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Abstract. Recent evidence has suggested that competitive 
endogenous RNAs (ceRNAs) are important regulatory molecules 
in clear cell kidney carcinoma (KIRC) and their dysregulation 
may contribute to cancer pathogenesis. However, the critical 
roles of dysregulated ceRNAs in KIRC remain unknown. In the 
present study, a KIRC dysregulated ceRNA‑ceRNA network 
(KDCCNet) was constructed based on the ʻceRNA hypothesisʼ 
by integrating microRNA regulation and expression profiles 
in cancerous and normal tissues. Two dysregulated patterns 
of ceRNAs interaction (gain and loss) exist in KDCCNet. The 
two modules, which are 95% loss interactions and 97% gain 
interactions, were demonstrated to be able to distinguish 
normal samples from cancer samples. Two long non‑coding 
(lnc)‑RNAs (glucuronidase  β  pseudogene  11 and LIFR 
antisense RNA 1) demonstrated significant associations with 
KIRC prognosis. The present study of the KDCCNet revealed 
a novel biological mechanism for KIRC and provides novel 
lncRNAs as candidate prognostic biomarkers.

Introduction

Human genome sequence data indicates that >98% of human 
genome transcripts are non‑coding RNAs (ncRNAs), while 

protein‑coding genes account for a small proportion of 
RNAs (1). Advances in the sensitivity of experimental assays 
have revealed that ncRNAs are involved in a variety of key 
biological processes (2). ncRNAs are divided into two groups 
based on length: Long non‑coding RNAs (lncRNAs) and 
small non‑coding RNAs. LncRNAs are a class of pervasively 
transcribed RNA molecules with lengths of >200 nucleotides. 
A previous study indicated that lncRNAs serve a critical role 
in regulating cellular processes (3). MicroRNAs (miRNAs) 
are small single‑stranded RNAs of 18‑25 nucleotides in length 
and are among the most important types of small ncRNAs. 
miRNAs can repress their targets by binding to miRNA 
response elements (MREs) in the 3' untranslated region of 
mRNAs, causing translational repression or mRNA degrada-
tion. Notably, each miRNA regulates numerous RNA targets, 
including mRNA but also lncRNAs; the majority of RNA 
molecules harbor several MREs and are repressed by different 
miRNAs. As a result of this targeted multiplicity, lncRNAs 
and mRNA may compete for limited pools of miRNAs, there-
fore acting as competitive endogenous RNAs (ceRNAs) (4).

A number of studies have suggested that lncRNAs serve 
a critical role in regulating cancer processes through a 
ceRNA‑associated mechanism  (5‑7). Various studies have 
investigated the ceRNA mechanism in specific types of 
cancer by constructing ceRNA networks  (8‑10). However, 
ceRNA regulation is required for the functioning of normal 
and cancerous cells. Therefore, detecting dysregulated ceRNA 
interactions by comparing ceRNA networks in normal and 
cancer cells would increase the understanding of the initiation 
and propagation of cancer.

Clear cell kidney carcinoma (KIRC) is the most common 
type of renal cell carcinoma, accounting for 70‑80% of all 
renal cell carcinoma cases (11). The incidence and fatality 
rate of KIRC have increased over the past two decades (12). 
Although a number of studies have examined KIRC, few 
biomarkers have been identified (13‑15). Therefore, further 
studies of the key molecular mechanisms involved in KIRC 
and biomarkers for the early detection of patients with KIRC 
are urgently required. The dysregulated ceRNA network may 
be useful for investigating the pathogenesis and identifying 
novel biomarkers of KIRC.
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In the present study, to establish an activated dysregu-
lated ceRNA‑ceRNA network, the regulatory association 
of lncRNAs, miRNAs and mRNAs were integrated based 
on the ʻceRNA hypothesis .̓ Next, the expression patterns of 
lncRNAs, miRNAs and mRNAs were investigated in KIRC 
and normal tissues. By comparing ceRNA interactions in 
KIRC and normal tissues, an activated KIRC dysregulated 
ceRNA‑ceRNA network (KDCCNet) was established. 
Topological feature analysis of KDCCNet demonstrated that 
lncRNAs are the key components of the KDCCNet. In the 
KDCCNet, there are two types of dysregulated patterns of 
ceRNAs interactions, these being gain and loss interactions. 
A total of two typical modules were discovered, which could 
distinguish between normal and cancer samples. The results of 
the present study provide insight into the underlying mecha-
nisms of dysregulated ceRNA of KIRC and a global view of 
KDCCNet.

Materials and methods

Data resources. KIRC expression profiles of mRNAs, 
miRNAs and lncRNAs were obtained from The Cancer 
Genome Atlas (TCGA, https://cancergenome.nih.gov/) data-
base release 1.0 including 517 cancer and 71 adjacent normal 
samples. All of the expression profiles were log2 transformed.

An independent dataset was downloaded from the GEO 
database (www.ncbi.nlm.nih.gov/geo/; accession number 
GSE36895), which is supported by the Affymetrix Human 
genome U133 plus 2.0 array (Affymetrix; Thermo Fisher 
Scientific, Inc., Waltham, MA, USA) (16). This dataset contains 
29 tumor samples and 23 adjacent normal samples.

In order to investigate human miRNA‑target regula-
tory associations, miRNA target information were collected 
from 7  databases, which includes miRanda 2010  (17), 
miRcode 11 (18), miRTarBase 6.0 (19), starBase V2.0 (20), 
TargetScan 7.1 (21), miRecords 2013 (22) and lnCeDB 2014 (23). 
Following redundancy analysis and standardization using 
R version 3.3.3, the databases were processed and 1,698,634 
miRNA‑mRNA interactions and 613,523 miRNA‑lncRNA 
interactions were obtained. These interactions contained 
18,013 mRNAs, 12,154 lncRNAs and 2,586 miRNAs. In addi-
tion, 93 KIRC‑associated miRNAs were collected from the 
Human microRNA Disease Database V2.0 (24).

Construction of the ceRNA network. In order to identify 
ceRNA interactions, the miRNA target interactions were 
considered as well as the expression associations of the 
miRNA‑mRNA, miRNA‑lncRNA and lncRNA‑mRNA. In 
this case two principles, explained below, were followed to 
identify ceRNA interactions.

Firstly, a hypergeometric test was used to compute 
the significance of shared miRNAs for each possible 
lncRNA‑mRNA pair. The P‑value was calculated according 
to:

Where N represents the total number of human miRNAs; K 
represents the total number of miRNAs targeting mRNAs; M 

represents the total number of miRNAs targeting lncRNAs; 
and r represents the number of common miRNAs between 
lncRNA‑mRNA pairs. All P‑values were subjected to false 
discovery rate (FDR) correction and pairs with FDR<0.01 
were considered as candidate ceRNA interaction pairs.

The Pearson correlation coefficient (R) was computed for 
each candidate ceRNA pair mentioned above, to identify the 
active ceRNA pairs in KIRC and normal tissues. Candidate 
ceRNA pairs with R>0 and P‑adjusted<0.01 were identified as 
ceRNA interactions.

Following assembling all identified ceRNA pairs, the 
ceRNA network for KIRC and normal tissue was separately 
generated.

Identification of dysregulated ceRNA interactions. To identify 
dysregulated ceRNA interactions, the altered R was estimated 
for the expression of the ceRNA pair in the KIRC samples 
compared with normal samples. The altered R was estimated 
as follows:

ΔR= CorrKIRC (A,B)‑Corrnormal (A, B)

CorrKIRC (A, B) is the R of a ceRNA pair in the KIRC samples 
and Corrnormal (A, B) is the R of certain ceRNA pairs in the 
normal samples.

Based on the assumption that the ΔR of a certain ceRNA 
pair is significant, the cancer/normal labels 1,000 times were 
randomly permuted. The significant P‑value of each ΔR was 
given as follows:

When Si =1, it represents that the value of random ΔR for a 
certain ceRNA pair was greater than the real one, otherwise 
Si=0.

Identification of KIRC‑associated dysregulated ceRNA 
modules. The edges of the dysregulated ceRNA network were 
weighted by ΔR. Based on value of ΔR, dysregulated ceRNAs 
interactions were divided into two patterns, gain ceRNAs 
interactions (ΔR>0) and loss ceRNAs interactions (ΔR<0). 
Then the Markov Cluster Algorithm clustering computational 
method was applied to identify the dysregulated ceRNA 
modules in GraphWeb (25) (biit.cs.ut.ee/graphweb/; Inflate 
parameter=1.8, count of nodes >10).

The classification performance of dysregulated modules 
through unsupervised hierarchical cluster analysis were 
visualized and 1‑ R was used as a distance measure between 
two samples.

Differential expression analysis. Differential expression 
analysis was performed to identify the genes associated with 
KIRC. This was achieved by comparing the RNA expression 
between KIRC samples and normal samples. Differential 
expression was detected by fold change (FC) and using the 
limma method (FDR<0.01, logFC>0.5).

Functional enrichment analysis. The gene ontology  (GO) 
and Kyoto Encyclopedia of Genes and Genomes (KEGG) 
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functional enrichment analysis was performed using an online 
analysis tool (26) (Gene set enrichment analysis; software.
broadinstitute.org/gsea/index.jsp; FDR<0.05).

Survival analysis. The univariate Cox regression was performed 
in order to evaluate the association between survival and the 
expression level of each lncRNA. Then a risk score was obtained 
by combining the Cox regression coefficients and lncRNA 
expression for each of the patients. The median risk score was 
used as the cut‑off point and the patients were divided into 
high‑risk and low‑risk groups. The differences in the survival 
times were analyzed through the use of a log rank test.

Statistical analysis. Student's t‑test was used to compare the 
difference of degree distribution between mRNA and lncRNA 
in KDCCNet (27). And the differences of the expression level, 
the transcript length and the number of exons of dysregulated 
and non‑dysregulated lncRNAs were also compared based 
on the t‑test. P<0.05 was considered to indicate a statically 
significant difference. The statistical analyses were performed 
using R version 3.3.3.

Results

Construction and global properties of KDCCNet. Regulatory 
interactions of ceRNAs are present in normal and cancer 
cells. In the present study, a two‑stage analysis method was 
introduced for identifying ceRNA regulatory interactions 
in normal and KIRC tissues. As described in the Materials 
and methods, 585 and 3,646 ceRNA regulatory interactions 
were identified in normal tissue and KIRC tissue, respectively. 
Out of the ceRNA regulatory interactions in normal tissue, 
there were 67 lncRNAs and 415 mRNAs, while there were 
127 lncRNAs and 1,706 mRNAs ceRNA regulatory interac-
tions in KIRC tissue.

KIRC transformation from normal cells occurs depending 
upon the dynamics of multiple molecular and physiological 
alterations, including regulatory interactions of dysregulated 
ceRNAs (28). To evaluate the roles of dysregulated ceRNA 
in KIRC, a KDCCNet was constructed using a computational 
method based on the expression data of 517 KIRC patients and 
71 adjacent normal pairs from TCGA. As described above, the 
KDCCNet was obtained (Fig. 1A). The KDCCNet contained 
862 mRNAs, 123 lncRNAs and 1,195 edges. A total of two 
dysregulated patterns of ceRNAs interaction (gain and loss) 
exist in KDCCNet. In KDCCNet, 695 gains and 500 losses 
were detected (Table I). Therefore, certain normal ceRNA 

regulations may disappear or be reduced, while novel ceRNA 
regulations may be generated. These results suggest that 
dysregulated ceRNAs may serve an important role in KIRC 
progression.

By topological feature analysis, the topological features of 
the KDCCNet were revealed. Examination of the degree of 
distribution of KDCCNet revealed the power law distribution 
(R=0.792). In the KDCCNet, the majority of ceRNAs had few 
interacting dysregulated ceRNA partners, while a small subset 
of ceRNAs regarded as hubs possessed a relatively large 
number of interacting dysregulated ceRNA partners (Fig. 1B). 
Furthermore, it was demonstrated that the characteristic 
path length of KDCCNet was significantly increased when 
compared with random linked networks (P<0.001; Fig. 1C).

LncRNAs as topological key components involved in KIRC 
progression. In the KDCCNet, there are two types of dysregu-
lated ceRNAs: LncRNAs and mRNAs. To analyze the roles of 
dysregulated ceRNA in more detail, the contribution degree 
of dysregulated ceRNAs in the two groups was investigated. 
It was demonstrated that the degree distribution of lncRNAs 
was significantly increased compared with the mRNA in 
KDCCNet (t‑test, P=3.33x10‑13; Fig. 1B). This result indicated 
that lncRNAs covered the majority of hubs and lncRNAs were 
topological key nodes in the KDCCNet associated with KIRC 
progression. In addition, a recent study demonstrated that 
lncRNAs were key regulators of the ceRNA network (29).

As dysregulated lncRNAs serve more important roles 
in KIRC progression, it was hypothesized that there are 
significant differences between dysregulated lncRNAs and 
non‑dysregulated lncRNAs. To further analyze dysregulated 
lncRNAs, the characteristics of dysregulated lncRNAs and 
non‑dysregulated lncRNAs were compared. As dysregulated 
lncRNAs were expected to contribute to the KIRC aber-
rant transcriptome, the expression levels of dysregulated 
lncRNAs and non‑dysregulated lncRNAs were investi-
gated first. The results demonstrated that the expression 
level of dysregulated lncRNAs was significantly increased 
compared with non‑dysregulated lncRNAs (P=1.74x10‑115, 
t‑test; Fig.  1D). Secondly, the distribution of lengths for 
dysregulated lncRNAs and non‑dysregulated lncRNAs on 
chromosomes was analyzed. It was revealed that the length 
of dysregulated lncRNAs on chromosomes was signifi-
cantly increased compared with non‑dysregulated lncRNAs 
(P=1.97x10‑29, t‑test; Fig. 1D). Finally, the counts of exons 
of dysregulated lncRNAs and non‑dysregulated lncRNAs 
were compared, which also demonstrated that the counts of 
exons of dysregulated lncRNAs was significantly increased 
compared with non‑dysregulated lncRNAs (P=1.45x10‑12, 
t‑test; Fig. 1D).

These results demonstrated that lncRNAs are topological 
key nodes of the KDCCNet associated with KIRC progres-
sion. Dysregulated lncRNAs exhibited increased expression in 
KIRC tissues, longer chromosome lengths and larger numbers 
of exons. This makes dysregulated lncRNAs more suitable as 
molecular sponges of miRNAs in KIRC.

Module analysis of the KDCCNet. It is generally thought 
that cancer occurs through the interactive activity of a 
number of genes. Functionally coherent modules can be 

Table I. Statistics of the nodes and edges in the competitive 
endogenous RNAs dysregulated network.

Type	 mRNA	 lncRNA	 Edges

Dysregulated network	 862	 123	 1,195
Gain	 520	   75	 695
Loss	 367	   61	 500

Lnc, long non‑coding.

https://www.spandidos-publications.com/10.3892/mmr.2018.9189
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regarded as biomarkers for distinguishing cancer from 
normal tissue (30). Therefore, the Markov Cluster Algorithm 
clustering computational method was applied to identify 
dysregulated ceRNA modules in the KDCCNet. As a result, 
18 dysregulated ceRNA modules were obtained (Inflate=1.8, 
count of ceRNAs >10). The modules were enriched with 
known KIRC miRNAs in the Human microRNA Disease 
Database. An unsupervised hierarchical cluster analysis was 
conducted to visualize the classification performance of the 
modules. Modules that could distinguish cancer from normal 
tissue in TCGA and validation dataset were selected (area 
under the curve>0.65). Finally, five dysregulated ceRNA 
modules were obtained.

The distribution of the two patterns of ceRNA interactions 
was analyzed and two typical modules (95% loss interactions 

and 97% gain interactions) were observed (Fig. 2A). They 
were defined as loss ceRNA interactions module (LC module) 
and gain ceRNA interactions module (GC module), respec-
tively (Table II).

Typical dysregulated ceRNA modules contribute to KIRC. 
Firstly, unsupervised hierarchical cluster analysis demon-
strated that the two typical modules as aforementioned could 
distinguish the normal samples from the cancer samples 
(Fig. 2B and C). The differentially expressed ceRNAs covered 
67 and 50% in the LC and GC modules, respectively (Fig. 2A). 
Therefore, the two typical modules contributed to KIRC 
progression. In addition, the dysregulated ceRNAs of the two 
typical modules and their miRNA regulators were distributed 
on different chromosomes (Fig. 3).

Figure 1. Layout of KDCCNet and its structural features. (A) The KDCCNet generated in the present study. A circular node marks an mRNA, a square node 
marks an lncRNA, a dark gray edge represents a gain dysregulation between ceRNAs and a light gray edge represents a lost dysregulation between ceRNAs. 
(B) Degree distribution of the KDCCNet. Degree distribution of lncRNAs and mRNAs (t test, P‑value=3.33x10‑13). (C) The characteristic path length of 
dysregulated network is increased when compared with the random networks. (D) The boxplot depicts the expression level, the transcript length and the 
number of exons of dysregulated and non‑dysregulated lncRNAs. Significance tests based on the Students t‑test. lncRNA, long noncoding RNA; ceRNA, 
competitive endogenous RNA; KDCCNet, clear cell kidney carcinoma dysregulated ceRNA‑ceRNA network; fpkm, fragments per kilobase of transcript per 
million mapped reads.
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Secondly, the GO and KEGG functional enrichment 
analysis of the LC and GC modules was investigated. Through 
functional enrichment analysis, it was demonstrated that the 
LC module was significantly enriched in vitamin D meta-
bolic processes (FDR q‑value=2.70x10‑4; data not shown). 
Vitamin D metabolic processes have been demonstrated to 
inhibit the cell cycle and induce apoptosis in various types 
of cancer, including KIRC (31). This suggested that the LC 
module may contribute to KIRC progression by influencing 
vitamin D metabolic processes via loss dysregulated ceRNA 
interactions. Additionally, functional enrichment analysis 

revealed that the GC module was significantly enriched in the 
renal cell carcinoma pathway (FDR q‑value=6.23x10‑3; data 
not shown), which is associated with KIRC.

ceRNA contributes to cancer progression by influencing 
the expression of mRNAs in cancer associated GO 
biological processes or the KEGG pathway  (32). It was 
hypothesized that if the two ceRNAs within the pair were 
differentially expressed simultaneously and at least one 
ceRNA was in KIRC‑associated pathways, then they may 
exhibit more important effects on the dysregulated ceRNA 
module than the other ceRNAs which have no significant 

Figure 2. KIRC‑associated dysregulated ceRNA modules. (A) The layout of the LC and GC modules. (B) The cluster trees of the LC and GC modules in The 
Cancer Genome Atlas dataset. The dark gray color represents the normal samples and the light gray color represents the KIRC samples. (C) The cluster trees of 
LC and GC modules in the validation dataset. The dark gray color represents the normal samples and the light gray color represents the KIRC samples. KIRC, 
clear cell kidney carcinoma; ceRNA, competitive endogenous RNA; GC, gain ceRNA; LC, loss ceRNA; DE, differential expression; GUSBP11, glucuronidase 
b pseudogene 11; LIFR‑AS1, LIFR antisense RNA 1.

https://www.spandidos-publications.com/10.3892/mmr.2018.9189
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difference in expression or are independent of KIRC. 
It was demonstrated that two loss ceRNA interactions 
[glucuronidase β pseudogene 11 (GUSBP11) vs. cytochrome 
P450 family 27  subfamily  B member 1 (CYP27B1), and 
RP11‑752D24.2 vs. CYP27B1; Fig. 4A) composed of three 
differentially expressed ceRNAs within the LC module, 
influenced the vitamin D metabolic processes via CYP27B1 
and one gain ceRNA interaction [LIFR antisense RNA 1 
(LIFR‑AS1) vs. vascular endothelial growth factor A (VEGFA); 
Fig. 4B] composed of two differentially expressed ceRNAs 
within the GC module, influenced the renal cell carcinoma 
pathway via VEGFA. Blomberg  et  al  (33) demonstrated 
that differential expressed CYP27B1 was associated with 
KIRC, however the mechanism is unknown. The results of 
the present study further complemented the suggestion that 
CYP27B1 may be upregulated by ceRNAs (GUSBP11 and 
RP11‑752D24.2) in KIRC. The above indicated that the 
three‑dysregulated ceRNA interaction pairs may serve a key 
role via affecting the KIRC‑associated pathways.

As lncRNAs are the key components for the typical 
modules, attention was paid to lncRNAs of the three ceRNA 
pairs mentioned above. Based on survival analysis, two 
lncRNAs were demonstrated to be associated with the survival 
of patients with KIRC (GUSBP11, P=1.78x10‑13; LIFR‑AS1, 

P=1.32x10‑3). In fact, GUSBP11 has been discovered to be 
associated with the survival of patients with head and neck 
squamous cell carcinoma (34). Also, LIFR‑AS1 was predicted 
to mediate the inhibitory action of leukemia inhibitory factor, 
a cytokine that is involved in embryonic uterine development 
and is associated with the tumor size of the uterine fibroid (35). 
The results of the present study established the link between 
KIRC, and GUSBP11 and LIFR‑AS1 via dysregulated ceRNA 
analysis.

In addition, miRNAs mediate competitive interactions, 
therefore expression pattern alterations of miRNAs and 
ceRNAs may cause dysregulation of ceRNA interactions. 
The correlations between miRNAs and ceRNAs in GC 
and LC module are shown in Fig. 5 and miRNA regulators 
of the dysregulation modules were evaluated based on the 
Human microRNA Disease Database (HMDD). It was found 
that 4 miRNAs regulators of the LC module (miRNA‑141, 
miRNA‑203, miRNA‑9 and miRNA‑218) and 2 miRNA 
(miRNA‑138 and miRNA‑146b) regulators of the GC module 
were involved in KIRC from HMDD. For example, miR‑203 
inhibits renal cancer cell proliferation, migration and inva-
sion (36). miR‑203 was also a regulator of the LC module, and 
therefore it was hypothesized that this dysregulated ceRNA 
interaction may be involved in the mechanism of KIRC.

Figure 3. Chromosomal location of the ceRNA and miRNA regulators of typical modules. Chromosomal ideograms of ceRNAs and miRNA regulators of the 
two typical modules demonstrated that they were distributed on different chromosomes. A dark gray linking line represents a positive correlation between two 
RNAs, while a light gray linking line represents a negative correlation between two RNAs. miRNA, microRNA; ceRNA, competitive endogenous RNA; GC, 
gain ceRNA; LC, loss ceRNA.

Table II. A detailed description of the LC and GC modules.

Module	 Nodes	 Edges	 Lost	 Gain	 ΔR	 mRNA	 lncRNA	 miRNA

LC module	 37	 39	 0.95	 0.05	 0.7334	 34	 3	   7
GC module	 30	 29	 0.03	 0.97	 0.7401	 29	 1	 12

Lnc, long non‑coding; GC, competitive endogenous RNA gains; LC, competitive endogenous RNA losses; ΔR, change in the Pearson correla-
tion coefficient; miRNA, microRNA.
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Discussion

In the present study, a multidimensional integration strategy 
was introduced to construct the KDCCNet. Topological 
analysis identified that the dysregulated lncRNAs were the 
key components of the KDCCNet. A total of two dysregu-
lated patterns of ceRNAs interaction exist in the KDCCNet: 
i) Gain ceRNAs interactions: A lncRNA‑mRNA pair demon-
strated no competitive interactions in normal samples but 
did in the KIRC samples; ii) Loss ceRNAs interactions: A 
lncRNA‑mRNA pair demonstrated competing activities in 

normal samples, though in not cancer samples. Gain of KIRC 
ceRNA interactions and also loss of normal ceRNA interac-
tions occurred during the initiation and progression of KIRC. 
The two patterns contributed to KIRC progression. Next, 
two KIRC‑associated dysregulated ceRNA modules were 
identified, the LC and GC modules, which can distinguish 
cancer from normal samples in TCGA and the validation 
dataset. Furthermore, two dysregulated lncRNAs (GUSBP11 
and LIFR‑AS1) in the two modules demonstrated associa-
tions with the survival of KIRC patients. In addition, certain 
KIRC associated genes/miRNAs were observed in the 

Figure 4. Dysregulations of KIRC‑associated ceRNA. (A) Expression variation across individuals (x‑ and y‑axis) of two KIRC‑associated ceRNA pairs 
(GUSBP11 vs. CYP27B1 and RP11‑752D24.2 vs. CYP27B1) in the LC module reveals a loss ceRNA interaction in KIRC. (B) Expression variation across 
individuals (x‑ and y‑axis) of a KIRC‑associated ceRNA pairs (LIFR‑AS1 vs. VEGFA) in the GC module reveals a gain ceRNA interaction in KIRC. KIRC, 
clear cell kidney carcinoma; VEGFA, vascular endothelial growth factor A; ceRNA, competitive endogenous RNA; GC, gain ceRNA; LC, loss ceRNA; 
GUSBP11, glucuronidase β pseudogene 11; LIFR‑AS1, LIFR antisense RNA 1.

https://www.spandidos-publications.com/10.3892/mmr.2018.9189


WANG et al:  DISSECTION OF DYSREGULATED COMPETING ENDOGENOUS RNA NETWORK1970

modules. For example, overproduction of VEGFA in the GC 
module occurs early during the development of VHL ‑/‑ renal 
cell carcinomas [the patients who have biallelic inactivating 
mutations of the von Hippel‑Lindau (VHL) gene] and there-
fore reduces the selection pressure to activate ʻcollateralʼ 
angiogenic pathways (37,38). miRNA‑203 in the LC module 
could inhibit renal cancer cell proliferation, migration and 
invasion (36). The present study of the KDCCNet revealed a 
novel biological mechanism for KIRC and provided a novel 
link between the two dysregulated lncRNAs (GUSBP11 and 
LIFR‑AS1) and KIRC.

Although genome‑wide analysis was performed to 
investigate the potential mechanism of dysregulated 
ceRNA interactions in KIRC progression and identified 

KIRC‑associated dysregulated ceRNA modules, there were 
certain limitations to the present study. The understanding of 
the functional roles of lncRNAs is limited and further studies 
should examine the remaining regulatory elements, including 
transcription factors, DNA methylation and copy number 
variation, which may reveal a more detailed molecular mecha-
nism of KIRC progression.

In conclusion, a KIRC‑associated dysregulated ceRNA 
network was developed and a method for examining the 
competitive interactions of RNAs that are potentially 
dysregulated in KIRC progression. These results increase the 
understanding of lncRNA characteristics and provide a founda-
tion for leveraging publicly available genomic data to study the 
functions and mechanisms of dysregulated ceRNAs in KIRC.

Figure 5. Layout of miRNA mediated dysregulated ceRNAs patterns. A circular node marks an mRNA, a square node marks an lncRNA and a triangle node 
marks a miRNA. Corresponding expression profiles in KIRC and normal samples are presented in the right panel. Highly correlated RNAs pairs are indicated 
in red and low correlation pairs are presented in green. (A) The layout of miRNA describes the loss ceRNA interaction patterns and the heatmap is based on 
the correlation coefficient of lncRNA, mRNA and miRNA. (B) The layout of miRNA describes the gain ceRNAs interaction patterns and the heatmap based on 
the correlation coefficient of lncRNA, mRNA and miRNA. KIRC, clear cell kidney carcinoma; miRNA, microRNA; lncRNA, long non‑coding RNA; ceNRA, 
competitive endogenous RNA; KIRC, clear cell kidney carcinoma.
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