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Early diagnosis of prostate cancer (PCa) as the second most common cancer in men is not associated with
precise and specific results. Thus, alternate methods with high specificity and sensitivity are needed for accurate
and timely detection of PCa. MicroRNAs regulate the molecular pathways involved in cancer by targeting
multiple genes. The aberrant expression of the microRNAs has been reported in different cancer types including
PCa. In this bioinformatics study, we studied differential expression profiles of microRNAs and their target
genes in four PCa gene expression omnibus (GEO) databases. PCa diagnostic biomarker candidates were
investigated using bioinformatics tools for analysis of gene expression data, microRNA target prediction,
pathway and GO annotation, as well as ROC curves. The results of this study revealed significant changes in the
expression of 14 microRNAs and 40 relevant target genes, which ultimately composed four combination panels
(miR- 375+96+663/ miR- 133b+143- 3p + 205/ C20RF72 + ENTPD5 + GLYAT11/LAMB3 + NTNG2+TSLP) as
candidate biomarkers capable to distinguish between PCa tumor samples and normal prostate tissue samples.
These biomarkers may be suggested for a more accurate early diagnosis of PCa patients along with current
diagnostic tests.
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Cancer is a complex disease with unknown
precise cause, and is considered as a health
problem worldwide (1, 2). Prostate cancer (PCa) or
prostate adenocarcinoma (PRAD) is a common
malignancy in men which displays clinical
heterogeneous manifestations ranging from latent to
aggressive form (3). Available screening tests for

PCa including prostate specific antigen (PSA) and
digital rectal exam (DRE) have shown low
specificity and sensitivity. Thus, alternative tests
with higher accuracy are needed for timely
diagnosis of PCa (4). Also, because end- stage PCa
is resistant to available cancer treatments, novel
small molecules either as diagnostic biomarkers or
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therapeutic targets are widely desired (4, 5). PCa
displays heterogeneous genetic variations and gene
expression profiles. Several molecular signaling
pathways including androgen receptor (AR), Wnt
and PI3 kinase contribute to the pathogenesis of the
disease (6, 7). Dysregulated expression of the key
genes in these signaling pathways has been reported
in PCa (8). MicroRNAs (miRNAs, miRs) comprise
a group of endogenous small non-coding RNAS
(ncRNAS) that play a regulatory role in the post-
transcriptional level in  multiple biological
processes such as cell cycle, apoptosis, and
angiogenesis (9). Moreover, their regulatory effects
have been reported in the molecular signaling
pathways involved in the pathogenesis of PCa (10,
11). Given the changes in the expression profile of
microRNAs in the clinical samples of patients with
cancer compared to normal individuals, it has been
posited that the molecular signature of the
expression profile of microRNAs can conduce to
the diagnosis or determining the prognosis of
cancer (12). A bunch of microRNAs (oncomiRs)
with effects on tumor suppressor genes have been
reported to be up regulated in cancer. Another
microRNAs group known as tumor suppository
with regulatory effects on oncogenes show
decreased expression in cancerous tissues (13). By
binding to the 3' UTR region of target mRNAs,
microRNAs regulate the expression of their target
genes through degrading or inhibiting the
translation of the target mRNA (14). Since the
discovery of microRNAs, there have been
numerous on-line web resources that provide
experimental data on microRNAs studies such as
sequencing, expression variations in a variety of
cancers and KEGG biological pathways.
Computational study in addition to omics analysis
can be useful for investigating novel diagnostic or
prognostic biomarkers or drug targets. Extensive
bioinformatics resources are also available for
assessment of microRNAs and their target genes.
These websites use computational methods and
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multiple algorithms for the prediction of
microRNAs effects on biological processes (15).
Investigating microRNAsS/mMRNASs in cancers can
help better fathom the factors and signaling
pathways involved in the pathogenesis of cancers,
and introduce new candidate molecules for
therapeutic purposes (16). Recently, several studies
have been carried out to examine the differential
expression of protein coding genes and microRNAS
using bioinformatics methods in various cancers
(17-20). In a bioinformatics study, Cao et al.
reported a five-gene panel as potential diagnostic
biomarkers and therapeutic targets in gastric cancer
(18). In another study, Hu et al. introduced miR-17
as a diagnostic biomarker in gastric cancer using
open access databases and bioinformatics tools
(21). Considering the need for accurate and timely
diagnostic biomarkers for PCa as well as the
possibility of merging the results of several
bioinformatics  studies, we investigated the
differential expression profiles of microRNAs and
their target genes through available microarray
databases.

Material and methods

Microarray data collection

In this study, the microRNA expression dataset,
GSE21036 (22) (99 primary tumors, 14 metastases,
28 normal tissues and 1 cancer cell line) and three
MRNA expression datasets GSE69223 (23) (30
match malignant and non- malignant prostate
tissue), GSE104749 (24) (8 prostate tissue
specimens) and GSE46602 (25) (50 prostate
tissue samples) were used from the gene expression
omnibus (GEO) database (https:  /lwww.
nchi. nlm.nih. gov/gds/). Data for metastatic
samples and cell line were excluded from
GSE21036 so that only PCa patients’ samples
and their relevant normal samples were used
for further analysis. More details of the
datasets used in the present study are shown in
Table 1.
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Table 1. Datasets used to investigating of differential expression genes and microRNAs.

GEO . microRNAs/  Number Number of Contributors
Accession MRNAS of tUMOrs controls (References) Platforms Year
Dataset (normal/BPH)
Affymetrix Human
Mortense Genome U133 Plus
GSE46602 MRNAS 36 14 et al.(25) 2.0 Array 2015
( GPL570)
Affymetrix Human
Meller Genome U133 Plus
GSE69223 MRNAS 15 15 etal. (23) 2.0 Array 2015
( GPL570)
Affymetrix Human
4 Shan Genome U133 Plus
GSE104749 MRNAS 4 et al.(24) 2.0 Array 2017
( GPL570)
Agilent-019118
_ Taylor Hl_Jman miRNA
GSE?21036 microRNAs 99 28 etal.(22) Microarray 2.0 2010
' G4470B
( GPL8227)

Microarray data pre-processing and evaluation
of differential expression microRNASs/ genes

Differential expression analysis of microRNA
(DEM)/gene (DEG) on tumor and control samples
was performed using Limma package in R 3.5.0
statistical program.

Since four different microarray datasets were
used in this analysis, we employed the ComBat
function in SVA (surrogate variable analysis)
package to remove batch effects (early merging)
(26). Statistically, significant expression changes
were selected by applying adj p values (Benjamini
— Hochberg method) (27) of less than 0.05, and
[logoFC=1. The gene targets of deregulated
microRNAs were searched in the predicted target
module-miRwalk 2.0 databases [24]. Intersection of
miRWalk 2.0 candidate target genes and
deregulated microRNAs were considered for
further analysis. Visualization of DEM/DEG of the
samples was performed with heat map plots based
on average linkage clustering method and
Euclidean distance method on heatmapper web
server (http:// www.heatmapper.ca/) (28).
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Annotation of the functional and pathway
analysis of microRNAs /mRNAs

DIANA TOOLS- miRpath v.3 (http://snf-
515788.vm.okeanos.grnet.gr/) was used for Kyoto
encyclopedia of genes and genomes (KEGG)
molecular pathway and gene ontology (GO)
analysis of deregulated microRNAs (29). For the
functional classification of the gene targets of
dysregulated microRNAs, we used PANTHER
(protein analysis through evolutionary
relationships) classification system tools /gene list
analysis (http://www.pantherdb.org/) (30).
Receiver operating characteristic (ROC) curve
analysis

To assess the predictive value of the
deregulated microRNAs and applicable target genes
for distinguishing between tumor and non-tumor
samples, expression fold-change data were utilized
in receiver operating characteristic (ROC) curve
analysis by MedCalc software (variant 12.1.4.0). A
logistic regression model was specified for a
combined evaluation of the microRNAs and their
predicted target genes (31). For this purpose,
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modified variables were constructed via the
coefficient of logistic model; these variables were
finally conducted in the construction of ROC
curves. Area under curve (AUC), sensitivity, and
specificity parameters were used to compare the
predictive values of microRNAs and their target
genes.

DEM and DEG determination

Overall, DEM analysis of 127 tumor samples
compared to relevant normal groups by R program
showed significantly deregulated expression of 14
microRNAs. Our results revealed increased
expression levels for hsa-miR-96-5p, hsa-miR-
148a-3p, hsa-miR-153-3p, hsa-miR-183-5p, hsa-
miR-663a,
expression levels for hsa-miR-221-3p, hsa-miR-
143-3p, hsa-miR-145-5p, hsa-miR-133b, hsa-miR-
143-5p, hsa-miR-222-3p, hsa- miR-886-3p, and
hsa-miR-205-5p (Table 2). The miRWalk algorithm
predicted 2957 putative target genes for the

hsa-miR-375-3p, and  decreased

upregulated microRNAs, among them 22 genes
were shared with the results of the R analysis

Khorasani M et al.

(Table 3). Also, for downregulated microRNAs,
miRWalk algorithm determined 4241 putative
target genes of which 18 genes were also shared
with the R analysis results (Table 4). The results for
clustering of the upregulated microRNAs identified
two distinct groups. One cluster contained miR-
148a and miR-375, which have a significant
regulatory role in endocytosis and central carbon
metabolism in cancer. Also, the other cluster
contained mMiR-96, miR-663, miR-153, and miR-
183 that regulate the pathways of the Hippo
signaling, adherence junction, prostate cancer,
transcriptional dysregulation in cancer, regulation
of actin cytoskeleton, and ECM receptor
interaction. The clustering of downregulated
microRNAs showed three distinct groups; a cluster
containing miR-145, which plays a role in the
pathways of proteoglycans in cancer, adherence
junction, focal adhesion, pathways in cancer,
signaling pathways regulating pluripotency of stem
cells, transcriptional dysregulation in cancer, and
TGF-beta signaling pathway. The other cluster
contained miR-222, miR-886, and miR-143-5p
which regulate cell adhesion molecules (CAMS),

Table 2. Differential expression miRNAs from R analysis results for tumor samples compared with normal

samples.

microRNA ID Accession number Log:FC Regulation  P.Value adj.P.val
hsa-miR-96-5p MIMATO0000095 1.445869 Up 3.96E-15 1.42E-12
hsa-miR-148a-3p  MIMAT0000243 1.08223 Up 1.14E-12 1.57E-10
hsa-miR-153-3p MIMATO0000439 1.124276 Up 7.72E-12 7.32E-10
hsa-miR-183-5p MIMAT0000261 1.127885 Up 1.16E-11 1.02E-09
hsa-miR-663a MIMAT0003326 1.039093 Up 4.35E-10 2.68E-08
hsa-miR-375-3p MIMATO0000728 1.110174 Up 4.76E-08 1.57E-06
hsa-miR-221-3p MIMATO0000278 -1.22942 Down 4.09E-14 9.50E-12
hsa-miR-143-3p MIMATO0000435 -1.40632 Down 3.17E-17 6.00E-14
hsa-miR-145-5p MIMATO0000437 -1.36381 Down 1.14E-14 3.47E-12
hsa-miR-133b MIMATO0000770 -1.16986 Down 6.54E-13 1.15E-10
hsa-miR-143-5p MIMATO0004599 -1.09946 Down 1.32E-12 2.03E-10
hsa-miR-222-3p MIMATO0000279 -1.21943 Down 2.82E-12 3.12E-10
hsa-miR-886-3p MIMATO0004906 -1.02351 Down 2.12E-09 1.11E-07
hsa-miR-205-5p MIMATO0000266 -1.77151 Down 2.78E-05 0.00035971
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Gene symbol  Full name Log.FC  P.Value adj.P.val Targeted by
SLC14A1 solute carrier family 14 member 1 -3.0688  4.23E-19 1.93E-15 miR-153-3p
CYP3A5 cytochrome P450 family 3 subfamily A member 5 -1.70664 3.74E-18 1.22E-14 miR-183-5p
ACOX2 acyl-CoA oxidase 2 -1.09276 2.40E-15 1.77E-12 miR-153-3p
NTNG2 netrin G2 -1.73367 4.16E-15 2.72E-12 ~ MiR-96-5p
FRMD6 FERM domain containing 6 -1.13602 2.44E-14 1.14E-11 miR-183-5p
FAM83B family with sequence similarity 83 member B -1.06322 5.21E-14 2.01E-11 miR-96-5p
LAMB3 laminin subunit beta 3 -1.83415 1.43E-13 4.47E-11  miR-663a
CPA6 carboxypeptidase A6 -1.17438 1.61E-13 4.84E-11 miR-183-5p
GSTM2 glutathione S-transferase mu 2 -1.47078 2.74E-13 7.64E-11 m:ﬁggsip
ACSF2 acyl-CoA synthetase family member 2 -1.03856 9.58E-12 1.27E-09 miR-96-5p
TSLP thymic stromal lymphopoietin -1.2069  3.31E-11 3.36E-09  MiR-148a-3p
PTGS1 prostaglandin-endoperoxide synthase 1 -1.14004 8.02E-11 6.92E-09 miR-148a-3p
EFS embryonal Fyn-associated substrate -1.0616  1.15E-10 9.37E-09 m:ggg;’gp
ANO5 anoctamin 5 -1.10704 1.89E-09 9.21E-08  MIiR-96-5p
PRIMA1 proline rich membrane anchor 1 -1.06743 2.46E-09 1.15E-07 miR-96-5p
NTN4 netrin 4 1107622 1.06E-08 3.96E-07 Q:E?g;’gp
GABRE gamma-aminobutyric acid type A receptor epsilon subunit -1.36916 1.12E-08 4.13E-07 miR-96-5p
FOXQ1 forkhead box Q1 -1.4297  1.81E-08 6.24E-07 miR-96-5p
— ARMCX1 armadillo repeat containing X-linked 1 -1.18953 4.90E-08 1.44E-06 miR-96-5p
% PDK4 pyruvate dehydrogenase kinase 4 -1.07171 1.95E-07 4.55E-06  MiR-148a-3p
LRCH2 leucine rich repeats and calponin homology domain containing2 -1.02514 1.01E-06 1.80E-05 miR-96-5p
CD177 CD177 molecule -2.05064 1.11E-05 0.00013116 mMiR-148a-3p
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spliceosome, glycolysis/gluconeogenesis, MRNA

surveillance  pathway,  ubiquitin  mediated
proteolysis, and cell cycle. Finally, another cluster
which contained miR-133b, miR-221, miR-205,
and miR-143-3p regulates the pathways of fatty
acid biosynthesis/ metabolism / elongation,
nucleotide excision repair, RNA transport, estrogen
signaling pathway, viral carcinogenesis, and cell
cycle (Fig. 1A, 1B). Similar pattern was also
observed in the DEG clustering heatmap plot. The
clustering results of upregulated genes showed
three distinct groups; the cluster containing AGR2,
ENTPD5, and MYO6 which regulates purine/
pyrimidine metabolism; the cluster containing

GJB1, EFCAB4A, TFF3 and ARHGEF26 that is
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involved in the bacterial invasion of epithelial cells,
and the cluster which contained other remaining
genes that contribute to the pathways of
glycolysis/gluconeogenesis, the metabolic pathways
of the chemical carcinogenesis, calcium signaling
pathway, and drug metabolism - cytochrome. Also,
the clustering results for downregulated genes
showed two distinct groups; a group including
FRMD6, GSTM2, NTN4, NTNG2, SLC14A1 which
are involved in the pathways of the Hippo signaling
pathway, CAMs, and another group including the
genes which play a role in the Oeroxisome
proliferator-activated receptors (PPARSs) signaling
pathway, cytokine-cytokine receptor interaction,
JA-STAT ECM

signaling pathway, receptor
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interaction, PI3K-Akt signaling pathway, focal
adhesion, metabolic pathways, platelet activation,
primary bile acid biosynthesis, and pathways in
cancer (Fig. 1C, 1D).
KEGG pathway and GO annotation for DEM/
DEG

The results of the mirPath v.3 analysis on the
upregulated microRNAs revealed that they are
involved in steroid biosynthesis, viral carcino-
genesis, proteoglycan in cancer, oocyte meiosis,
p53 signaling, cell cycle, FoxO signaling, and
hepatitis B KEGG molecular pathways. Two
microRNAs are also involved in PCa by targeting
22 genes (P-value: 0.000887). The analysis of GO
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on the upregulated microRNAs showed their
contribution in some cellular compositions (CC)
such as nucleoplasm, cytosol, organelle, protein
complex, microtubule organizing center, focal
adhesion, some molecular functions (MF) such as
enzyme binding, ion binding, protein binding
transcription factor activity and cytoskeletal protein
binding, some biological processes (BP) like cell
death, cell cycle, response to stress , immune
system process, protein complex assembly, gene
expression, epidermal growth factor receptor
signaling pathway, and chromatin organization. The
assessment of KEGG pathways for the down

regulated microRNAs by the mirPath v.3 showed

Table 4. Selected up regulated target genes for down regulated miRs.

Gene Full name Log:FC P.Value adj.P.val Targeted by
symbol
GJB1 gap junction protein beta 1 1.413366 8.17E-15 4.91E-12 miR-143-5p
. miR-143-5p,
SIM2 SIM bHLH transcription factor 2 1.242935 8.37E-15 491E-12 .
miR-205-5p
C20RF72 chromosome 2 open reading frame 72 1.000061 4.31E-14 1.83E-11 miR-143-3p
. - . miR-143-3p,
EFCAB4A EF-hand calcium binding domain 4A 1.126401 5.66E-14 2.07E-11 .
miR-205-5p
MS4A8 membrane spanning 4-domains A8 1.823825 8.17E-14 2.83E-11 miR-133b
STX19 syntaxin 19 1.367034 1.34E-13 4.25E-11 miR-143-3p
GLYATL1 glycine-N-acyltransferase like 1 1.625489 7.33E-12 1.04E-09 miR-205-5p
ARHGEF26 Rho guanine nucleotide exchange factor 26 1.218229 1.11E-11 1.44E-09 miR-205-5p
T ectonucleoside triphosphate diphosphohydrol- 1.000572 1.88E-11 2.17E-09 miR-143-5p
ase 5
LUZP2 leucine zipper protein 2 2.07617 2.23E-10 1.60E-08 miR-145-5p
ALDH3B2 aldehyde dehydrogenase 3 family member B2~ 1.270465 8.46E-10 4.79E-08 miR-143-5p
. miR-145-5p,
MYO6 myosin VI 1.195531 2.50E-08 8.13E-07 .
miR-143-3p
CTHRC1 collagen triple helix repeat containing 1 1.636065 3.76E-08 1.16E-06 miR-133b
. . . . miR-133b,
SAMD5 sterile alpha motif domain containing 5 1.026208 3.97E-06 5.60E-05 .
miR-143-3p
anterior gradient 2, protein disulphide miR-143-3p
AGR2 . i 1.547001 4.04E-06 5.68E-05
isomerase family member
PCDHGA4 protocadherin gamma subfamily A, 4 1.209697 6.29E-06 8.22E-05 miR-133b
TFF3 trefoil factor 3 1.28993 8.73E-06 0.00010802 miR-143-3p
CHRM3 cholinergic receptor muscarinic 3 1.018549 1.43E-05 0.00016284 miR-205-5p
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Fig. 1. The heatmap plots of the deregulated microRNAs in GSE21036 dataset and deregulated genes for integrative analysis of GSE46602,
GSE69223, and GSE104749 datasets. A: The heat map plot of the six up regulated microRNAs; B: The heat map of the eight down
regulated microRNAs. Each row illustrates the desired microRNAs and each column shows samples; C: The heat map of the up regulated
genes; D: The heat map of the down regulated genes. Each row illustrates the desired genes and each column shows samples.
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Fig. 2. Pie chart for functional classification of the up regulated genes by the panther. A: pathway analysis; B: protein class; C: cellular

components; D: molecular function and E: biological processes based on GO-slim.

that they are linked to some molecular pathways
such as p53 signaling pathway, estrogen signaling
pathway, viral carcinogenesis, Hippo signaling
pathway, and lysine degradation. The pathways in
cancer for microRNAs by targeting 36 genes was
also reported (P-value: 0.0010524). In addition, GO
analysis for evaluation of the downregulated
microRNAs revealed that some of them are
assigned in intersectional category for CC, MF and
BP and are linked to cytosol, protein complex,
organelle, enzyme binding, ion binding, biological
process, gene expression, and response to stress.
Ultimately, the pathway and GO-slim analysis for

either up or down regulated target genes was
performed by using PANTHER software. The
results of these assessments are shown in Figs. 2
and 3.
DEM and DEG discriminate PCa tumor samples
The expression ratios of significant DEM and
DEG in the tumor samples were converted to
ROC/AUC data, which determined the specificity
and sensitivity of each microRNA/target gene assay
for distinguishing tumor samples from control
samples. While individual assays were capable of
discrimination between tumor and non- tumor
acceptable

samples  with accuracy, four
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combination panels showed higher AUC, sensitivity
and specificity (Figs. 4, 5, and 6). Regarding the
upregulated microRNAs, a combination panel
[MiR-375 + miR-96 + miR-663] with AUC =
0.962, sensitivity = 89.9, specificity = 92.86, and
95% CI: 0.913 to 0.988 showed the best results. Out
of the down regulated microRNAs, a combination
panel consisted of miR-133b+ miR-143-3p+ miR-
205 with AUC = 0.994, sensitivity = 97.98,
specificity = 96.43, 95% CI: 0.961 to 1.000
had significantly superior accuracy. Also, among

M Integrin signalling
pathway (P0O0034)

the genes with upregulated expression, the
combined expression panel of C20RF72 +
CTHRC1+ ENTPD5+ GLYATL1 with AUC =0.986,
sensitivity = 96.36, specificity = 93.94, and
95% CI: 0.933 to 0.999 displayed remarkable
accuracy. Finally, the combination panel of
LAMB3+ NTNG2 + TSLP with AUC = 0.986,
sensitivity = 98.18, specificity = 93.94, and
Cl %95 = 0.934 to 0.999 95% had better
results than individual assay in the downregulated
genes.
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Fig. 3. Pie chart for functional classification of the down regulated genes by the panther. A: pathway analysis; B: protein class; C:
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Fig. 4. Receiver operating characteristic (ROC) curves of deregulated microRNAs expression profiles in tumor and control samples.
A-G show the ROC curves as well as sensitivity and specificity of up regulated microRNAs and microRNAs combination assays; H-P show

the ROC curves as well as sensitivity and specificity of down regulated microRNAs and microRNAs combination assays.
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Fig. 5. Receiver operating characteristic (ROC) curves of up regulated genes expression profiles in tumor and control samples. A-S

show the ROC curves as well as sensitivity and specificity of up regulated genes and genes combination assays.
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Fig. 6. Receiver operating characteristic (ROC) curves of down regulated genes expression profiles in tumor and control samples.

A-W show the ROC curves as well as sensitivity and specificity of down regulated genes and genes combination assays.
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Discussion

Deeper understanding of the molecular
pathways involved in the pathogenesis of PCa may
lead to new diagnostic biomarkers (32).
MicroRNAs have a regulatory role in the biological
processes as they silence their target genes at post-
transcriptional or translational levels (33).
MicroRNAs further regulate the molecular
pathways involved in cancers, including PCa, by
targeting multiple genes (34, 35). On the other
hand, the aberrant expression of microRNAs in
cancers has been widely reported. Therefore, the
examination of microRNAs/their targets expression
profiles can be conducive to identifying diagnostic
cancer biomarkers (36). Bioinformatics tools, along
with molecular biology techniques, are useful
for comprehensive transcriptome studies and
investigation of the molecular pathways involved in
cancer (37). In this study, we used systems biology
tools and high-throughput microarray datasets
to investigate changes in the expression of
microRNAs in 99 PCa tissue samples compared to
normal prostate tissue samples. Further studied was
the expression profile of the target genes through
analyzing the integrative data obtained from three
independent microarray experiments. Overall, our
study results showed significant changes in the
expression of 14 microRNAs and 40 relevant target
genes, which ultimately introduced four
combination panels as candidate biomarkers that
can distinguish PCa tumor samples against normal
prostate  tissue samples. Interestingly, the
deregulation of the highlighted microRNAs (miR-
96, miR-375, mir-663, miR-133b, miR-143, and
miR-205) in PCa was reported in previous studies
using gRT-PCR or northern blot assays (38-43).
Mihelich et al. reported the upregulation of miR-96
expression (a member of the miR-183 family) in
PCa tissue samples (43). In line with the results of
the previous studies, our results showed that miR-
96, targeting different genes such as FOXOland
NTNG?2 in the FOXO signaling pathway, androgen
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receptor signaling, apoptosis, and adhesion junction
plays regulatory roles in the pathogenesis of PCa.
Jiao et al., in a study on 127 PCa patients, indicated
that miR-663 expression in tumor tissues was
higher than normal samples, and associated with
Gleason score and disease stage (38). MiR-663a,
which was in the same cluster with miR-96 in our
analysis, also has a pivotal role in targeting various
genes such as LAMB3, involved in molecular PCa
pathogenesis via the PI3K-Akt signaling pathway,
ECM receptor interaction, and focal adhesion. In
the same way, Szczyrba et al. conducted a 26-
sample study using qRT-PCR technique, which
showed an increase in the expression of miR-375 in
81% of tumor samples compared with normal
specimens (39). The results of our study with regard
to miR-375 were similar to those reported by
Szczyrba et al. Although there were no changes in
the expression of its target genes, the analysis of the
miRpath3.0 showed that p53, FOXO, and Hippo
signaling pathway are regulated by miR-375. Clape’
et al. reported the reduced expression of miR-143 in
25 PCa tissue samples, and suggested that it could
be considered as a drug target (41). Verdoodt et al.
studied 86 formalin fixed paraffin-embedded
(FFPE) tissue samples obtained by primary PCa
prostatectomy. Using qRT-PCR, they observed that
the down- regulated expression of miR-205 was
inversely related to tumor size in 76 samples (40).
Our study results showed similar expression
changes with regard to miR-143 and miR-205 in
tumor samples compared to non- tumor
counterparts. The results further revealed that miR-
143-3p can be involved in the pathogenesis of PCa
by targeting C20RF72, MYO6, TFF3, AGR2, and
STX19. Furthermore, miR-205 plays a similar role
in targeting genes such as GLYAT11, SIM2,
CHRM3, EFCAB4A, and ARHGEF26. Few studies
on miR-133b as a member of the family of
myomiRs (muscle specific microRNASs) in PCa
tissues have been published so far. Using gRT-PCR
method Guze et al. reported lower expressions of
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miR-133b in 23 prostate tumor secretion samples
compared with 25 BPH secretion samples (44, 45).
As a result of our study, expression levels of miR-
133b in tumor samples were reduced compared to
non-tumor samples. Also, miR-133b contributes to
the pathogenesis and progression of PCa by
targeting the CTHRC1, SAMD5, and PCDHGA4
genes involved in biological processes such as
biological adhesion and immune system process.

In conclusion, our bioinformatics study
indicated four combination panels (i.e., miR- 375+
96+ 663/ miR- 133b+ 143- 3p+ 205/ C20RF72+
ENTPD5+ GLYAT11/ LAMB3+ NTNG2+ TSLP)
that can discriminate prostate tumor tissue samples
from normal specimens. These biomarkers may
help with early diagnosis of PCa along with
currently available diagnostic tests. However, since
the aim of our study was to investigate the data
from high-throughput microarray data, the
validation of the biomarker panels suggested by this
study needs more investigation in future studies.
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