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Abstract 

Prostate cancer (PC) is the most commonly diagnosed and the second most lethal malignancy in men. Proper 

understanding about the factors influencing the disease mechanism, response to the treatment and long term 

survival could facilitate effective disease management, treatment planning and decision making. Previous 

research initiatives reported a number of genes having impact on PC development but their genetic influence on 

the overall survival of the patients is still obscure. In this study, we fist identified PC related signature genes by 

analysing the RNA-seq transcriptomic data. Then we investigated the influence of those genes on the survival of 

PC patients using the clinical and transcriptomic data from the Cancer Genome Atlas (TCGA). Considering the 

univariate and multivariate analysis using the Cox proportional-hazards (CoxPH) model, we evidenced notable 

variation in the survival period between the altered and normal groups for two genes (APLN, and DUOXA1). 

We also identified ten hub genes such as CAV1, RHOU, TUBB4A, RRAS, EFNB1, ZWINT, MYL9, PPP3CA, 

FGFR2 and GATA3 in protein-protein interaction analysis that could be the source of potential therapeutic 

intervention. Moreover, several significant molecular pathways through functional enrichment analysis was 

obtained. After verification through functional studies, the identified genetic determinants could serve as 

therapeutic target for prolonged PC survival. 
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1. Introduction 

Prostate cancer (PC) is the malignancy in the prostate, the reproductive system gland of men. In 2018, it caused 

the second highest number of cancer incidences in men among all age groups and covered 13.5% of all cancer 

cases (over 1.3 million) all over the world [1]. It was the most frequent diagnosed cancer in men in Caribbean 

islands, Australia/New Zealand, Northern and Western Europe, and Northern America [2]. Nearly 99% of the 

PC occurred men are above 50 years of age [2]. The incidence rate is getting higher and higher in developed 

countries [3]. PC was the fifth leading death causing malignancy accounting 358,989 cancer deaths in men 

globally in 2018 [1]. The mortality rate notably fluctuate among different regions of the world. In 2018, the 

highest rates were reported in Central America, Australia, New Zealand and Western Europe which was around 

one tenth [1]. This rate reduced to half in Asia and North Africa [1]. Overall, PC causes the second highest death 

causing cancer among males in the USA [4]. However, age is considered to be the most influential factor in PC 

mortality where one among every two PC patients die if the patient is over 65 years old [1]. Other than age, 

genetic factors, ethnicity and previous history of PC occurrence in family are considered to be the most 

influential risk factors for PC [5–7]. 

Now a days, availability of high-throughput sequence (RNA-seq) data has enabled us analyzing gene expression 

profiles to identify genes with altered expression during cancer progression [8,9]. Such genes are the primary 

goals for many research activities as they pose prognostic ability and could be potential drug targets. So, we can 

discover putative prognostic biomarkers based on these gene expression and clinical data [10]. Several studies 

have suggested that integrated bioinformatics methodologies can facilitate the identification of diagnostic and 

prognostic biomarkers for PC [11,12]. In this study, we first identified the genes associated with PC progression 

by finding the overlapping differentially expressed genes (DEGs) between three RNA-seq data from the Gene 

Expression Omnibus (GEO) database of the National center for Biotechnology Information (NCBI). Then, we 

analyzed these DEGs with large clinical data obtained from the Cancer Genome Atlas (TCGA) using the Cox 

Proportional Hazards (CoxPH) regression model to identify the genes associated with PC survival. For this, we 

modelled the survival function of each DEG individually through univariate analysis and simultaneously 

through multivariate analysis to filter out the genes having notable difference in expression levels between 

altered and normal groups. The functional enrichment of the identified biomarker genes was determined by gene 

ontology (GO) and signaling pathway. Protein-protein interactions (PPI) were also mapped out in order to 

facilitate hub node identification. The methodology incorporated in this study is shown in Figure 1. 

 

Figure 1: Block diagram for the multi-stage methodology of the study 



International Journal of Computer (IJC) (2022) Volume 43, No  1, pp 129-138 

131 

2. Materials and Method 

2.1. Dataset 

In this study, we retrieved three independent RNA-seq gene expression data having accesion number 

GSE29155, GSE104131 and GSE75035 from the NCBI’s GEO repository. GSE29155 is prepared through next 

generation sequencing of gene expression using the RNA-Seq technology from prostate cancer cell line and 

normal cell line [13]. GSE104131 is obtained by transcriptomic comparison between prostate tumor and 

adjacent normal cell from 16 PC patients (8 African American men and 8 European American men) using 

Illumina HiSeq 2500 [14]. GSE75035 is generated through Expression profiling by high throughput sequencing 

of prostate cancer cell line (LNCaP) and cell line representing normal prostate epithelium using Illumina HiSeq 

2000 [15]. For survival analysis of PC patients integrating clinical and genetic factors, we collected the RNA-

seq datasets with clinical information for PC (Prostate Adenocarcinoma TCGA, PanCancer Atlas 2018) from 

cBioPortal [16]. The clinical data includes 38 features for 494 patients and the RNA-seq gene expression data 

contains 493 cases with 12140 genes. Among the clinical features we considered the censor status indicating 

whether the patient survived during the observation period or not. Average age of the patients at the time of their 

diagnoses was 61.02 years, with a range between 41 and 78 years old. Age distribution of patients is shown in 

Figure 2. 

 

Figure 2: Age distribution at which disease was first diagnosed 

2.2. Functional Enrichment Analysis 

We performed the functional enrichment analysis using GO and molecular pathway analysis for the common 

DEGs using the web-based tool EnrichR [19]. For this, we considered Biological process (BP), Cellular 

component (CC) and Molecular function (MF) for GO analysis and Kyoto Encyclopedia of Genes and Genomes 

(KEGG) database for pathway analyses. For statistical significance of the enriched GO and KEGG pathways, 

manual curation was performed using the threshold of adjusted P-value < 0.05. 

2.3. Protein-Protein Interactions Network Analysis 

Proteins exhibit physical contacts with each other indicating some biochemical events, typically functions as 

some molecular processes within a cell, and thereby forms a PPI network [20]. A PPI network for the 

overlapping DEGs was constructed using the STRING interactome database [21]. The confidence score cutoff 
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was set to 900 and the minimum degree was set to above 10 for the detection of highly interacted proteins (i.e., 

hub proteins) using topological analysis. We constructed and visualized the PPI network using the web-based 

visual analytical platform Network Analyst [22]. 

2.4. Cox proportional hazards model construction 

Survival analysis estimates the expected time duration for a event, such as a death in cancer, to happen through 

some statistical measurements. For survival analysis of PC patients considering the overlapping DEGs, we 

defined the survival function using the product limit (PL) estimator. We then examined whether there is 

statistically considerable variation in the survival function of patients with altered gene expression and patients 

with normal gene expression. Then the CoxPH regression model was built determine the significant genes using 

the survival package in R [23]. Finally, we performed functional analyses for the obtained genes. We labeled the 

gene expression z-score value of each gene as altered or normal by comparing with the threshold value 2 (i.e., 

altered for z < 2 and normal otherwise). We performed univariate and multivariate regression which is CoxPH 

regression for every gene individually and simultaneously, respectively. 

 

Figure 3: The Venn diagram of overlapping a) up-regulated and b) down-regulating genes among the three 

datasets and TCGA data 

3. Results 

3.1. Differentially Expressed Genes (DEGs) Identification 

Comparing the tumor tissue with normal tissue we identified 149 DEGs to be commonly over-expressed and 91 

DEGs to be commonly under-expressed among the three RNA-seq gene expression datasets. Among them 

respectively 130 and 88 (total 218) DEGs were common with the TCGA RNA-seq dataset. Figure 3 depicts the 

DEGs sharing among the four datasets through a venn diagram. 

3.2. Functional Enrichment Analysis 

Functional enrichment analyses of these overlapping DEGs identified total 1768 GO terms (1380 BP, 112 CC 

and 276 MF) and 198 KEGG pathways. The 5 most significant GO terms of each category and pathways 

according to their corresponding p-value revealing the functional mechanisms of the DEGs are summarized in 
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Figure 4. 

3.3. Analysis of the PPI network 

The PPI subnetwork considering the DEGs as proteins consists of 521 nodes and 571 interactions among the 

nodes (Fig. 5). Topological analysis of the network employing degree and betweenness revealed 10 hub 

proteins: CAV1, RHOU, TUBB4A, RRAS, EFNB1, ZWINT, MYL9, PPP3CA, FGFR2 and GATA3 (Table 1). 

These hub genes could be the target for therapeutic development. 

3.4. Identification of survival DEGs 

We applied univariate analysis on each of the common DEGs individually and multivariate analysis considering 

all DEGs at a time using CoxPH modelling to predict their survival function.  

 

Figure 4: 5 topmost enriched GO terms of each category and KEGG pathways 
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Figure 5: The PPI network of the overlapping DEGs highlighting the hub genes 

In this process, the survival function of each gene was compared in altered and normal patient group. The genes 

having statistically significant difference in their survival function were then identified by selecting p-value less 

than 0.05. Thus, we found 19 such significant genes in univariate analysis and 31 genes in multivariate analysis. 

Among them, 2 genes APLN and DUOXA1 resulted notable difference in the survival period in both analysis 

(Figure. 6A). The survival pattern of these two genes in patients with altered and normal expression level are 

shown in Figure. 6 (B-C). It is evident from the figure that the survival probability of patients having altered 

expression is much less compared to the normal group for these genes. 

Table 1: Particulars for the hub genes in the PPI network 

Gene Symbol Name Expression Degree Betweenness 

CAV1 Caveolin 1 Down 54 72,255.68 

RHOU Ras homolog family member U Up 53 25,905.21 

TUBB4A Tubulin beta 4A class IVa Up 45 24,823.67 

RRAS RAS related Down 39 18,542.99 

EFNB1 Ephrin B1 Down 29 20,814.17 

ZWINT ZW10 interacting kinetochore protein Up 29 14,154 

MYL9 Myosin light chain 9 Down 25 13,266.02 

PPP3CA Protein phosphatase 3 catalytic subunit alpha Down 24 20,243.16 

FGFR2 Fibroblast growth factor receptor 2 Down 23 10,995.37 

GATA3 GATA binding protein 3 Down 20 10,376.01 
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Figure 6: Prognostic biomarkers obtained in survival analysis. (A) Venn diagram shows the genes having 

significant influence on the survival period. (B - C) Survival Curve of genes showing significant impact of PC 

survival 

4. Discussion 

The principal goal of this study was set to identify the prognostic biomarker with an intention to mitigate the 

information gap regarding the progression and survival of PC. For this, we first determined the candidate 

signature genes by cross comparing the DEGs obtained through gene expression analysis for three 

transcriptomic datasets of PC. Thus, we found 218 DEGs being common between the GEO and TCGA datasets 

considering the expression pattern. These DEGs were the basis for the subsequent course of actions including 

functional enrichments in terms of GO and molecular pathways, protein-protein interactome and survival 

analysis. Functional enrichment analysis for the common DEGs derived significant GO terms and molecular 

pathways related to the disease under consideration. PPI analysis promisingly identified ten genes (CAV1, 

RHOU, TUBB4A, RRAS, EFNB1, ZWINT, MYL9, PPP3CA, FGFR2 and GATA3) exhibiting high degree of 

interactions. Among them, Liu, Yu and his colleagues previously reported TUBB4A having significant survival 

probability and elevated expression level in PC [24]. Again, CAV1 has been repeatedly presented as a potential 

biomarker and therapeutic target for PC [25]. Therefore, the obtained hub genes could be further investigated for 

their biological involvement and prospect as source of therapeutic targe in PC. We also estimated the survival of 

PC patients by univariate and multivariate analysis using the PL estimator of the CoxPH modeling. APLN and 

DUOXA1 showed significant variation between the altered and normal group in both studies. Hua, Wei and his 

colleagues evidenced that aberrant expression pattern of Apelin (APLN) in PC tissue was associated with the 

tumor formation and its progression towards malignancy [27]. Interestingly, APLN was reported as a putative 

prognostic biomarker in cervical cancer provided its impact on the disease progression [28]. Again, in a 

previous study, Dual Oxidase Maturation Factor 1 (DOUXA1) showed response to oxidative stress and was 

associated with cytokine-mediated signaling pathway, cuticle development and hormone biosynthetic process 

[29]. Therefore, these two genes could be the candidate for prospective prognostic biomarker for PC. Overall, 

identification of the candidate DEGs along with the prognostic genes for PC will favor future research and 

effective clinical perspective. However, the identified signature genes can further be assessed for their 

contribution in the survival of PC. 
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5. Conclusion 

To conclude, the gene expression analysis of the TCGA data with three GEO datasets revealed 218 DEGs to be 

critical with PC development and progression. The survival analysis of these DEGs for 494 patients observed 

that two of them significantly reduced PC survival. In addition to this, PPI analysis resulted ten hub genes which 

could be of great therapeutic interest. However, the prospect of the gained results should be validated and 

verified through extended functional experiments. Altogether, this study offers useful knowledge and direction 

into clinical therapies and potential prognostic biomarkers of PC. 
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