


Figure 5: Overview of the highly competitive sub-network and module analysis. (A) The sub-LMCN contains 52 IncRNA,
462 mRNA, and 653 ceRNA interactions. LncRNAs are shown as blue nodes and mRNAs are shown as yellow nodes. (B) Identification
of a synergistic, co-competing module. Pearson correlation coefficients are provided for each edge. (C) The sub-LMCN had a scale-free
structure with power law degree distributions.

Figure 6: Survival analysis of the 5-ceRNA module. Kaplan-Meier survival curves are shown in the top panel. The risk score
distributions and individual plots of patient survival are shown on the middle and bottom panels. (A) The 5-ceRNA module could be used
to divide the GBM patients in the training group into two different risk groups (log-rank test, P =9.03 x 107). (B) The 5-ceRNA module
could be used to divide GBM patients in the test group into two different risk groups (P = 0.02). (C) The 5-ceRNA module could be used
to divide all of the 422 GBM patients into two different risk groups (P = 0.03). (D) The 5-ceRNA module also could be used to divide an
independent set of GBM patients into two different risk groups (P = 0.02). The vertical gray lines represent the risk score thresholds in the
survival analysis.
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DISCUSSION

MiRNAs are likely regulated by other RNAs that
contain complementary miRNA binding sites such as
IncRNAs and mRNAs. These miRNA sponges (ceRNAs)
mutually regulate their expression via competing
mechanisms, which are important for various tumor
physiological and pathological processes. Typically, a
‘guilt by association’ strategy is employed to characterize
IncRNA function [14, 15]. Analysis of gene expression
data in combination with matched microRNA profiles
indicated that the GBM ceRNA interaction network was
associated with canonical oncogenic pathways [22].
However, this study was based upon a limited number
of IncRNAs. Using a miRNA prediction method and co-
expression analysis, another study identified IncRNA-
associated ceRNA networks as well as prognostic
IncRNAs across 12 cancers [19]. However, GBM samples
were not analyzed in this study.

Several valuable ceRNA resources have been
developed to facilitate functional analysis of IncRNAs
such as starBase [39], DIANA-LncBase [40], LncACTdb
[19] and miRSponge [15]. Here, we have used a more
comprehensive approach to construct a functional
IncRNA-mediated ceRNA network across 422 TCGA
GBM samples. Our systematic analysis involved
the integration of genome-wide IncRNA and mRNA
expression profiles, miRNA-target interactions, functional
analyses, and clinical survival analyses. We found that
IncRNAs in the LMCN exhibited hub and bottleneck
features, indicating they had regulatory associations with
coding mRNAs across GBM pathology. MCM3AP-AS,
which is involved in RNA processing and cell cycle-
related functions, was significantly associated with
survival. By exploring the highly competitive sub-network
of the LMCN, we determined that MCM3AP-AS and
MIR17HG comprised a ceRNA regulating module that
competed with MATR3, ZCCHC14, and XPO1, which
was associated with GBM prognosis [38]. By integrating
the expression profile of this module into a risk model,
we could stratify GBM patients from both the TCGA
and the GSE7696 datasets into different risk groups. The
results demonstrated that the cancer-associated LMCN
can be used to accelerate biomarker discovery and GBM
therapeutic development.

Blood-based biomarkers are critical for prediction
of GBM patient survival. We observed MCM3AP-AS
expression in white blood cells in a tissue-specific RNA
analysis [41] and in several blood-associated RNA-
Seq profiles (GSE33816, GSE64813, GSE64655, and
GSE64831). These data indicated that MCM3AP-AS can
be secreted into the circulation and is therefore a potential
blood-based biomarker for GBM.

In summary, we have provided a comprehensive
view of the LMCN across 422 TCGA GBM samples. The
specific topological properties and synergistic, competitive

effects of IncRNAs could reflect regulatory interactions
with coding mRNAs in GBM.

MATERIALS AND METHODS

Expression profiles of IncRNA and mRNA in
GBM

Genome-wide IncRNA and mRNA expression levels
were derived from a recent study [42], which repurposed
publicly available array-based data. Generally, exon array
data were collected from the TCGA data portal [24]. The
probe sets of the human exon array were reannotated to
the human genome (version hg19). The expression values
of IncRNA/mRNA were calculated by summarizing
the background-corrected intensity of all of the probes
annotated to this gene [24]. Quantile normalization was
performed on the expression values for IncRNAs/mRNAs
across patients. The ComBat method was used to remove
potential batch effects [43]. Finally, we determined
the expression of 8,132 IncRNAs and 17,364 mRNA:s,
and log2 transformed the values. An independent GBM
expression dataset (GSE7696, Affymetrix Human Genome
U133 Plus 2.0 Array) was used to validate prognostic
biomarkers. The expression of a given IncRNA/mRNA
gene was inferred from the mean expression of the
different array probes. A total of 76 patients with well-
annotated clinical follow-up information were analyzed in
this step.

Clinical characteristics of patients

The clinical and pathological data for the GBM
patients were derived from the TCGA data portal. Detailed
information for all of the GBM patients, the training
dataset, and the test dataset are shown in Table 2. In
total, 422 TCGA GBM patients with clinical follow-up
information were retained in our framework. The clinical
information of the GSE7696 dataset was derived from the
Series Matrix File at the GEO database. The independent
validation dataset consisted of 76 GBM patients.

Identification of miRNA-target interactions

Interactions between miRNA-IncRNAs were
identified using existing miRNA target prediction
methods [26-28]. Putative miRNA-IncRNA interactions
were identified using the miRanda algorithm (version
November, 2010) [29] with the default parameters (Score
> 140 and Energy < 7.0). The human mature miRNA
sequences were downloaded from the miRBase (release
19) [44]. The IncRNA sequences were obtained from the
GENCODE database (v19) [45]. We predicted miRNA
target binding sites on the whole IncRNA sequences.
The AGO-CLIP sequencing datasets [46] were used to
distinguish the experimentally validated cases from the set
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of predicted miRNA-IncRNA interactions (Figure 1). Data
for miRNA-mRNA interactions was downloaded from
two highly reliable online miRNA reference databases,
the TarBase (v6) [47] and the mirTarBase (release 4.5)
[48]. Both databases store manually curated collections of
experimentally supported miRNA targets.

Identification of potential ceRNA interactions

To identify competing IncRNA-mRNA interactions,
we used a hypergeometric test, which enabled evaluation
of the significance of the shared miRNAs between each
IncRNA and mRNA. The genome had a total number of N
miRNAs, of which K and M were the numbers of miRNAs
associated with the current IncRNA and mRNA, and x was
the common miRNA number shared by the IncRNA and
mRNA. The P value was calculated in order to evaluate
the enrichment significance for that function as follows:

x (K\(N-K

le_z(t )EVM—t ) , (1)

t=0 M )

The P values were subjected to false discovery rate
(FDR) correction. A FDR < 0.01 was used as the threshold.

Co-expression analysis

To identify IncRNA-mRNA pairs, Pearson
correlation coefficients were calculated based on the
expression of the competing IncRNA-mRNAs pairs:

cov(X,Y)
Xy — ’
OOy
cov (X, Y) is the covariance of variables X and Y.

o, and o, are the standard deviations for X and Y,
respectively. The threshold was set to a FDR < 0.01.

2

Construction of the risk score model

To identify and evaluate the IncRNA signatures that
could predict patient survival, patients were randomly
assigned to either a training or test data set (Table 2). The
sample sizes were the same in both groups, and there were
no significant differences in clinical histological treatment
(Chi-square test, P = 0.14) or history of neoadjuvant
therapy (Chi-square test, P = 0.49). Univariate Cox
regression analysis was used to evaluate the association
between survival and candidate expression level. A risk
score formula was the generated that integrated both the
strength and positive/negative association between each
candidate and survival. The risk score for each patient
was calculated according to the linear combination of the
expression values weighted by the regression coefficient
from the univariate Cox regression analysis:

RiskScore = Z LExp(i), (3)

i=1

in which 7, was the Cox regression coefficient of
candidate i from the training set, and n was the number
of tested candidates. Exp (i) as the expression value of
candidate i in a corresponding patient. The median risk
score was used as a cut-off to divide patients in the the
training dataset into high- and low-risk groups. Patients in
the high-risk group were expected to have poor survival
outcomes compared to patients in the low-risk group.
This model and cut-off point was also applied to the test
dataset in order to divide the patients into high- and low-
risk groups.

Network illustration and topological analysis

We used the Cytoscape software (v3.1.1) to
construct and illustrate the ceRNA network. Several
topological properties such as the node degree and the BC
were analyzed using the built-in NetworkAnalyzer tool.
The Maximal Biclique Enumeration algorithm was used
to identify synergistic competing modules. This model
consists of a complete bipartite graph in which an edge
is realized from every vertex of a IncRNA set to every
vertex of a mRNA set. Competing modules comprised of
IncRNAs and mRNAs were identified using the Maximal
Biclique Enumeration algorithm downloaded from the
website of the Computational Biology Laboratory in the
Department of Computer Science at lowa State University.

Analysis of BC

BC is a measure of the centrality of a node in a
network. It is equal to the number of shortest paths from
each node to all others that pass through the node. This
property reflects the amount of control that a node exerts
over the interactions of other nodes. The BC of a node can
be given as: (number of shortest paths that pass through
the node)/(the total number of all shortest paths in the
network).

Survival analysis

Kaplan-Meier survival analyses was performed for
the two groups of patients, and statistical significance was
assessed using log-rank tests (P < 0.05). All analyses were
performed using the R 3.1.0 software.
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