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ABSTRACT

As one of common malignancies, prostate adenocarcinoma (PRAD) has been a growing health problem
and a leading cause of cancer-related death. To obtain expression and functional relevant RNAs, we firstly
screened candidate hub mRNAs and characterized their associations with cancer. Eight deregulated genes
were identified and used to build a risk model (AUC was 0.972 at 10 years) that may be a specific biomar-
ker for cancer prognosis. Then, relevant miRNAs and IncRNAs were screened, and the constructed primar-
ily interaction networks showed the potential cross-talks among diverse RNAs. IsomiR landscapes were
surveyed to understand the detailed isomiRs in relevant homologous miRNA loci, which largely enriched
RNA interaction network due to diversities of sequence and expression. We finally characterized TK1,
miR-222-3p and SNHG3 as crucial RNAs, and the abnormal expression patterns of them were correlated
with poor survival outcomes. TK1 was found synthetic lethal interactions with other genes, implicating
potential therapeutic target in precision medicine. LncRNA SNHG3 can sponge miR-222-3p to perturb
RNA regulatory network and TK1 expression. These results demonstrate that TK1:miR-222-3p:SNHG3
axis may be a potential prognostic biomarker, which will contribute to further understanding cancer
pathophysiology and providing potential therapeutic targets in precision medicine.

© 2022 The Author(s). Published by Elsevier B.V. on behalf of Research Network of Computational and

Structural Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creative-

commons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Prostate adenocarcinoma (PRAD) is one of common malignan-
cies among men, and it has been a growing health problem globally
and a leading cause of cancer-related death [1]. It is growing
rapidly throughout the world, especially in the United States
[2,3], and the risk of progression maybe vary significantly. Many
patients can be cured using standard treatments, mainly including
radical prostatectomy (RP) or primary definitive radiotherapy (RT)
[4,5] that is an available treatment. However, it is still need further
understanding of prevention, early diagnosis, treatment or progno-
sis determination [6], which is quite crucial to cure this disease and
improve low survival rate [7]. Exploring the detailed molecular
mechanisms is very important particularly the potential interac-
tions between diverse molecules.
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Many studies have validated some genes and related pathways
contribute to PRAD, and some crucial genes may be potential
biomarkers for diagnosis and treatment [8], especially for non-
coding RNAs (ncRNAs). As a class of potential important regula-
tors, mainly including microRNA (miRNA), long-non-coding RNA
(IncRNA) and circular RNAs (circRNA), has been widely concerned
due to the key roles with mRNAs in ncRNA regulatory network.
For example, EWI-2 controls nucleocytoplasmic shuttling of EGFR
signaling molecules and miRNA sorting in exosomes to inhibit
prostate cancer cell metastasis [9], SChLAP1 can promote prostate
cancer development through interacting with EZH2 to mediate
promoter methylation modification of multiple miRNAs [10], cir-
culating miRNA pairs could potentially bring more benefits to
early diagnosis for clinical practice [11], upregulation of miR-
3195, miR-3687 and miR-4417 is associated with castration-
resistant prostate cancer [12], and NF-kB2/p52 induces resistance
to enzalutamide [13]. These relevant studies have shown the cru-
cial roles of RNAs in tumorigenesis, and these genes may be
potential biomarkers for cancer diagnosis. Further studies should
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be focus on the interactions of these genes, especially interactions
among ncRNAs and mRNAs that may be a crucial method to
explore the detailed molecular mechanism via a systematic
method.

Recently, competing endogenous RNAs (ceRNAs) network based
on the potential interactions among different RNAs, has been
widely studied due to correlation with the initiation and develop-
ment of diverse cancers. For example, IncRNA OGFRP1 can be as a
ceRNA to promote the progression of prostate cancer by regulating
SARMT1 level via miR-124-3p [14], circABCC4 as a ceRNA of miR-
1182 facilitates prostate cancer progression by promoting FOXP4
expression [15], SP1-mediated upregulation of IncRNA SNHG4
functions as a ceRNA for miR-377 can facilitate prostate cancer
progression through regulation of ZIC5 [16], TUG1 promotes pros-
tate cancer progression by acting as a ceRNA of miR-26a [17], and
IncRNA UCA1 functions as a ceRNA can promote prostate cancer
progression via sponging miR-143 [18]. These studies indicate that
these interactions may have important roles in cancer pathology,
which largely contributes to surveying a series of RNAs associated
with PRAD. Whether relevant mRNAs have an important role in
cancer, whether cross-talks among diverse RNAs contribute to can-
cer pathology, and particularly whether the multiple isomiRs from
miRNA locus also perturb coding-non-coding RNA interaction net-
work, are quite interesting issues. It is necessary to further query
for the potential roles of diverse RNAs in cancer, especially for epi-
genetic change of these genes.

In this study, we aim to survey potential prognostic and thera-
peutic targets via ncRNA-mediated RNA cross-talk using weighted
gene co-expression analysis (WGCNA), and then perform in-depth
analysis to further understand the role of cancer-associated RNAs.
Firstly, deregulated mRNA profiles are analyzed via an integrative
analysis of datasets, and candidate deregulated mRNAs are further
validated via WGCNA analysis. The hub genes are obtained based
on univariate and multivariate Cox proportional hazard regression
analysis, and then a survival model is constructed to estimate its
role as a potential prognostic biomarker. Secondly, based on the
biological relationships, relevant ncRNAs, mainly including miR-
NAs and IncRNAs, are surveyed and analyzed to calculate their
roles and prognostic values. Thirdly, interaction networks are con-
structed that are used to further survey and validate crucial RNAs
associated cancer. Finally, for the screened crucial RNAs, in-depth
analysis is performed to validate the potential biological roles in
cancer pathology and prognostic values in cancer, especially for
the potential roles of multiple isomiRs in miRNA locus. Our results
will contribute to understanding of RNA cross-talks as well as their
potential roles in cancer diagnosis and prognosis, which provides
insight into finding the novel therapeutic or anti-cancer drug tar-
gets in precision medicine.

2. Results
2.1. Overview of deregulated mRNA expression profiles

To understand the deregulated mRNA expression profiles,
expression analysis was performed based on integrated data
sources. A total of 1,488 significantly abnormally expressed genes
were detected (Figure S1A), including 737 up-regulated and 751
down-regulated genes. These genes showed potential biological
functions, mainly including roles in some KEGG (Kyoto Encyclope-
dia of Genes and Genomes) pathways and GO (Gene Ontology)
terms (Figure S1B and S1C). For example, these deregulated genes
may contribute to cAMP signaling pathway and focal adhesion, and
had a role in cell adhesion and cell junction. The top 100 deregu-
lated genes could be used to classify the normal and tumor popu-
lations (Fig. 1A).
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2.2. Screening of crucial mRNA modules based on WGCNA analysis

In order to survey the potential crucial gene modules associated
with cancer, WGCNA analysis was used to analyze relevant genes.
According to normalized expression data, the top 40 % genes via
variance comparison were used to screen potential gene modules
because the selection of the top 40 % showed higher correlation
of divided modules and cancer in further analysis than other selec-
tions of the top 80 %, 75 %, 60 % and 50 % genes. The value of soft
thresholding power of 7 was selected in constructing network
based on distribution of scale free topology fitting index R®
(scale-free R? = 0.85) and the mean connectivity (Fig. 1B), and then
a total of 18 gene modules were detected according to co-
expression similarity with the height threshold >0.75 (Fig. 1C).
Based on co-expression similarity and calculate adjacency, green
(correlation = 0.78, p = 1.0e-132) and blue (correlation = 0.45,
p = 3.0e-33) modules, containing 1,923 genes, were surveyed as
candidate genes (Fig. 1C and 1D).

To further understand the potential biological function of these
candidate genes, functional enrichment analysis was performed
(Fig. 1E and Figure S1D). These genes had a role in multiple biolog-
ical pathways, including protein binding, cytoplasm and metabolic
pathways, indicating that they may contribute to tumorigenesis.
Then, these candidate genes were further queried for their expres-
sion patterns, and 157 genes were found with abnormal expres-
sion, containing 118 up-regulated and 39 down-regulated genes
(Table S1). Only 8 of them (5.10 %) were identified as core essential
genes, indicating that most of deregulated genes were non-
essential genes. Seven (4.46 %) were identified as human cancer
genes, and 40 genes (25.48 %) were found with roles in multiple
hallmarks of cancer, particularly insensitivity to antigrowth signals
and self-sufficiency in growth signals. Further, we found that 58
genes (36.94 %) were detected as members in multiple KEGG path-
ways, especially in MAPK signaling pathway, arachidonic acid
metabolism and pathways in cancer.

2.3. Prognosis values of candidate genes using Cox regression analysis

A total of 157 deregulated genes were selected as candidate cru-
cial genes associated with cancer according to the above analysis.
To understand the potential prognostic value, the correlation of
gene expression level and the total survival rate were then esti-
mated. Based on Wald test, 17 genes were primarily involved in
further multivariate Cox proportional hazard model (Table 1).
Eight crucial genes were selected, including significantly up-
regulated 7 genes of TK1, PDIA5, NME2, TMEM132A, SLC12AS8,
DBNDD1 and PYCRI1, and significantly down-regulated FAM107A
(Fig. 2A). These genes showed relative consistent expression pat-
terns in diverse cancers (Figure S2A), implying the similar func-
tions and potential critical roles in tumorigenesis. No genes were
identified as core essential genes, implying that dynamic expres-
sion patterns may largely contribute to cancer pathophysiology
and developmental process. Further, negative correlations could
be found between FAM107A and other candidate genes, while
others usually showed positive significant expression correlations
(Fig. 2B). The interesting correlations implied that these genes
had potential associations in relevant biological pathways. NME2
had a role in hallmarks of cancer of evading apoptosis, tissue inva-
sion and metastasis, and was a member in KEGG pathways of
pyrimidine metabolism and purine metabolism. TK1 was a mem-
ber in pathways of pyrimidine metabolism and drug metabolism
other enzymes, and PYCR1 was a member in pathway of arginine
and proline metabolism. These results showed that screened genes
had a role in key biological pathways, and the abnormal expression
patterns might directly or indirectly lead to perturbed interaction
network.
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Table 1

Screened candidate genes associated with PRAD.
Gene Univariate Multivariate

HR (95 % CI) p coef HR p

PKMYT1 1.7976(1.3440-2.4044) 0.0001
TK1 1.0642(1.0307-1.0988) 0.0001 0.0654 1.0676 0.0209 *
TMEM97 1.1631(1.0734-1.2603) 0.0002
MAP2K6 1.4568(1.1418-1.8585) 0.0025
PLAGL1 1.7457(1.1778-2.5875) 0.0055
PDIAS 1.0625(1.0176-1.1094) 0.0060 0.0655 1.0677 0.0170 *
NME2 1.0574(1.0088-1.1084) 0.0201 0.0494 1.0507 0.1244
MAL2 1.0242(1.0028-1.0460) 0.0266
TMEM132A 1.0721(1.0071-1.1412) 0.0291 —0.0208 0.9794 0.7144
SLC12A8 1.3775(1.0190-1.8623) 0.0373 0.3000 1.3499 0.1714
DBNDD1 1.1464(1.0054-1.3072) 0.0414 0.0529 1.0544 0.5537
PYCR1 1.0253(1.0002-1.0510) 0.0479 —0.0239 0.9764 0.2923
CRISPLD2 0.8980(0.8043-1.0025) 0.0555
EPCAM 1.0080(0.9998-1.0162) 0.0560
FOXA1 1.0109(0.9997-1.0222) 0.0562
FAM107A 0.7939(0.6214-1.0142) 0.0647 —0.0563 0.9452 0.6826
C90rf152 1.0420(0.9926-1.0939) 0.0969

Risk = 0.0654*TK1 + 0.0655*PDIA5 + 0.0494*NME2 + (-0.0208)*TMEM132A + 0.3000*SLC12A8 + 0.0529*DBNDD1 + (-0.0239)*PYCR1 + (-0.0563)*FAM107A.

According to estimated prognostic risk scores (Table 1), patients
were divided into high-risk and low-risk groups (Fig. 2C and 2D),
and the detailed expression patterns were obviously found
between the two groups. Dead patients were in high-risk groups
(Fig. 2D), implying potential association of high-risk and high
expression. To further estimate prediction accuracy, survival anal-
ysis and the area under the receiver operating characteristic (ROC)
curve analysis were performed. The probability of survival at
100 months of patients with low expression was significantly
higher than that in patients with high expression, and the AUC
was 0.972 at 10 years (0.854 at 9 years, and 0.850 at 8 years)
(Fig. 2E). Further analysis using independent GEO data
(GSE116918) also validated this result, and the AUC was 0.768 at
9 years (Fig. 2F), which further validated the effectiveness and high
accuracy of the prognosis model. Compared with other relevant
reported risk models [19-21], our risk score model had better
effect and was robust (Figure S2B-S2D). Simultaneously, to avoid
the potential influence of down-regulated gene (FAM107A), we
also analyzed another 7 up-regulated genes, and similar results
could be found (Figure S2E-S2F). The AUC was 0.995 at 9 years
(the valuated AUC was 0.749 at 9 years), which indicated that
the crucial genes could be a potential biomarker in cancer
prognosis.

2.4. Screening related ncRNAs and construction of interaction
networks

Based on the screened 8 key genes, related miRNAs were pri-
marily collected according to their biological relationships. Dereg-
ulated miRNAs were surveyed as potential associated miRNAs, and
then these miRNAs were used to screen related IncRNAs based on
the potential interactions (Figure S3). Among the related miRNAs,
homologous miRNAs were involved, such as miR-221-3p and
miR-222-3p, miR-20a-5p and miR-20b-5p, indicating their similar
function due to highly homologous functional regions. Related
ncRNAs were further screened according to opposite expression
patterns of miRNAs and mRNAs, and miRNAs and IncRNAs, respec-
tively. Thus, 4 mRNAs were remained, including up-regulated
DBNDD1, SLC12A8 and TK1, down-regulated FAM107A (Fig. 3A).
Related 5 miRNAs and 9 IncRNAs were collected. These different
RNAs had potential interactions, and further analysis was per-
formed to validate the potential expression correlations among
RNAs. Negative expression correlations of miRNA:mRNA and
miRNA:IncRNA were used to identify cross-talk among key RNAs,
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and several RNAs, including TK1, 2 miRNAs and 2 IncRNAs (TK1:
miR-221-3p/miR-222-3p:SNHG3/RUNDC3A-AS1), were obtained
as potential interactions among ncRNAs and mRNAs (Fig. 3A).
Among screened 5 RNAs, miR-221-3p and miR-222-3p were
homologous miRNAs with sequence similarity, and they have been
validated with potential prognostic roles in cancers [22]. They may
promote osteogenic differentiation of bone marrow mesenchyme
stem cells through IGF-1/ERK pathway under high glucose condi-
tion [23]. The two miRNAs were median molecules correlated with
TK1 and IncRNAs, and IncRNAs further disturbed TK1 expression
through interaction with miRNAs as a competing endogenous RNA.

2.5. The potential prognostic values of screened RNAs

For the screened RNAs associated with cancer, patients with
low expression of TK1 had higher probability of survival than that
in patients with high expression (Fig. 3B and 3C), indicating that
TK1 may have potential prognostic value in PRAD. The similar
results were also detected based on all the cancer types, and this
gene was always over-expressed in other cancers (Fig. 3D), mainly
including BLCA, BRCA, CHOL, and other 8 cancer types (17 cancer
types were involved, and it only showed down-regulated expres-
sion in KICH). These pan-cancer expression analysis showed that
TK1 was prone to show over-expression in cancers, implying its
role in the occurrence and development of cancer. Similar to TK1,
another two involved ncRNAs, miR-222-3p and SNHG3, also
showed significant prognostic values (Fig. 4A). Patients with high
expression of miR-222-3p showed higher probability of survival
than that in group with low expression (p = 0.025), while patients
with low expression of SNHG3 had higher probability of survival
(p = 0.028). Thus, the TK1:miR-222-3p:SNHG3 axis might be a
potential biomarker in diagnosis and prognosis of PRAD, and inter-
actions among them might provide more biological implication.

2.6. In-depth analysis of screened RNAs with potential cross-talks

In recent years, miRNAs have been concerned because of the
multiple isomiRs in the miRNA locus [24-28], which may be an
approach to reveal the miRNA world due to potential perturbing
coding-non-coding RNA interaction network. Here, based on
homologous miRNAs, isomiRs profiles were queried for the
detailed expression. Five abundant isomiRs were detected in the
two homologous miRNA loci, respectively (Fig. 4B), but they
showed diverse expression patterns. A specific isomiR had the
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regulated TK1 expression patterns. The log,FC value is presented, and ** indicates p < 0.001, *** indicates p < 0.0001.

absolute expression level than other isomiRs in miR-221-3p (the
median percentage was 45.60 %), while two isomiRs with domi-
nant expression in miR-222-3p were found (the median percent-
ages were 36.11 % and 30.12 %, respectively, Fig. 4B). The diverse
expression patterns showed that isomiR expression profiles were
not random, and they may be diverged even in homologous gene
loci. Interestingly, all of these isomiRs were 3’ isomiRs with the
same 5’ ends and seed sequences. They were only involved in
divergence in 3’ ends that led to diverse length distributions, impli-
cating the well-conserved 5’ ends and stable regulatory function.
For the screened miR-222-3p gene loci, the 5 abundant isomiRs
were further queried for their expression patterns in diverse cancer
types. Compared with TK1, isomiRs showed diverse expression
patterns in cancers (Fig. 4C). Two isomiRs were significantly
down-regulated in PRAD, and one isomiR was found with down-

regulated expression in UCEC, while others did not show signifi-
cant abnormal expression. However, the over-expression patterns
were more popular in other cancer types (Fig. 4C), especially the
5 abundant isomiRs were found with up-regulation expression in
4 cancers (CHOL, LIHC, THCA and KICH), indicating the diverse
roles of isomiRs in different cancer types and tissues. The dynamic
expression patterns may contribute to flexible interaction with tar-
get mRNAs and IncRNAs.

Pan-cancer analysis of relevant IncRNA, SNHG3, was found up-
regulation in several cancer types (Fig. 4D), and over-expression
pattern showed that SNHG3 may competitively bind to miRNAs
that may further lead to expression change of TK1. The significant
positive expression correlation could be found between TK1 and
SNHG3, and negative expression correlations were detected
between miR-222-3p and TK1, and miR-222-3p and SNHGS3,

>

Fig. 4. The potential prognostic values and expression distributions of screened RNAs. A. Survival analysis of miR-222-3p and SNHG3 also indicate the potential prognostic
values in PRAD. B. The detailed expression patterns for homologous miRNA genes loci (miR-221-3p and miR-222-3p) based on the screened dominantly expressed 5 isomiRs.
The circled isomiRs are the abundant isomiR species in the specific miRNA locus. The location on chromosome X: 184-203 indicates hg38:chrX:45746184-45746203:-, and
32-57 indicates hg38:chrX:45747032-45747057:-.C. IsomiR expression patterns in miR-222-3p locus across diverse cancer types. * indicates the significantly deregulated
isomiRs (log,FC > 1.2 or < -1.2 and padj < 0.05). The expression distributions of multiple isomiRs in PRAD are circled. D. Pan-cancer analysis of SNHG3. The significantly up-
regulated gene is presented the detailed log,FC value, and *** indicates p < 0.0001. E. The correlation analysis of paired RNAs (TK1 and miR-222-3p, miR-222-3p and SNHG3,

and TK1 and SNHG3).
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respectively (Fig. 4E), implying their interactions or cross-talks in
regulatory network. The ceRNA network among the three RNAs
further complicated regulatory process, which may be an impor-
tant step in cancer pathology via the coding-non-coding RNA inter-
action network.

2.7. Potential biological roles of crucial RNAs

The screened axis, TK1:miR-222-3p:SNHG3, may be a biomar-
ker for diagnosis and prognosis of PRAD, and it is necessary to
understand their potential biological roles. The expression of TK1
had certain association with immune infiltration levels in immune
cells (Fig. 5A), implying its role in immune process. As a well-
known marker of abnormal cell proliferation, TK1 was not detected
mutation sites, and it also had lower mutation frequency in other
cancers (Fig. 5B). Both TK1 and SNHG3 were found with lower
methylation levels in tumor samples than those in normal samples,
which may beneficial to up-regulation expression patterns (Fig. 5C
and 5D). Indeed, TK1 was also validated with higher enrichment
level at protein level (Fig. 5E), indicating that over-expression of
TK1 may have a role in the development process of cancer, espe-
cially in KEGG pathways of pyrimidine metabolism and drug meta-
bolism other enzymes. Based on the potential value of synthetic
lethality in cancer treatment, TK1 was also analyzed to survey
the potential interactions with other genes. Further analysis
showed that TK1 had potential synthetical lethal interaction with
6 genes according to published data [29-33] (Fig. 5F), and CDC20
and AURKB were significantly up-regulated as well as TK1. These
potential synthetical lethal interactions provided a possibility of
TK1 as potential drug target in precision cancer therapy.

Moreover, as a competing endogenous RNA, IncRNA SNHG3 was
mainly located in cytoplasm (Fig. 5G), which ensured that SNHG3
could bind to miR-222-3p and then lead to abnormal expression
of TK1, a target of miR-222-3p. LncRNA SNHG3 has been widely
studied as an important IncRNA that can interact with other RNAs
in different cancers [34-39] (Fig. 6A). For example, IncRNA SNHG3/
miRNA-151a-3p/RAB22A axis regulates invasion and migration of
osteosarcoma [34], SNHG3 overexpression can induce hepatocellu-
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lar carcinoma cells EMT via miR-128/CD151 cascade activation
[35], and SNHG3 can promote the growth and metastasis of col-
orectal cancer by regulating miR-539/RUNX2 axis [39]. These
results validated that IncRNA SNHG3 had potential role in the
occurrence and development of cancers via interactions with miR-
NAs. Similar to IncRNA SNHG3, miR-222-3p also indicated crucial
roles in many cancers [40-45] (Fig. 6B).

3. Discussion

The RNA interactions, especially between mRNAs and ncRNAs,
have been widely concerned because the RNA-RNA interactions
may perturb gene expression and contribute to tumorigenesis.
Herein, in order to obtain expression and functional relevant
cancer-associated RNAs, an integrative analysis is performed to
survey and identify cross-talks among mRNAs and ncRNAs. Based
on integrated datasets in PRAD, 8 deregulated hub genes (TK1,
PDIA5, NME2, TMEM132A, SLC12A8, DBNDD1, PYCR1 and
FAM107A) are surveyed using WGCN and Cox regression analysis,
and most genes also have significant positive or negative expres-
sion correlations (Fig. 2B), indicating that they may have expres-
sion and functional associations. The gene set is then built a
survival model (AUC is 0.972 at 10 year) that can be a specific prog-
nostic biomarker (Fig. 2E), and further validation using GEO data
also indicates consistent results (Fig. 2F). A survival model using
7 up-regulated genes show that AUC is 0.995 at 10 year (Fig-
ure S2B), and this significant result largely support that these
hub genes are crucial in tumorigenesis.

According to screened hub genes, relevant ncRNAs are further
surveyed and analyzed. We finally obtain TK1:miR-222-3p:
SNHG3 axis that may be a prognostic biomarker and potential
therapeutic target, and abnormal expression of them are correlated
with poor survival outcomes. TK1 may be a potential diagnostic
and prognostic biomarker as well as a therapeutic target for pros-
tate cancer [46], and it might be involved in the development and
progression of pancreatic ductal adenocarcinoma (PDAC) by
regulating cell proliferation, indicating that TK1 may work as a
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promising therapeutic target in patients with PDAC [47]. Also,
serum TK1 may be a tumor biomarker in breast and prostate can-
cer [48], implicating its potential roles in cancer diagnosis and
prognosis due to its crucial roles in tumorigenesis, and it also has
a role in immune response that may be correlated with cancer
pathophysiology. miR-222-3p is a kind miRNA that has an impor-
tant role in tumorigenesis, for example, it might be a potential
diagnostic and therapeutic target for hepatocellular carcinoma
(HCC) and HBV-related HCC [49]. miR-222-3p can inhibit forma-
tion of medulloblastoma stem-like cells by targeting Notch2/c-
myc signaling pathway, and it can suppress cell viability, alter cell
cycle distribution, and inhibit the formation of MB stem-like cells
via the Notch2/c-myc pathway [50]. Relevant IncRNA, SNHGS3,
may promote gastric cancer progression through the miR-326/
TWIST axis and provide a new diagnostic and prognostic biomarker
[51]. Indeed, all the 3 RNAs have been validated cross-talks with
other RNAs as discussed above, and interactions of diverse RNAs
have been widely concerned especially that IncRNA can perturb
target mRNA expression via interacting miRNA as a competing
endogenous RNA. Moreover, for the screened miR-222-3p, several
dominant isomiRs can be found in the miRNA locus, although it
shows diverse expression patterns than its homologous miR-221-
3p locus (Fig. 4B). Due to alternative and imprecise cleavage during
miRNA maturation process, the phenomenon of multiple isomiRs
have been widely found in miRNA loci, and some isomiRs may per-
turb coding-non-coding RNA regulatory network via gaining/losing
target mRNAs [52]. These abundant isomiRs with sequence and
expression diversities also enrich the small RNA expression profiles
that are flexible regulators, which may provide more selections to
interact mRNAs and IncRNAs in RNA regulatory network. More
importantly, whether these isomiRs with diverse 3’ ends and
enrichment levels may affect interactions with other RNAs still
remains unclear, while various isomiRs further complicate RNA
cross-talks with potential functional collaboration as well as
homologous miRNAs.

Taken together, to obtain functional relevant RNAs associated
with PRAD, a survival model containing 8 genes is constructed as
a specific biomarker for cancer prognosis, and further analysis
shows that TK1:miR-222-3p:SNHG3 axis may be a potential prog-
nostic biomarker via RNA cross-talks. Based on their roles in
tumorigenesis, they also may be potential therapeutic targets in
future precision medicine, which will contribute to understanding
the detailed molecular mechanisms of cancer.

4. Materials and methods
4.1. Data resource

To screen potential ceRNA interactions in PRAD, we obtained rel-
evant RNA sequencing data (52 normal samples and 499 tumor
samples) and the clinical data (mainly including survival status,
cancer stage and grade, survival time, and molecular subtype) from
The Cancer Genome Atlas (TCGA) (https://tcga-data.nci.nih.gov/
tcga/) using the “TCGAbiolinks” package [53] (https://doi.org/10.
1093 /nar/gkv1507). Simultaneously, another 100 normal samples
were downloaded from the GTEx portal database (https://xenab-
rowser.net/datapages/). Differentially expression profiles were esti-
mated using limma [54] for mRNAs and IncRNAs, and genes were
significantly dysregulated if |log,FC| > 1.5 and padj < 0.05. Differen-
tially expressed miRNAs/isomiRs were obtained using DESeq2 [55],
and related deregulated small RNAs with mRNAs were primarily
collected according to |log,FC| > 1.2 and padj < 0.05, while further
strict analysis was performed using |log,FC| > 1.5 and padj < 0.05.

Moreover, in order to simultaneously understand expression
patterns of screened genes in other cancer types that contributed
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to revealing their roles in tumorigenesis and expression specificity,
the screened RNAs were also performed a pan-cancer analysis
according to high-throughput sequencing data of other cancer
types in TCGA.

4.2. Function enrichment analysis

For screened significantly deregulate mRNAs, functional enrich-
ment analysis was conducted with The Database for Annotation,
Visualization and Integrated Discovery (DAVID) version 6.8 [56].
Based on analyzed KEGG pathways, z scores were then calculated
using the following formula [57]:

(up — down)
Vcount

in which count indicated the number of deregulated genes, up
indicated the numbers of up-regulated genes, and down indicated
the numbers of down-regulated genes.

To understand the potential roles in cancer development, dys-
regulated genes were also investigated distributions associated
with hallmarks of cancer [58] (https://software.broadinstitute.
org/gsea/msigdb/), whether they were core essential genes accord-
ing to the common data of Hart et al. [59], Blomen et al. [60] and
Wang et al. [61], and whether they were identified as human can-
cer genes.

zscore =

(1)

4.3. Screening of crucial mRNA modules based on WGCNA

Weighted gene co-expression network analysis, WGCNA [62],
was used to screen potential crucial mRNA modules. Variance dis-
tributions of normalized data of TCGA and GETx were compared,
and the top 40 % genes (based on multiple comparison analysis
with other selections) were used to screen related gene modules
using WGCNA, an R package [62]. Different gene co-expression
modules were divided according to soft threshold, and these mod-
ules were used to screen crucial mRNAs associated with cancer.
Then, correlation analysis of genes associated cancer and genes
in screened modules were used to screen crucial genes.

4.4. COX regression analysis validating prognostic values

Based on the screened candidate genes with potential prognos-
tic values, hub genes were analyzed using Cox multivariate regres-
sion analysis. The prognostic model of risk assessment was then
constructed. In order to understand the potential association of
these genes with cancer, prognostic risk scores of the screened
hub genes were estimated using the formula (2):

n
Risk Score =" (Exp x C;)

i=1

(2)

in which N indicated the number of key prognostic genes, Exp; indi-
cated gene; expression, C; indicated estimated regression coefficient
of gene;.

The potential expression correlations among the screened hub
genes were analyzed to understand their expression relationships,
and groups with high-risk and low-risk were analyzed to under-
stand whether these gene sets could distinguish different groups.

4.5. Survival analysis

To validate whether screened genes (including mRNAs and
ncRNAs) have potential prognostic values in cancer, survival anal-
ysis was performed. The log-rank test was used to calculate the dif-
ferences between the high expression group and low expression
group, and a p < 0.05 indicated significant difference. Simultane-
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ously, to obtain an integrative survival result, prognostic analysis
was also obtained in the GEPIA [63,64] and StarBase [65,66]
databases.

The ROC (receiver-operating characteristics) was used to com-
pare the diagnostic power for the screened gene sets according
to the area under the ROC curve (AUC).

4.6. Construction of networks to screen cancer-associated RNAs

According to screened RNAs, interaction networks among dif-
ferent RNAs (hub genes, interacted miRNAs and associated
IncRNAs) were constructed using Cytoscape 3.8.2 [67], and ceRNA
networks were constructed using a R package of “networkD3”
(https://CRAN.R-project.org/package=networkD3). The primary
networks were firstly constructed according to relevant RNAs,
and then they were further optimized according to the correlations
of RNAs (the correlation coefficients of mMRNA:miRNA and miRNA:
IncRNA were less than - 0.20, p < 0.05).

4.7. Understanding the potential biological role of RNAs via in-depth
analysis

To further understand the potential biological roles of the
finally screened crucial RNAs, especially the potential roles in
tumorigenesis, in-depth analysis was performed. For example,
screened RNAs were further queried for their roles in immune pro-
cess according to TIMER [68], the protein expression patterns of
screened mRNA in tumor and normal tissues were obtained from
The Human Protein Atlas (HPA) [69], correlation of gene expression
and methylation was obtained from UALCAN [70], screened speci-
fic IncRNA was analyzed its subcellular localization using IncLocato
[71,72] that contributed to understanding potential interaction
with other RNAs.

4.8. Statistical analysis

To validate the potential difference between different groups,
an unpaired t test, the Wilcoxon rank-sum test, and trend test were
performed in this study. To calculate the expression correlations
among different genes, a Pearson or a Spearman correlation coeffi-
cient was analyzed. All these statistical analyses were performed
using R programming language (version 3.4.3), and venn distribu-
tions were performed with Venn (http://bioinformatics.psb.ugent.
be/webtools/Venn/).

Abbreviation lists of cancers in TCGA.

BLCA, bladder urothelial carcinoma; BRCA, breast invasive carci-
noma; CHOL, cholangiocarcinoma; COAD, colon adenocarcinoma;
ESCA, esophageal carcinoma; HNSC, head and neck squamous cell
carcinoma; KICH, kidney chromophobe; KIRC, Kidney renal clear
cell carcinoma; KIRP, kidney renal papillary cell carcinoma; LIHC,
liver hepatocellular carcinoma; LUAD, lung adenocarcinoma; LUSC,
lung squamous cell carcinoma; PRAD, prostate adenocarcinoma;
READ, rectum adenocarcinoma; STAD, stomach adenocarcinoma;
THCA, thyroid carcinoma; UCEC, uterine corpus endometrial
carcinoma.
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