is involved in 
cancer development and further metastasis (53). Expression 
level of CXCL12 and CXCR4 are increased in PCa and 
the CXCL12/CXCR4 axis participate in the metastasis of  
PCa (65). In a study of a microRNA-135b overexpression 
effects on PCa cell line (GSE57820), CXCL12 was found to 
be downregulated over time, whether microRNA-135b was 
overexpressed or not (66). In GSE56265, under the effects 
of lysophosphatidic acid, breast and PCa cell lines are both 
significantly down regulated relative to controls (67). 

Prostate tumors are mostly multifocal and heterogeneous, 
and they fluctuate at different stages of tumor development 
and in different conditions. Our analysis indicated the 
complex status of PCa. Concurrently, we identified the 
robust biomarkers based on different sources of data. The 
results of these two aspects might provide references for 
future scientific research and clinical application.

DNA methylation status analysis via DiseaseMeth 2.0 
and MEXPRESS database showed that CAV1, CXCL12, 
GJA1, VEGFA, KRT5, MYLK, PTGS2 and SNAI2 were 
methylated in PCa tissues compared to normal ones, which 
is in accord with the down-regulation of these 8 hub genes 
associated with PCa and examined in this study. It’s worth 
noting that TWIST1 were methylated, and VCL and CCL2 
were demethylated, in PCa tissue, which is inconsistent 
with previous results in this study. And the methylation 
status of TWIST1 were positively correlated with the gene 
expression level. This suggests a more complex relationship 
between gene expression and DNA methylation status  
in PCa. 

We further explored the diagnostic and prognostic value of 
the 11 hub genes. The ROC curve analysis showed that VCL, 
CAV1, KRT5, GJA1, SNAI2, TWIST1 and MYLK could be 
used to distinguish PCa tissue from normal prostate tissue 
sensitively and accurately. Additionally, we determined that 
CAV1, KRT5, SNAI2, and MYLK were negatively correlated 
with a higher Gleason score and advanced pathological T and 
N stages. Moreover, lower KRT5 and MYLK expression was 
significantly associated with poor disease-free survival, and 
lower KRT5 and PTGS2 expression was significantly related 
to BCR status of PCa patients. These outcomes suggest 
the efficacy of using the 4 genes to determine diagnosis and 

prognosis for PCa patients. 
CAV1 is a carcinogenic membrane protein associated 

with endocytosis, extracellular matrix tissue, cholesterol 
distribution, cell migration and signal transduction. 
Previous studies have found that CAV1 is involved in liver 
cancer, colon cancer, breast cancer, kidney cancer, lung 
cancer and skin cancer etc., and acted as a promoter or 
inhibitor of cancer according to cancer type and progress 
(68-70). Multiple endogenous and exogenous agents, 
such as Chrysotobibenzyl, Cordycepin and Giantol, have 
been used to modulate CAV-1 expression to regulate 
lung cancer progression (71-73). KRT5 is one of the 
human keratin proteins, primarily expressed in epidermal 
basal keratinocytes (74). Cimpean et al. reported that the 
expression level of KRT5 is in correlation with the prognosis 
and TNM stage in head and neck squamous cell carcinomas 
(HNSCC) (75). And Ricciardelli et al. founded that K5 
overexpression in serous ovarian cancer is associated 
with recurrence and chemotherapy resistance (76).  
SNAI2 encodes a zinc-finger protein of the Snail family 
of transcription factors, and plays an important part in 
epithelial-mesenchymal transition (EMT). Tian et al. 
reported that the miR-203/SNAI2 axis plays a role in 
regulating prostate tumor growth, migration, angiogenesis 
and stemness (77). Meanwhile, the dynamic expression of 
SNAI2 in PCa can predicts tumor progression and drug 
sensitivity, and loss of SNAI2 in PCa correlates with clinical 
response to androgen deprivation therapy (78,79). MYLK 
catalyzes the phosphorylation of myosin light chain and 
regulates the invasion and metastasis of some malignant 
tumors including lung cancer, colorectal cancer and breast 
cancer (22). Lin et al. found that MYLK promotes the 
progression of hepatocellular carcinoma by altering the 
cytoskeleton to enhance EMT (80). However, the specific 
role of these genes in the current therapeutic approaches 
in PCa is still indistinct and prospective experimental 
validation is required.

The limitations of our study were as follows: first, our 
results were not validated at further biological experimental 
level. Second, the sample size of the involved datasets were 
comparatively small, and the clinical tumor staging such as 
TNM stage and Gleason score of the selected samples was 
inconsistent, possibly ensured under different classification 
systems/years, which can affect the gene expression due 
to the high heterogeneity in PCa. Finally, our study only 
focused on the genes which were identified having significant 
expression level change between cancerous and non-cancer 
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samples in multiple datasets. But we did not consider other 
characteristics like age, tumor classification and staging. 
Therefore, some underlying biological information may be 
neglected in our study. 

Conclusions

In this study, we identified 368 DEGs and 11 hub genes 
as potential diagnostic biomarkers for PCa based on the 
integrated bioinformatics analysis. In the 11 hub genes, 
CAV1, KRT5, SNAI2, and MYLK gene expression level 
were significantly associated with specific clinical attributes, 
suggesting application prospects for these genes as 
biomarker candidates and therapeutic targets. However, 
these results are based on bioinformatic methods and 
need further experimental demonstration to reveal their 
contribution to the pathogenesis of PCa and to verify their 
feasibility as diagnostic and prognostic markers along with 
therapeutic targets.
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