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Abstract
Glioblastoma multiforme (GBM) is the most common and lethal brain tumor in humans. Recent studies revealed that
patterns of microRNA (miRNA) expression in GBM tissue samples are different from those in normal brain tissues, suggesting
that a number of miRNAs play critical roles in the pathogenesis of GBM. However, little is yet known about which miRNAs
play central roles in the pathology of GBM and their regulatory mechanisms of action. To address this issue, in this study, we
systematically explored the main regulation format (feed-forward loops, FFLs) consisting of miRNAs, transcription factors
(TFs) and their impacting GBM-related genes, and developed a computational approach to construct a miRNA-TF regulatory
network. First, we compiled GBM-related miRNAs, GBM-related genes, and known human TFs. We then identified 1,128 3node FFLs and 805 4-node FFLs with statistical significance. By merging these FFLs together, we constructed a
comprehensive GBM-specific miRNA-TF mediated regulatory network. Then, from the network, we extracted a composite
GBM-specific regulatory network. To illustrate the GBM-specific regulatory network is promising for identification of critical
miRNA components, we specifically examined a Notch signaling pathway subnetwork. Our follow up topological and
functional analyses of the subnetwork revealed that six miRNAs (miR-124, miR-137, miR-219-5p, miR-34a, miR-9, and miR92b) might play important roles in GBM, including some results that are supported by previous studies. In this study, we
have developed a computational framework to construct a miRNA-TF regulatory network and generated the first miRNA-TF
regulatory network for GBM, providing a valuable resource for further understanding the complex regulatory mechanisms in
GBM. The observation of critical miRNAs in the Notch signaling pathway, with partial verification from previous studies,
demonstrates that our network-based approach is promising for the identification of new and important miRNAs in GBM
and, potentially, other cancers.
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these studies support the idea that many of the current risk factors
are likely coordinated at the biological pathway or network level
rather than at an individual molecular level [6]. Several studies
have interrogated networks in the context of gene expression
profiles and/or protein interactions to identify novel critical genes
and core pathways for GBM, which provides us with new insights
into the mechanisms of the disease pathology [7–10]. Another
important type of biological network, a miRNA-transcription
factor (TF) regulatory network, acts as a functional unit in the
regulation of cell fate in many cell types and systems, including
cancer [11,12], but this type of network has not yet been
systematically investigated in GBM.
In recent years, an increasing number of miRNAs have been
identified and linked to cancer [13,14]. miRNAs are small (,22
nucleotides) non-coding RNAs that mainly regulate gene expression at the post-transcriptional level in animals [14]. They are
involved in cellular development, differentiation, proliferation,
apoptosis and tumorigenesis [15,16]. Similar to other types of
cancer, patterns of differential miRNA expression versus normal

Introduction
Glioblastoma multiforme (GBM) is the most common and lethal
primary brain tumor in humans and is classified as a grade IV
astrocytoma by the World Health Organization (WHO) [1]. The
tumor is characterized by rapid growth, a high degree of
invasiveness, and strong resistance to radiation and chemotherapy
[2]. To illuminate its complex characteristics, an understanding of
the underlying genetics is critical. During the last decade,
numerous genetic studies, including microRNA (miRNA) and
mRNA expression profiling, somatic mutation, copy number
variation and methylation studies performed by the Cancer
Genome Atlas (TCGA) project, and genome-wide association
studies (GWAS) by other groups, have substantially contributed to
the comprehensive profiling of GBM [3–6]. In addition to
confirming previous findings, such as TP53 mutation, NF1 deletion
or mutation, and EGFR amplification, these results included
several new genetic discoveries such as frequent mutations of the
IDH1 and IDH2 genes in secondary GBM [3]. Most importantly,
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have similar regulation patterns [32,33], i.e., genes regulated by
the same TF and the same miRNA, we hypothesized that
inclusion of co-expressed genes in FFL analysis would have more
power to detect disease-specific regulatory modules. Accordingly,
we extended the 3-node FFL model to a 4-node FFL model, which
might complement to the former.
Here, we pursued a regulatory network-based approach for a
comprehensive investigation of gene regulation patterns in GBM.
This method can be used to identify network modules containing
known GBM-related miRNAs and genes. It can also be used to
reveal new components for core pathways. Among GBM
candidate genes, we identified the potential targets of TFs and
GBM-related miRNAs. These datasets and their regulations were
used to construct a comprehensive GBM-specific miRNA-TF
mediated regulatory network. Furthermore, we constructed the
subnetwork from one well-known core pathway in GBM, the
Notch signaling pathway, and identified miRNA components
involved in it. Based on the network topological analysis and
functional analysis, we identified six functionally critical miRNAs
in this pathway. Among them, four have been implicated in GBM
by previous work. These results demonstrated that the comprehensive GBM-specific miRNA-TF mediated regulatory network
contains valuable information for GBM investigators to identify
critical miRNAs and their targets for further experimental design,
providing further understanding of the regulatory mechanisms of
GBM.

Author Summary
Several recent studies have implicated the critical role of
microRNAs (miRNAs) in the pathogenesis of glioblastoma
(GBM), the most common and lethal brain tumor in
humans, suggesting that miRNAs may be clinically useful
as biomarkers for brain tumors and other cancers.
However, to date, the regulatory mechanisms of miRNAs
in GBM are unclear. In this study, we have systematically
constructed miRNA and transcription factor (TF) mediated
regulatory networks specific to GBM. To demonstrate that
the GBM-specific regulatory network contains functional
modules that may composite of critical miRNA components, we extracted a subnetwork including GBM-related
genes involved in the Notch signaling pathway. Through
network topological and functional analyses of the Notch
signaling pathway subnetwork, several critical miRNAs
have been identified, some of which have been reinforced
by previous studies. This study not only provides novel
miRNAs for further experimental design but also develops
a novel computational framework to construct a miRNA-TF
combinatory regulatory network for a specific disease.

tissues have been identified for GBM [17–19]. For example,
several studies consistently confirmed the overexpression of miR21 in GBM [20–24], and several miRNAs are weakly expressed
compared with the normal brain, including miR-124, miR-7, and
miR-128 [18,24].
In addition to traditional low-throughput studies, the TCGA
project assessed the expression of 534 miRNAs in 240 tumor tissue
samples and 10 normal tissue samples. The results have been used
to establish GBM subclasses [25], identify miRNA expression
signatures to predict GBM patient survival [17], and identify
important miRNAs in GBM [26]. These and other studies have
made it clear that miRNAs play important roles in GBM, and it
appears increasingly likely that miRNAs will be clinically useful as
biomarkers and/or therapeutic targets for brain tumors and other
cancers [19]. Despite a number of miRNAs reported to be
dysregulated in GBM, little is known about which miRNAs play
critical roles in the pathology of GBM and their relevant targets
[27]. To address these questions, we hypothesized that an
investigation of miRNAs in the context of the regulatory
transcriptional and post-transcriptional networks will provide a
far more comprehensive view of their functional roles in GBM.
TFs regulate gene expression by translating cis-regulatory codes
into specific gene-regulatory events [28]. Since TFs and miRNAs
are both categorized as gene-regulatory molecules and share a
common regulatory logic [29], they are capable of cooperatively
regulating the same gene: TFs regulate a gene’s transcription in
the gene’s promoter region, while miRNAs regulate a gene’s posttranscription in the gene’s 39 untranslated region (UTR). At the
network level, it has been demonstrated that the regulation of
transcription by TFs and post-transcriptional regulation by
miRNAs are tightly coupled [30,31]. Moreover, the examination
of regulatory networks showed that TFs, miRNAs and genes form
a combination of transcriptional/post-transcriptional feed-forward
loops (FFLs), which comprise over-represented motifs in the
mammalian regulatory network [30,31]. Therefore, the analysis of
mixed FFLs in a cellular system has emerged as a powerful tool to
understand specific biological events, such as the control of cell
fate in many cell types and systems [11].
In a regulatory network, a typical mixed FFL motif contains
three components: TF, miRNA and gene. This mixed FFL motif is
defined as a 3-node FFL. Considering co-expressed genes may
PLoS Computational Biology | www.ploscompbiol.org

Results
A novel computational framework for regulatory network
construction
One major purpose of this study was to develop an integrative
framework for the construction of a comprehensive regulatory
network for GBM. This network consisted of feed-forward
regulation among three components: GBM-related genes, GBMrelated miRNAs and known human TFs. GBM-related genes and
miRNAs with evidence of involvement in the pathology of GBM
were collected and curated from public databases and literature.
For GBM-related genes, we restricted our analyses to the 415
genes with mutation evidence in previous studies (Table S1 and
Text S1). For GBM-related miRNAs, we collected 124 mature
miRNAs that were reported to be dysregulated in studies assessing
miRNA expression only in GBM tissue samples or cell lines.
Human TFs were extracted from TRANSFAC Professional
(release 2011.4) [34], a manually curated database of eukaryotic
TFs, their genomic binding sites and DNA binding profiles. There
are five types of regulatory relationships: TF regulation of gene
expression (TF-gene) or miRNA expression (TF-miRNA), miRNA
repression of gene expression (miRNA-gene) or TF expression
(miRNA-TF), and gene-gene coexpression (gene-gene). Each of
these regulatory relationships was predicted using computational
approaches (Table 1). Considering the disadvantage of these
reverse engineering methods, we applied stringent parameters in
prediction to obtain high confidence regulations.
To integrate these regulations into a miRNA-TF regulatory
network, we only included FFLs with significant miRNA-TF pairs,
pinpointed by the hypergeometric test, that potentially cooperate
in regulating the same targets. Based on the combinatory
regulatory network, we performed further analyses of the network
topological properties and functional associations to identify
critical miRNAs (see Figure 1 for the framework and the Materials
and Methods for details). It is necessary to point out that, in this
computational framework, a novel FFL model (4-node model) was
developed for the construction of the regulatory network. To
2

July 2012 | Volume 8 | Issue 7 | e1002488

Glioblastoma microRNA-TF Regulatory Network

Table 1. Summary of relationships among GBM-related genes, GBM-related miRNAs, and TFs.

Relationship
c

Number of pairs

Number of miRNAsa

Number of genes

Number of TFsb

Method
TargetScan

1476

105

214

-

miRNA-TFd

2079

103

-

283

TargetScan and TRANSFAC

TF-.genee

6642

-

296

207

MatchTM

1543

65

-

184

MatchTM

383

-

112

-

ARACNE

miRNA-gene

TF-miRNAf
Gene-gene

g

a

miRNA: microRNA.
TF: transcription factor.
c
miRNA-gene: miRNA repression of gene expression.
d
miRNA-TF: miRNA repression of TF expression.
e
TF-gene: TF regulation of gene expression.
f
TF-miRNA: TF regulation of to miRNA expression.
g
Gene-gene: gene-gene coexpression.
doi:10.1371/journal.pcbi.1002488.t001
b

Figure 1. Computational framework for constructing the comprehensive GBM-specific miRNA-TF regulatory network and its
application for identifying critical miRNA components in a given pathway. This framework involves four main steps. 1) Data collection. We
compiled glioblastoma (GBM)-related genes, GBM-related microRNAs (miRNAs) and known human transcription factors (TFs) from public databases
and literature. 2) Regulation prediction. We predicted five types of regulation (TF-gene, TF-miRNA, miRNA-gene, miRNA-TF, and gene-gene
coexpression) by integrating TF binding profiles, miRNA target profiles, and gene expression profiles. 3) Identification of significant feed-forward
loops (FFLs). Based on the regulation data in step 2, we assembled two types of feed-forward loops (FFLs): 3-node FFLs and 4-node FFLs. 4)
Construction of a GBM-specific miRNA-TF regulatory network and performing further subnetwork analyses. By merging the FFLs identified in step 3,
we constructed a GBM-specific miRNA-TF regulatory network, which consists of three types of nodes and five types of edges. Furthermore, we
extracted subnetworks for core pathways reported for GBM from the GBM-specific regulatory network and predicted the miRNA components
involved in these pathways.
doi:10.1371/journal.pcbi.1002488.g001
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Gene-gene coexpression. Based on the filtered gene expression profiles from three different microarray platforms [39], we
identified 383 co-regulated genes using the software ARACNE
[40] (see Materials and Methods). The degree of coexpression
ranged from 1 to 23. Specifically, gene CAST co-expressed with 23
other genes; this particular gene is involved in numerous
membrane fusion events, such as neural vesicle exocytosis and
platelet and red-cell aggregation [41].

illustrate that the framework has a promising application in cancer
investigation, in this study, we focused on the GBM regulatory
network and identified the miRNA components for the Notch
signaling pathway. The analyses illustrated the framework is
promising for further identification of critical miRNAs in the
pathology of cancer.

Highly confident regulatory relationships among
miRNAs, genes and TFs

Significant 3-node and 4-node feed-forward loops

Table 1 summarizes the five types of potential regulatory
relationships mentioned above and their related methods. We
provide more details below.
miRNA-gene and miRNA-TF repression. We predicted
miRNA targets in genes by parsing TargetScan prediction results
[35] and filtered out the false positive assignments of miRNAs to
genes by applying stringent requirements (see Materials and
Methods). Consequently, among 415 GBM-related genes, 214
were potential targets of 105 miRNAs of our compiled 124 GBMrelated miRNAs; they formed 1,476 miRNA-gene pairs. Among
the 214 target genes, the top genes targeted by the largest number
of GBM-related miRNAs were DLGAP2 and SOX11, which were
targeted by 33 GBM-related miRNAs. Among the 105 GBMrelated miRNAs, the miRNA that targeted the largest number of
GBM-related genes was miR-340. To test whether we observed
more GBM miRNA targets in the 415 GBM-related genes than
the randomly selected 415 genes, we performed a permutation to
count the number of targets of each GBM miRNA in the same
number of genes (415 genes), which were randomly selected from
human protein-coding genes. We repeated this process 10,000
times to obtain an empirical P-value. Most of the miRNAs had a
significantly larger number of targets in these genes than randomly
selected genes (t-test, P-value = 1.3861025). Using the same
miRNA target prediction method, we screened the miRNA
targets of 428 human TFs. We obtained 2,079 miRNA-TF pairs
among 103 GBM-related miRNAs and 283 TFs. Among the 103
GBM-related miRNAs, the miRNA that targeted the largest
number of TFs (i.e., 60 TFs) was miR-124. Among the 283 TFs,
the TF gene targeted by the largest number of miRNAs (i.e., 44
miRNAs) was NFAT5.
TF-gene and TF-miRNA regulation. To find the regulation
of TF to genes or miRNAs, we explored the TFs and their binding
profiles from the TRANSFAC Professional database and predicted TF binding sites using its MatchTM software [36] by applying
stringent criteria (see Materials and Methods). For a TF, if there is
one binding site within the transcription start site (TSS) proximal
region of a gene (from 1 kb upstream to 500 bp downstream), the
gene was defined as the target of the TF. We thus identified 296
GBM-related genes as targets of 207 TFs, which formed a total of
6,642 TF-gene pairs. In these pairs, the range of number of genes
regulated by one TF was from 1 to 245. Among the 207 TFs, the
TF that targeted the largest number of GBM-related genes was
PAX4 (paired box 4). PAX4 plays critical roles during both fetal
development and cancer growth [37].
As with the GBM-related genes, we applied the same prediction
process to identify miRNA targets of TFs, since previous studies
have shown that miRNA expression is regulated in a similar
manner to protein-coding genes [38]. We identified 1,543 TFmiRNA pairs, which consisted of 65 GBM-related miRNAs and
184 human TFs. Among these pairs, the range of the number of
TFs potentially targeting one miRNA was from 7 to 65. miR-9 was
predicted to be targeted by 65 TFs. The range of the number of
miRNAs targeted by a TF was from 1 to 58. The TF that targeted
the largest number of GBM-related miRNAs was ELF1 (E74-like
factor 1).
PLoS Computational Biology | www.ploscompbiol.org

FFLs have been demonstrated as one of the most common types
of transcriptional network motifs [42]. Typically, a FFL consists of
three components: a miRNA, a TF, and a joint target, which is
defined as a 3-node FFL. In this study, we expanded the 3-node
FFL model to a 4-node FFL model to explore more regulatory
modules. Figure 2A shows the detailed relationships in these FFLs.
According to the regulatory relationship between two regulators
(TF and miRNA) in each FFL, we classified FFLs into 3 types: TFFFL, miRNA-FFL and composite FFL (Figure 2). Specific to the 3node FFLs, the TF-FFL model includes TF regulation of a
miRNA and a gene, and it also includes miRNA repression of a
target gene. The miRNA-FFL model includes miRNA repression
of both a target gene and a targeted TF, as well as TF regulation of
a target gene. The composite-FFL model includes TF regulation of
both a miRNA and a target gene, as well as miRNA repression of
the TF gene and the target gene. The three types of FFLs are
exclusive to each other. For 4-node FFLs, the design is similar to
the 3-node FFL model, but each TF or miRNA may regulate both
co-expressed genes.
Furthermore, we merged those FFLs with the same TF-miRNA
regulation. Thus, the merged FFLs composed of a known TF, a
mature miRNA, and a list of GBM-related genes or a list of GBM
co-regulated gene pairs (Figure S1). Table 2 summarizes the
number of nodes and links in the 3-node and 4-node FFLs.
3-node FFLs. Starting from two types of regulation, miRNAgene and TF-gene, we assembled all possible miRNA-gene-TF
units (relationships). After filtering the random TF-miRNA pairs
using the hypergeometric test based on the common targets of
miRNAs and TFs [43], we obtained a total of 3,914 unique FFLs,
which grouped to 1,128 merged FFLs based on the definition in
Figure S1 (Table S2). The merged FFLs involved a total of 153
GBM-related genes, 97 GBM-related miRNAs and 135 TFs. The
number of targets in these merged FFLs ranged from 1–15, and
70.74% of the 3-node FFLs targeted up to 2 genes.
For the genes targeted by the TF and miRNA from a merged
FFL (co-targeted genes), we examined if they have more similar
function than randomly selected genes from all human genes. We
computed Gene Ontology (GO) semantic similarity scores using
the R GOSemSim package [44]. For GO categories biological
process (BP), molecular function (MF), and cellular component
(CC), the semantic scores of these genes in 3-node FFLs tended to
significantly skew towards higher scores than those of randomly
selected genes (Figure S2). We further tested whether the targets in
each merged FFL tended to belong to the same protein family
than randomly selected human proteins using the Pfam annotations [45] (Text S2). We found that the numbers of target pairs
from 3-node FFLs with the same Pfam annotation were
significantly higher than those from the randomly selected genes
(Table S3). The results indicated that the genes regulated by the
same TF-miRNA pairs in 3-node FFLs were more likely to share
Pfam annotation than randomly selected genes (Fisher’s exact test,
P-value,2.2610216). In summary, according to these function
and protein family similarity analyses, the co-targeted genes
4

July 2012 | Volume 8 | Issue 7 | e1002488

Glioblastoma microRNA-TF Regulatory Network

Figure 2. A catalogue of mixed feed-forward regulatory loops (FFLs). According to the relationship between the transcription factor (TF) and
microRNA (miRNA), the mixed FFLs were classified as the TF-FFL model (the TF directly regulates the miRNA), miRNA-FFL model (the miRNA only
directly regulates the TF) or composite-FFL model (the TF and the miRNA regulate each other). The relationships represented by solid lines are
required while the relationships represented by dot lines are not required. B) Five types of putative regulations involved in these FFLs: miRNA-gene
represents that the miRNA represses gene expression; miRNA-TF represents that the miRNA represses the TF gene expression; TF-gene represents the
regulation by TF of the expression of the gene; TF-miRNA represents the regulation of TF to expression of miRNAs; and, gene-gene represents gene
coexpression.
doi:10.1371/journal.pcbi.1002488.g002

Table 2. Summary of 3-node and 4-node feed-forward loops based on glioblastoma related data.
Number of nodesb
Motif

Number of
merged FFLsa

Genes

miRNAs

Number of linksb
TFs

Total

TF-gene

Genegene

miRNAgene

miRNATF

TF-miRNA

3-node
TF-FFL

656

144

59

122

2473

1227

-

590

0

656

miRNA-FFL

432

131

84

83

1768

592

-

744

432

0

Composite-FFL

40

76

24

23

344

130

-

134

40

40

Total

1128

153

97

135

3709

1570

-

971

472

696

TF-FFL

482

51

46

90

1144

438

99

125

0

482

miRNA-FFL

299

53

78

62

775

189

88

199

299

0

Composite-FFL

24

40

17

14

173

47

43

35

24

24

Total

805

55

80

105

1647

494

104

220

323

506

4-node

a

FFL: feed-forward loop.
Definitions of the nodes and links were provided in Table 1.
doi:10.1371/journal.pcbi.1002488.t002
b
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32 were shared by both types of FFLs. These genes accounted for
only 18.18% of the total 176 genes. We performed a pathway
enrichment analysis to examine if these 32 genes have any
biological bias with the reference of whole human protein-coding
genes. Ten KEGG pathways were found to be significantly
enriched with these genes (adjusted P-value,0.05). All of these
pathways were related to cancer: ‘‘Pathways in cancer,’’ ‘‘Focal
adhesion,’’ ‘‘ECM-receptor interaction,’’ ‘‘Colorectal cancer,’’
‘‘Cytokin-cytokin receptor interaction,’’ ‘‘Endocytosis,’’ ‘‘Renal
cell carcinoma,’’ ‘‘Pancreatic cancer,’’ ‘‘Glioma,’’ and ‘‘Melanoma.’’ Among them, 7 could be found in the top 10 pathways
enriched in the 176 genes (Table S6). The 4-node FFLs recruited
an additional 23 GBM-related genes. Pathway analysis found these
genes were enriched in two pathways (‘‘ECM-receptor interaction’’ and ‘‘Focal adhesion’’) detected by the common 32 genes, as
well as three other pathways (‘‘Leukocyte transendothelial
migration,’’ ‘‘Lysosome,’’ and ‘‘Regulation of actin cytoskeleton’’).
These comparisons indicated that, compared to 3-node FFLs, the
4-node FFLs could recruit genes that are not only directly involved
in cancer related pathways but also associated with cell motility
and cell proliferation, both of which have been implicated in the
pathology of glioma [47]. In contrast, the majority of miRNAs (78
out of 99 miRNAs, 78.79%) and TFs (98 out of 142 TFs, 69.01%)
were recruited by both the 4-node and 3-node FFLs, indicating
that miRNAs and TFs had no significant difference between these
two types of FFLs.
Figure S4B summarizes the overlap of the four types of links
(TF-gene, miRNA-gene, miRNA-TF, and TF-miRNA) between 3node FFLs and 4-node FFLs. We observed that the majority of
TF-gene links (293 out of 494, 59.31%) in 4-node FFL had not
been covered by 3-node FFLs, while the majority of miRNA-gene
(158 out of 220, 71.82%), miRNA-TF (245 out of 323, 75.85%),
and TF-miRNA (398 out of 506, 78.66%) links were covered by 3node FFLs. Overall, these observations suggested that 4-node
FFLs could recruit novel GBM-related genes and novel regulatory
relationships, which might complement 3-node FFLs.

tended to participate in the same biological processes, locate in the
same cellular components, or belong to the same protein family.
Among the 1,128 merged 3-node FFLs, 656 (58.16%) belonged
to TF-FFLs, 432 (38.30%) belonged to miRNA-FFLs, and 40
(3.54%) belonged to composite-FFLs. The numbers of nodes and
links in composite-FFLs were much smaller than those in TF-FFLs
and miRNA-FFLs. However, the 40 composite-FFLs (3.54%) were
comprised of 24 (24.74%) GBM-related miRNAs and 23 (17.04%)
TFs regulating 76 (49.67%) GBM-related genes (Table 2),
indicating that only a few composite-FFLs recruited nearly half
of GBM-related genes via a few regulators. Additionally, among
the 76 genes regulated by the composite-FFL model, 72 (94.74%)
of GBM-related genes in composite-FFLs were also regulated
through the TF-FFL and miRNA-FFL models (Figure S3).
Similarly, most of the TFs and miRNAs (87.50% and 95.65%,
respectively) involved in composite-FFLs participated in the other
two regulation models. These observations suggest that most of the
GBM-related genes could be regulated in multiple ways. To
further illustrate the functional importance of the 72 genes, we
performed pathway enrichment analyses using the software
WebGestalt [46]. Thirteen KEGG pathways were significantly
enriched. Interestingly, 9 were within the top 10 enriched KEGG
pathways identified using the 153 genes in all 3-node FFLs (Table
S4), further suggesting the efficiency of composite-FFLs.
4-node FFLs. Using a process similar to the 3-node model,
we identified a total of 2,042 4-node FFLs, each of which included
a human TF, a GBM miRNA and two co-expressed genes in
GBM. These FFLs were grouped as 805 merged FFLs, each of
which was composed of a known TF, a mature miRNA and a list
of GBM co-regulated genes (Table S5). These 805 merged FFLs
involved a total of 55 GBM-related genes, 80 miRNAs and 105
TFs. The number of targets in these merged FFLs ranged from 1–
13, and 44.10% of the 4-node FFLs targeted up to 2 pairs of coregulated GBM-related genes. Similarly, these co-targeted gene
pairs tended to have higher pair-wise functional similarity scores
(Figure S2) or had significantly more gene pairs sharing Pfam
annotations (Table S3) than randomly selected gene pairs (Fisher’s
exact test, P-value,2.2610216). The results again indicated that
co-targeted genes in 4-node FFLs tended to have more similar
functions than the randomly selected genes. Additionally, compared to co-targeted genes in 3-node FFLs, genes in 4-node FFLs
tended to have higher similarity scores or have more gene pairs
sharing Pfam annotations. This comparison indicated that genes in
4-node FFLs might have stronger functional relationship than
those in 3-node FFLs.
Among the 805 merged FFLs, 482 (59.88%) belonged to TFFFLs, 299 (37.14%) belonged to miRNA-FFLs and 24 (2.98%)
belonged to composite-FFLs. Similar to the 3-node FFLs, the 24
(2.98%) 4-node composite-FFLs were composed of 17 (20.00%)
GBM-related miRNAs and 14 (10.07%) TFs, which regulated 40
(72.73%) GBM-related genes. Forty (100%) of the GBM-related
genes were also regulated through the TF-FFL and miRNA-FFL
models (Figure S3). Additionally, most of the regulatory elements
(TFs: 100% and miRNAs: 85.71%, respectively) also participated
in the other two regulation models. This result further supported
that a few composite-FFLs could recruit the majority of GBMrelated genes via a few regulators, as observed in the 3-node FFL
analysis above.
4-node FFLs complement 3-node FFLs. To further explore
the relationship between 4-node FFLs and 3-node FFLs, we
examined their nodes and edges. We observed that the number of
nodes in 4-node FFLs was less than that in 3-node FFLs (Table 2).
Figure S4A summarized the overlap of the three types of nodes
between 3-node FFLs and 4-node FFLs. For GBM-related genes,
PLoS Computational Biology | www.ploscompbiol.org

A GBM-specific miRNA-TF mediated regulatory network
After converging the significant 3-node and 4-node FFLs
identified in the previous subsection, we constructed a miRNA-TF
mediated regulatory network for GBM, the major biological output
of our computational analysis. The resultant network contained a
total of 4,354 edges and 408 unique nodes (Table S7). Among the
4,354 edges, 1,033 belonged to miRNA-gene pairs, 550 to miRNATF pairs, 1,863 to TF-gene pairs, 804 to TF-miRNA pairs, and 104
to gene-gene pairs. Among the 408 nodes, 176 belonged to GBMrelated genes, 99 to GBM-related miRNAs and 142 to human TFs.
Among GBM-related genes and TFs in this regulatory network, 9
genes overlapped (ARNT, FLI1, FOXO3, FOXO4, GATA3, SMAD4,
STAT3, TCF12, and ZEB1). Although the network only recruited
176 (43.46%) of the 415 GBM-related genes and 99 (79.84%) of the
124 GBM-related miRNAs, given the uncertainty of associations
between candidate genes and the disease, we regarded it as a
representation of the regulatory network in GBM.
To provide a general view of this regulatory network, we
calculated degrees (connectivity) and their distribution, which are
basic topological network measures [47]. In this complicated
network, degree values of genes, miRNAs and TFs ranged from 2
to 66, 2 to 77, and 2 to 123, respectively. The average degrees of
genes, miRNAs and TFs were 18.70, 24.11, and 23.80,
respectively. The degree distribution for genes, miRNAs and
TFs were strongly right-skewed, indicating that most nodes had a
low degree, while only a small portion of nodes had a high degree
(Figure S5). Therefore, we observed only a few miRNAs, GBM6
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related genes and TFs exhibited a high degree in the network. In
the context of this regulatory network, these molecules act as hubs
that might play important roles in GBM.
Hubs are highly connected nodes in a network, suggesting critical
roles in maintaining the overall connectivity of the network [47].
Consistently, hubs in the PPI network are more likely to be essential
genes [48,49]. Using the hub definition method proposed by Yu
et al. [50], we determined the degree cutoff values 38, 49, and 71 for
genes, miRNAs and TF hubs, respectively. Accordingly, we
identified 15 hub genes (FOXO3, SMAD4, TCF12, BCL11A,
PDGFRA, KLF4, NRAS, SOX11, CACNA1E, ELAVL2, PIK3R1,
RPS6KA3, SLC9A2, CYLD, and PTCH1), 4 hub miRNAs (miR-9,
let-7i, miR-495 and miR-130a) and 6 hub TFs (TEAD1, SP1,
MZF1, NEUROD1, GATA1, and TCF7). Among them, genes
PIK3R1 and PDGFRA had been reported to have high mutation
frequencies in 91 GBM samples (9% and 13%, respectively), and are
involved in the RTK/PI3K signaling pathway, a core GBM
pathway [6].
In the above FFL analyses, we noticed that composite 3-node
and 4-node FFLs recruited the most GBM-related genes in each
category (49.67% and 72.73%, respectively), which indicated that
composite-FFLs could play important roles in regulating GBM
candidate genes. Therefore, we converged these composite-FFLs
and generated a regulatory subnetwork that only included
composite-FFLs. The resulting subnetwork included 457 edges
and 101 GBM-related genes, which accounted for 57.38% of
GBM-related genes (176) in the GBM-specific miRNA-TF
mediated regulatory network and were regulated by only 26
GBM-related miRNAs (24.24%) and 24 TFs (16.90%). We
defined this subnetwork as the composite miRNA-TF regulatory
network in GBM; it could provide a main framework for the
regulatory systems involved in GBM (Figure 3A). In this regulatory
network, the distribution of all nodes was again strongly rightskewed; that is, only a few nodes had high degree in the network
(Figure 3B). Using the same method to define hubs, we identified
four hub genes (NRP1, FOXO3, SMAD4, and TNFRSF1B), six hub
miRNAs (miR-495, miR-9, miR-137, miR-30d, miR-181c, and
miR-30e), and three hub TFs (TEAD1, SP1, and ZBTB7A).
Previously, Zhang et al. [51] proposed that a higher-order network
structure is a frequently observed motif in integrated mRNAprotein networks. In our regulatory network, we also found several
miRNAs and TFs involved in higher-order subnetworks. For
instance, we identified three higher-order composite subnetworks.
The first one (Figure 3C) included one hub TF (SP1) and one hub
miRNA (miR-137), which together regulated 10 genes. The
second composite subnetwork included one TF, one hub miRNA,
and 6 genes (Figure 3D). The third one included one hub TF, two
hub miRNAs, and 12 genes (Figure 3E).
We further examined enriched pathways in these 101 GBMrelated genes involved in the GBM composite regulatory network.
This further examination was important, as biological pathways
that are statistically enriched in a set of disease genes may provide
important cellular process information for our understanding of
the molecular pathology of the disease. For the 101 genes, we
identified 39 pathways that were significantly enriched (adjusted Pvalue,0.01) (Table 3). Among these 39 pathways, 10 (25.6%)
were directly related to cancer, including glioma and GBM.
Several are well-known core pathways involved in GBM, such as
PTEN signaling, PI3K/AKT signaling and Notch signaling.

core pathways, we took a convergent strategy to narrow down the
candidate list. We first generated subnetworks for core pathways in
GBM and then performed network characteristic analyses,
including degree and degree distribution, hub, network modularity, to identify key components. Aside from degree of the node and
degree distribution and hub definition mentioned before, the most
frequently used approach for biological network analysis is to
cluster or partition the whole network into subcomponents, i.e.,
modularity. Previous studies have revealed that highly connected
groups of proteins tend to participate in the same biological
process or complex [52]. In this study, we selected the Notch
signaling pathway as an example to illustrate that the network is a
useful resource for hypothesis generation and that our computational framework is promising.
The Notch signaling pathway strongly influences stem cell
maintenance, development and cell fate [53]. Growing evidence
indicates it plays a key role in cancer, including gliomas [54,55].
According to pathway information recorded in the KEGG
database [56] and Ingenuity Canonical Pathways (http://www.
ingenuity.com/), there were five genes in the GBM miRNA-TF
mediated regulatory network that belonged to the Notch pathway:
EP300, NOTCH1, NOTCH2, FURIN, and JAG1. We generated a
subnetwork for these 5 genes by merging the FFLs that included at
least one of these five genes (Figure 4A). We defined it as the GBM
Notch-specific miRNA-TF regulatory network, which included
222 edges, 17 GBM-related genes, 32 GBM-related miRNAs and
31 TFs. These 32 miRNAs might be involved in the Notch
signaling pathway, providing a potential pool for further
experimental determination of miRNAs involved in this pathway
(Table S8). We noticed that there was no 4-node FFL involved in
the GBM Notch-specific regulatory network.
To identify the critical candidates from the above 32 miRNAs,
we further evaluated their importance based on network
topological and functional analyses. The degree distribution of
all nodes in this subnetwork was also strongly right-skewed. Using
the same method to identify the hubs above, we identified four
GBM hub genes (NOTCH1, FURIN, NOTCH2, and EP300), four
hub miRNAs (miR-9, miR-92b, miR-137 and miR-295-5p) and
four hub TFs (EP300, SP1, TEAD1, and TBX5). Thus, the
network global property analysis indicated that these four hub
miRNAs might play important roles in the Notch signaling
pathway.
To investigate other miRNAs in the GBM Notch-related
miRNA-TF regulatory network, we used the software CFinder
[57] to identify tightly connected subnetworks. CFinder is a
popular network analysis tool for examination of nodes’ distributions in networks and communities. We obtained four communities in the Notch regulatory network. The first one (Figure S6A)
included 15 GBM-related genes, 14 GBM-related miRNAs and 18
TFs. Since the subnetwork included the most GBM-related genes
(88.2%) involved in the GBM Notch related regulatory network,
we called this subnetwork the gene-centered subnetwork. The
second community (Figure S6B) includes two GBM-related genes,
17 GBM-related miRNAs and 15 TFs. Since most of the nodes in
this subnetwork are regulators, we defined it as the regulatorcentered subnetwork. The third one includes one GBM-related
gene, two miRNAs, and three TFs (Figure S6C); the last one
includes one GBM-related gene, one miRNA and one TF (Figure
S6D). Considering that the last two subnetworks had one common
GBM-related gene, JAG1, and both were located in the center of
the Notch-specific network, we merged these subnetworks together
and defined it as a centered subnetwork (Figure 4). Consequently,
three Notch-specific subnetworks were identified (Figure 4B, 4C,
and 4D).

Identification of miRNA components in the Notch
signaling pathway in GBM
To demonstrate that the GBM-specific miRNA-TF mediated
regulatory network is useful to identify miRNA components for
PLoS Computational Biology | www.ploscompbiol.org
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Figure 3. Graphical representations of the composite glioblastoma-related miRNA-TF regulatory network and its network
characteristics. A) Graphical representation of the composite glioblastoma miRNA-TF regulatory network. The network was generated from 3-node
and 4-node composite-FFL motifs. B) Degree distribution of all nodes (genes, miRNAs and TFs) in the network. The Y-axis represents the proportion of
nodes with a specific degree. C–E) Three higher-order subnetworks. In each subfigure, nodes in red correspond to GBM-related miRNAs, nodes in
green correspond to GBM-related genes, and nodes in blue correspond to transcription factors. The edge colors represent different relationships: red
for the repression of miRNAs to genes or TFs, blue for the regulation of TFs to genes or miRNAs, and black for the coexpression of GBM-related genes.
doi:10.1371/journal.pcbi.1002488.g003

The centered subnetwork included 8 nodes, none of which
belonged to the hubs we identified above. When the centered
subnetwork was removed, the connection between the other two
subnetworks was lost (Figure S7). To further examine this feature,
we removed the nodes directly linked to the centered subnetwork;
most parts of the Notch regulatory network were loosely connected
except among GBM-related genes (Figure S8). These local
network analyses showed that the centered subnetwork could
serve as a bridge subnetwork and play an important role in the
development of GBM. To further examine the role of the centered
subnetwork, we used a GO enrichment analysis to identify
biological processes associated with the three subnetworks. The
gene-centered subnetwork mainly corresponded to the development processes. The centered subnetwork corresponded to
regulation of biological processes and developmental processes.
The regulator-centered subnetwork corresponded to regulation of
biological processes and metabolic processes. These functional
association analyses revealed that the centered subnetwork could
play the central role in this subnetwork. Based on the important
role of this centered subnetwork in the Notch-specific pathway,
and two miRNAs, miR-124 and miR-34a, which have direct
connections with two other subnetworks, we proposed that these
PLoS Computational Biology | www.ploscompbiol.org

two miRNAs might play important roles in the Notch signaling
pathway involved in GBM.
In summary, based on the network topological analysis of the
GBM Notch regulatory network and its subnetworks, we identified
32 human miRNAs that might be involved in the Notch signaling
pathway, and six of them (miR-124, miR-137, miR-219-5p, miR34a, miR-9, and miR-92b) might play important roles in this
pathway.

Discussion
In this study, we explored the combinatory regulation of
miRNAs and TFs that have an impact on genes involved in the
pathology of GBM. We developed a computational framework to
construct and analyze a regulatory network for complex diseases.
Our framework started with a compilation of numerous data
sources to identify disease candidate genes and miRNAs and then
inferred regulatory relationships using a large panel of computational tools. Based on these relationships, we focused on 3-node
FFLs and 4-node FFLs to generate a GBM-specific regulatory
network. This unique computational framework illustrated that it
is indeed possible to process multiple types of data (e.g., mutation
8
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our framework, to minimize the effect of these false positives, we
first performed a comprehensive compilation from multiple data
sources to identify genes and miRNAs relevant to GBM. Next, we
chose the most popular databases and software to conduct the
prediction. Finally, we applied stringent parameters in the
prediction of TF-gene/miRNA, miRNA-gene/TF, and gene-gene
relationships. For TF-gene/miRNA and miRNA-gene/TF, we
further required conservation among multiple mammalian
genomes. Thus, our framework could potentially detect the most
important regulatory relationships and might be applied to other
complex diseases for the purpose of deciphering their regulatory
systems and identifying critical miRNAs.
Compared to high-throughput and low-throughput experimental methods that have been used to discover and profile miRNAs,
our computational framework could complement them and
facilitate the discovery of critical miRNAs in the pathology of
disorders. As much more regulatory data is expected to be released
in the near future, such as ChIP-Seq (chromatin immunoprecipitation sequencing), RNA-Seq (transcriptome sequencing) and
GRO-Seq (global run-on sequencing), this framework could be
improved with the integration of high-throughput data by filtering
out interactions in low confidence.
One important output of this comprehensive study is the GBMspecific miRNA-TF combinatory regulatory network. The regulatory network was massive and complex, presenting us with
another challenging task: finding the tactic to decipher this huge
network to mine the important regulatory components. Recently,
pathway analysis has been reported as a useful approach to
investigate the pathology of complex diseases [6,58]. Specifically in
our work, our strategy was to apportion the large regulatory
network and extract relatively small but functionally critical
subnetworks for pathways that have been previously implicated in
the corresponding disease. We then performed network topology
analyses and investigated modularity to identify critical miRNAs in
these small subnetworks.
To demonstrate this strategy, we used the Notch signaling
pathway as an example and found six critical miRNAs in the
pathway in GBM (Figure 4). Among them, miR-34a has already
been shown in an independent study led by one of the authors in
2009 (B.P.) to be down-regulated in GBM, target Notch family
members, and cause differentiation in GBM stem-like cells
[59,60]. Additional studies have shown that this miRNA has been
involved in the Notch pathway in other cancers such as
medulloblastoma [61], pancreatic cancer [62] and carcinoma
[63]. Moreover, miR-124 and miR-137 have functioned in a
tumor-suppressive fashion in GBM and caused differentiation
when re-expressed in GBM cells [24]. miR-9 has also been
strongly linked to GBM subtypes in a recent analysis [25].
Interestingly, miR-124 has been reported to be involved in the
Notch signaling pathway during Ciona intestinalis neuronal development [64]. The evidence from these studies suggests the
effectiveness of our approach. Further experimental validation of
these miRNAs is warranted.
Among the six miRNAs, the most noteworthy one is miR-34a.
It regulates a number of target proteins that are involved in cell
cycle, apoptosis, differentiation and cellular development [65]. In
the independent study mentioned above, led by one of the authors
(B.P.), the effects of miR-34a on MET, NOTCH1, NOTCH2,
CDK6, and PDGFRA expression in brain tumor cells and stem cells
were tested. The results showed that miR-34a suppressed brain
tumor growth by targeting MET and Notch [66]. To check if these
results exist in our predicted regulatory network, we further
extracted miR-34a FFLs and merged them to form a miR-34aspecific regulatory network (Figure S9). Among 15 miR-34a

Table 3. Canonical pathways overrepresented in genes
involved in the composite glioblastoma-specific regulatory
network.

Ingenuity canonical pathways

Adjusted Pvaluea

Hepatic fibrosis/hepatic stellate cell activation

3.16610211

Molecular mechanisms of cancer

1.5161025

Pancreatic adenocarcinoma signaling

1.7461025

PTEN signaling

1.7461025

Melanocyte development and pigmentation signaling

0.0005

CNTF signaling

0.0006

Chronic myeloid leukemia signaling

0.0007

Glioma signaling

0.0007

Glioblastoma multiforme signaling

0.0007

Glucocorticoid receptor signaling

0.0007

Renal cell carcinoma signaling

0.0014

NF-kB signaling

0.0014

PI3K/AKT signaling

0.0015

HER-2 signaling in breast cancer

0.0017

Prostate cancer signaling

0.0019

Insulin receptor signaling

0.0019

Human embryonic stem cell pluripotency

0.0021

Neuregulin signaling

0.0025

IL-6 signaling

0.0032

PPAR signaling

0.0032

IGF-1 signaling

0.0037

Antiproliferative role of TOB in T cell signaling

0.0050

Acute phase response signaling

0.0050

IL-15 signaling

0.0050

ERK5 signaling

0.0050

Role of JAK1 and JAK3 in cc cytokine signaling

0.0054

Axonal guidance signaling

0.0054

Non-small cell lung cancer signaling

0.0054

Growth hormone signaling

0.0059

Macropinocytosis signaling

0.0059

Intrinsic prothrombin activation pathway

0.0059

Neurotrophin/TRK signaling

0.0059

Small cell lung cancer signaling

0.0062

PDGF signaling

0.0062

FLT3 signaling in hematopoietic progenitor cells

0.0063

Prolactin signaling

0.0065

Ceramide signaling

0.0081

Notch signaling

0.0095

TGF-b signaling

0.0098

a
Adjusted P-value was calculated by Fisher’s exact test following by BenjaminiHochberg multiple testing correction.
doi:10.1371/journal.pcbi.1002488.t003

data, gene expression data, and knowledgebase) by combining a
large collection of methods to identify potential miRNAs in
complex diseases.
A significant concern regarding the computational approaches
used in this study is controlling false positives from both public
databases and prediction results caused by computational tools. In
PLoS Computational Biology | www.ploscompbiol.org
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Figure 4. Notch-specific miRNA-TF regulatory network and its subnetworks related to GBM. A) Notch-specific miRNA-TF regulatory
network related to GBM. B) GBM gene-centered subnetwork. The subnetwork includes most of the GBM-related genes involved in the Notch-specific
miRNA-TF regulatory network. C) Centered subnetwork. The subnetwork links the GBM gene-centered subnetwork and the GBM regulator-centered
subnetwork. D) GBM regulator-centered subnetwork. Except for two nodes, 33 nodes are GBM-related miRNAs and human TFs. Definition of colors
and shapes for nodes and edges is the same as in Figure 3.
doi:10.1371/journal.pcbi.1002488.g004

regulations between the co-expressed genes and the TF and
miRNA, making the regulatory network more informative and
tolerant (Figure S10). Compared with 3-node FFLs, the main
impact of 4-node FFLs is the recruitment of more GBM-related
genes and regulatory relationships into the regulatory network
(Table 2, Figure S3, and Figure S4). We found that 4-node FFLs
tended to regulate the genes that might belong to the same
biological processes, the same protein family, or be located in the
same cellular components (Figure S2). Additionally, among the 20
GBM-related genes involved in the miR-34a-specific regulatory
network, 3 were in the 3-node FFLs and 4-node FFLs, 11 from 4node FFLs, and 6 from 3-node FFLs. This observation indicated
that the recruitment of GBM-related genes in miR-34a network
was greatly improved by applying the 4-node FFLs. In summary,
our comparison of the 4-node and 3-node FFLs and the
performance in the recruitment of GBM-related genes by the 3node FFLs and 4-node FFLs to the miR-34a-specific regulatory
network indicate that both are useful models, and they may
complement each other in a regulatory network analysis.
Another interesting observation in this study is composite-FFLs,
in which TF and miRNA regulate each other. The regulation
between a TF and a miRNA has been defined as a TF«miRNA
feedback loop [38]. In our study, we observed 40 TF«miRNA
feedback loops in 3-node FFLs and 24 TF«miRNA feedback
loops in 4-node FFLs. Among the two sets of feedback loops, there
were 19 loops in common between two sets, resulting in 45 unique
feedback loops in the whole regulatory network for GBM.
Compared to the 759 unique TF-miRNA regulatory relationships
and the 505 miRNA-TF regulatory relationships in the regulatory
network, the TF«miRNA regulatory relationships were rarely
observed. This low frequency is consistent with previous reports
involving a pure transcriptional regulatory network [42]. However, interestingly, these TF«miRNA feedback loops regulate 101

targets, 8 (NOTCH2, MET, PDGFRA, JAG1, MYCN, BCL2, DCX,
and CACNA1E) belonged to GMB-related genes and 7 (FOSB,
FOSL1, NFE2L1, NR4A2, SMAD4, TCF12, and YY1) belonged to
human TFs. Among the 8 GBM-related genes, NOTCH2 and
MET have been reported in our previous study to be targeted by
miR-34a, while PDGFRA was not [66]. JAG1 has been reported to
be targeted by the miRNA in the regulation of human monocytederived dendritic cell differentiation [67]. MYCN has been
reported to be targeted by miR-34a in neuroblastoma cells
[68,69] and somatic cell reprogramming [70]. BCL2 has been
reported to be targeted by the same miRNA in neuroblastoma
cells [69]. All 7 targeted TFs were significantly involved in the
transcription of DNA according to Biology Function Analysis in
IPA (Ingenuity Pathway Analysis) (Fisher’s exact test, P-value = 8.7561029) as expected. Among them, YY1 has been
reported to be directly targeted by miR-34a in neuroblastoma
cells [71]. Taken together, miR-34a is likely not only regulates
GBM-related genes directly but also regulates the TFs for gene
expression through transcriptional mechanism. This assertion
needs further experimental confirmation. While our analyses,
especially of miR-34a and its targets, support the utility of our
regulatory network framework, it still needs to be improved. Most
GBM-related genes have not been confirmed to be causal, the
human TF and miRNA binding profiles are neither complete nor
error- or bias-free, and reverse engineering software has its own
weaknesses.
This work represents the first application of a 4-node FFL as a
regulatory motif in complex disease. Although there have been
several genome-wide studies applying integrative regulation of TFs
and miRNAs [30,72,73], none have considered gene coexpression
profiles in an FFL model. The 4-node FFL model contains four
components: one miRNA, one TF, and two co-expressed genes
related to GBM (Figure 2). There are four types of possible
PLoS Computational Biology | www.ploscompbiol.org
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GBM-related genes, accounting for 57.38% of the GBM-related
genes (176) in the GBM miRNA-TF mediated regulatory network.
This observation indicated that composite-FFLs are more effective
in unveiling the regulatory systems underlying the complex
disease.

cut-offs to minimize false positive matches (minFP) and create a
high-quality matrix. To restrict the search, we required a core
score of 1.00, a matrix score of 0.95, and TFs that only belong to
the human genome. To further reduce false positive prediction, we
required the predicted pairs to be conserved among humans, mice
and rats [73].

Materials and Methods
Calculation of co-regulated genes (gene-gene)

Genes and miRNAs related to GBM

Recently, Verhaak et al. [39] integrated the gene expression
data from 200 GBM and two normal brain samples examined by
three gene expression microarray platforms (Affymetrix HuEx
array, Affymetrix U133A array, and Agilent 244 K array) into a
single, unified data set of 11,861 genes using a factor analysis
model. Then, they filtered the unified genes down to 1,740 genes
with consistent but highly variable expression across the platforms
using several filters to eliminate unreliably measured genes. We
directly applied the resulting data to identify co-regulated genes.
Among the 415 GBM-related genes we collected, 120 were
included in the 1,740 genes. We estimated co-regulated relationships among these genes via the ARACNE software, which
implemented the mutual information (MI) theory to identify
transcriptional interactions between genes [40]. We used a high
significance threshold for MI values with a P-value of 1.061027 to
sort out possible false positive and true negative data. To remove
indirect regulatory relationship, we employed a data process
inequality (DPI) tolerance of 0.15 according to the recommendation by Margolin et al. [88].

To collect genes involved in the pathology of GBM, we
compiled GBM-related genes from six sources, which included
multiple types of variations with experimental evidence, such as
point mutation, gene fusion, structure rearrangement, and copy
number variation. These sources included the Catalogue Of
Somatic Mutations In Cancer (COSMIC, version 51) [74], the
Online Mendelian Inheritance in Man (OMIM) [75], The Cancer
Genome Atlas (TCGA) [6], and the Genetic Association Database
(GAD) [76], as well as one recently published integrative genomic
analysis of GBM [39] and two genome-wide association studies
[4,5] (Text S1). We mapped these genes to Entrez gene symbols
and ultimately obtained 415 unique genes.
To collect a set of dysregulated miRNAs in GBM, we conducted
a comprehensive literature search to identify studies that directly
assess miRNA dysregulation in GBM patients’ cell lines or tissues.
We first searched the miR2Disease [77], PhenomiR [78] and
HMDD [79] databases for relevant articles using the keyword
‘‘glioblastoma’’ and PubMed using the keywords ‘‘glioblastoma
AND microRNA.’’ Then, we manually checked each title and
abstract for relevance and reviewed the full text if the abstract
indicated that the article reported associations between miRNA
expression and GBM. As a result, we included 24 papers that
directly assessed miRNA expression in GBM samples or cell lines.
From these papers, we retrieved 134 miRNAs with up/downregulated information, which were mapped to 124 unique mature
miRNAs based on human miRNAs from miRBase [80].

Significant miRNA-TF co-occurring pairs
To identify TF and miRNA pairs that cooperatively regulate the
same target genes, we calculated a P-value using a cumulative
hypergeometric test [43] based on the common targets of any pair
of miRNAs and TFs as in the following function:

Prediction of posttranscriptional repression of miRNA to
gene/TF (miRNA- gene/TF)

P~

Currently, several online databases that predict binding sites
and target genes of individual miRNAs are available, such as
PicTar [81], TargetScan [35,82], and miRanda [83]. Among
them, TargetScan has demonstrated the best performance
compared to other miRNA target prediction software [84,85].
Therefore, we extracted the miRNA-gene pairs between GBMrelated miRNAs and GBM-related genes from the TargetScan
server (version 5.2, February 2011) [35]. We required that
miRNA-target interactions be evolutionarily conserved in four
species (human, mouse, rat and dog) and have a total context score
higher than 20.30 [86]. The score quantitatively measures the
overall target efficacy [84,85]. To obtain the posttranscriptional
repression of miRNAs on TFs, we first retrieved 428 TFs that have
human genes as targets from the TRANSFAC Professional
database (release 2011.4) [34] and used the same procedure to
obtain the relationships between miRNAs and TFs.
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where N(miR) is the number of genes targeted by a given miRNA,
N(tf ) is the number of genes regulated by a given TF, and Total is
the number of common genes between all human genes targeted
by human miRNAs and all human genes regulated by all human
TFs. We further used the false discovery rate (FDR) to adjust for
multiple testing [89], and only those pairs with a corrected P-value
less than 0.05 were chosen as significant pairs of regulators.

Calculation of Gene Ontology semantic similarity
To quantify functional similarity, we calculated GO semantic
similarity scores for the GO terms for each pair of the co-regulated
genes using the R GOSemSim package [44]. For each of the three
GO categories (BP: biological process, MF: molecular function,
and CC: cellular component), the semantic similarity scores were
computed for all gene pairs in the 3-node and 4-node FFLs. A
gene pair was compiled from any two genes targeted by the same
miRNA-TF pairs. To evaluate the statistical significance of the
functional similarity of co-targeted genes in FFLs, we randomly
selected the same number of genes in 3-node or 4-node FFLs from
the 20,441 Entrez protein-coding genes with GO annotations, and
calculated their GO similarities. We repeated this process 1,000
times. We performed a Kolmogorov-Smirnov test (KS-test) to

Prediction of regulatory relationship between TF and
gene/miRNA (TF-gene/miRNA)
To predict the regulatory relationship between TF and gene/
miRNA, we first downloaded the defined promoter region
(21500/+500 around TSS) of 415 GBM-related genes or 134
GBM-related miRNAs from the UCSC Table Browser [87].
Then, we performed a binding sites search using the MatchTM
software that is integrated in TRANSFAC Professional (release
2011.4) [36]. For the purpose of this study, we used pre-calculated
PLoS Computational Biology | www.ploscompbiol.org
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Figure S3 Intersects of GBM-related genes, GBM-related miRNAs and TFs from TF-FFLs, miRNA-FFLs and
composite-FFLs in 3-node model (A) and 4-node model
(B), respectively.
(TIF)

examine whether the GO similarity of all the gene pairs from the
FFLs is significantly greater than that of randomly selected pairs.

Network and subnetwork generation, analyses, and
functional evaluation
In this work, we constructed three major networks. The first
network was the GBM-specific miRNA-TF mediated gene
regulatory network, which was generated by converging all
significant 3-node and 4-node FFLs. The second one was the
GBM composite regulatory network generated by merging only
those significant 3-node and 4-node composite-FFLs. The third
one was the subnetwork for the Notch signaling pathway. We first
collected the genes belonging to the Notch pathway from the
KEGG and Ingenuity systems and merged those FFLs that
included at least one Notch pathway gene to generate a Notchspecific regulatory network in GBM.
Considering the complexity of regulatory networks and our goal
of distilling critical elements, we simplified the network analysis by
disregarding the direction of the edges. We computed nodes’
degrees and their distributions in order to assess network
characteristics. The degree of a node, the network’s most
elementary characteristic, is measured by the number of links of
the node in the network. If the degree distribution of one network
follows a power law, the network would have only a small portion
of nodes with a large number of links (i.e., hubs) [47]. To
determine the hubs in our network, we applied the method
proposed by Yu et al. [50] to draw a degree distribution for each
node in the network. For local network analysis, we used the
software CFinder (version 2.0.5) [57] to generate tightly connected
sub-networks from the pathway network, and we then visualized
them using Cytoscape (version 2.8) [90].
To identify pathways overrepresented in GBM-related genes
from the GBM composite regulatory network, we performed a
pathway enrichment analysis using the Core Analysis Tool in
Ingenuity Pathway Analyses (IPA) from Ingenuity Systems [68].
Given a list of genes, a right-tailed Fisher’s exact test was performed
for the enrichment of these genes based on its hand-curated
canonical pathway database. To control the error rate in the
analysis results, IPA also provided a corrected P-value based on the
Benjamini-Hochberg method [89]. GO and KEGG enrichment of
the subnetworks was analyzed using WebGestalt [46].

Figure S4 Intersects of nodes (A) and links (B) in 3-node
FFLs and those in 4-node FFLs.
(TIF)
Figure S5 Degree distributions of all nodes in GBMspecific miRNA-TF mediated regulatory network. The
red for GBM-related microRNAs, green dots are for GBM-related
genes, and blue for TFs. The Y-axis represents the proportion of
nodes having a specific degree.
(TIF)
Figure S6 Notch-specific miRNA-TF mediated regulatory subnetworks specific for GBM identified by software
CFinder. Different subnetworks are shown by IDs from ‘A’ to
‘D’. Nodes in red (round rectangle) correspond to GBM-related
miRNAs, green ones (ellipse) correspond to GBM-related genes,
and blue ones (triangle) correspond to transcription factors (TFs).
The edge colors represent the different relation: red represents the
repression of miRNAs to genes or TFs, and blue represents the
regulation of TFs to genes or miRNAs.
(TIF)
Figure S7 Comparison between the GBM Notch-specific

regulatory network (A) and the relative network after
removing the centered subnetwork (B). Nodes in red (round
rectangle) correspond to GBM-related miRNAs, green ones
(ellipse) correspond to GBM-related genes, and blue ones (triangle)
correspond to transcription factors (TFs). Among them, nodes in
yellow are centred nodes in the network. The edge colors represent
the different relation: red represents the repression of miRNAs to
genes or TFs, and blue represents the regulation of TFs to genes or
miRNAs.
(TIF)
Figure S8 Comparison between the GBM Notch-specific

miRNA-TF regulatory network (A) and the relative
network after removing the centred subnetwork and
its directly linked nodes (B). Nodes in red (round rectangle)
correspond to GBM-related miRNAs, green ones (ellipse)
correspond to GBM-related genes, and blue ones (triangle)
correspond to transcription factors (TFs). Among them, nodes in
yellow are centered nodes and their directly interacting nodes in
the network. The edge colors represent the different relation: red
represents the repression of miRNAs to genes or TFs, and blue
represents the regulation of TFs to genes or miRNAs.
(TIF)

Supporting Information
Figure S1 A catalogue of merged feed-forward regulatory loops (FFLs). Each composed of a known transcription
factor (TF), a mature microRNA (miRNA) and a list of GBMrelated genes or a list of GBM-related co-regulated gene pairs.
According to the relationship between the transcription factor (TF)
and microRNA (miRNA), the mixed FFLs were classified as the
TF-FFL model (the TF directly regulates the miRNA), miRNAFFL model (the miRNA only directly regulates the TF) or
composite-FFL model (the TF and the miRNA regulate each
other). The relationships represented by solid lines are required
while the relationships represented by dot lines are not required.
(TIF)

Figure S9 miR-34a Specific regulatory network extract-

ed from GBM-specific miRNA-TF mediated regulatory
network. One node in red (round rectangle) corresponds to one
GBM-related miRNA (has-miR-34a), green nodes (ellipse) correspond to GBM-related genes, and blue ones (triangle) correspond
to transcription factors (TFs). The edge colors represent the
different relation: red represents the repression of miRNAs to
genes or TFs, and blue represents the regulation of TFs to genes or
miRNAs.
(TIF)

Figure S2 Cumulative distributions of functional se-

mantic scores for biological process (BP), molecular
function (MF), and cellular component (CC) of gene
pairs for randomly selected genes (black), co-regulated
genes in 3-node FFLs (blue) and co-regulated genes in 4node FFLs (red). The inserted P-values were calculated by the
Kolmogorov-Smirnov test.
(TIF)
PLoS Computational Biology | www.ploscompbiol.org

Figure S10 Four types of regulation between coexpressed genes and two regulatory elements: TF and
miRNA. The relationships represented by solid lines are required.
Among the two relationships by dash dot lines, at least one is
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required. Nodes in orange (round rectangle) correspond to GBMrelated miRNAs, red ones (ellipse) correspond to GBM-related
genes, and blue ones (triangle) correspond to transcription factors
(TFs).
(TIF)

Table S7

GBM-specific miRNA-TF mediated regulatory

network.
(XLS)
Table S8 miRNAs potentially involved in GBM-specific
Notch signaling pathway.
(DOC)

Table S1 Six sources for collection of glioblastoma

(GBM)-related genes.
(DOC)

Text S1 Compiling glioblastoma-related genes (GBMrelated genes) from multiple datasets.
(DOC)

Table S2 Merged 3-node FFLs including TF-FFLs,
miRNA-FFLs and composite-FFLs.
(XLS)

Pfam annotation used to test whether the target
protein in each merged FFL tend to belong to same
protein family.
(DOC)

Text S2

Table S3 Comparison of number of targets with same
protein family annotation in FFLs with randomly
selected genes.
(DOC)

Acknowledgments

Pathways significantly enriched for 153 GBMrelated genes in 3-node FFLs.
(DOC)
Table S4

We thank Ms. Rebecca Hiller Posey for critically reading and improving an
earlier draft of the manuscript and four anonymous reviewers for valuable
comments. We thank Dr. Min Zhao for his assistance with GO semantic
similarity and gene-gene coexpression analyses.

Table S5 Merged 4-node FFLs including TF-FFLs,
miRNA-FFLs and composite-FFLs.
(XLS)

Author Contributions
Conceived and designed the experiments: JS XG ZZ. Performed the
experiments: JS XG BP ZZ. Analyzed the data: JS ZZ. Wrote the paper: JS
BP ZZ. Reviewed and approved the final version of the manuscript: JS XG
BP ZZ.

Significantly enriched KEGG pathways in the
176 genes.
(DOC)
Table S6

References
1. Holland EC (2000) Glioblastoma multiforme: the terminator. Proc Natl Acad
Sci U S A 97: 6242–6244.
2. Purow B, Schiff D (2009) Advances in the genetics of glioblastoma: are we
reaching critical mass? Nat Rev Neurol 5: 419–426.
3. Parsons DW, Jones S, Zhang X, Lin JC, Leary RJ, et al. (2008) An integrated
genomic analysis of human glioblastoma multiforme. Science 321: 1807–1812.
4. Shete S, Hosking FJ, Robertson LB, Dobbins SE, Sanson M, et al. (2009)
Genome-wide association study identifies five susceptibility loci for glioma. Nat
Genet 41: 899–904.
5. Wrensch M, Jenkins RB, Chang JS, Yeh RF, Xiao Y, et al. (2009) Variants in
the CDKN2B and RTEL1 regions are associated with high-grade glioma
susceptibility. Nat Genet 41: 905–908.
6. TCGA (2008) Comprehensive genomic characterization defines human
glioblastoma genes and core pathways. Nature 455: 1061–1068.
7. Jornsten R, Abenius T, Kling T, Schmidt L, Johansson E, et al. (2011) Network
modeling of the transcriptional effects of copy number aberrations in
glioblastoma. Mol Syst Biol 7: 486.
8. Ladha J, Donakonda S, Agrawal S, Thota B, Srividya MR, et al. (2010)
Glioblastoma-specific protein interaction network identifies PP1A and CSK21 as
connecting molecules between cell cycle-associated genes. Cancer Res 70: 6437–
6447.
9. Cerami E, Demir E, Schultz N, Taylor BS, Sander C (2010) Automated network
analysis identifies core pathways in glioblastoma. PLoS One 5: e8918.
10. Wuchty S, Arjona D, Li A, Kotliarov Y, Walling J, et al. (2011) Prediction of
Associations between microRNAs and gene expression in glioma biology. PLoS
One 6: e14681.
11. Shalgi R, Brosh R, Oren M, Pilpel Y, Rotter V (2009) Coupling transcriptional
and post-transcriptional miRNA regulation in the control of cell fate. Aging
(Albany NY) 1: 762–770.
12. Cohen EE, Zhu H, Lingen MW, Martin LE, Kuo WL, et al. (2009) A feedforward loop involving protein kinase Calpha and microRNAs regulates tumor
cell cycle. Cancer Res 69: 65–74.
13. Volinia S, Calin GA, Liu CG, Ambs S, Cimmino A, et al. (2006) A microRNA
expression signature of human solid tumors defines cancer gene targets. Proc
Natl Acad Sci U S A 103: 2257–2261.
14. Esquela-Kerscher A, Slack FJ (2006) Oncomirs - microRNAs with a role in
cancer. Nat Rev Cancer 6: 259–269.
15. Bartel DP (2004) MicroRNAs: genomics, biogenesis, mechanism, and function.
Cell 116: 281–297.
16. Cho WC (2007) OncomiRs: the discovery and progress of microRNAs in
cancers. Mol Cancer 6: 60.
17. Srinivasan S, Patric IR, Somasundaram K (2011) A ten-microRNA expression
signature predicts survival in glioblastoma. PLoS One 6: e17438.
18. Novakova J, Slaby O, Vyzula R, Michalek J (2009) MicroRNA involvement in
glioblastoma pathogenesis. Biochem Biophys Res Commun 386: 1–5.

PLoS Computational Biology | www.ploscompbiol.org

19. Purow B (2011) The elephant in the room: do microRNA-based therapies have a
realistic chance of succeeding for brain tumors such as glioblastoma?
J Neurooncol 103: 429–436.
20. Chan JA, Krichevsky AM, Kosik KS (2005) MicroRNA-21 is an antiapoptotic
factor in human glioblastoma cells. Cancer Res 65: 6029–6033.
21. Conti A, Aguennouz M, La Torre D, Tomasello C, Cardali S, et al. (2009) miR21 and 221 upregulation and miR-181b downregulation in human grade II–IV
astrocytic tumors. J Neurooncol 93: 325–332.
22. Gabriely G, Wurdinger T, Kesari S, Esau CC, Burchard J, et al. (2008)
MicroRNA 21 promotes glioma invasion by targeting matrix metalloproteinase
regulators. Mol Cell Biol 28: 5369–5380.
23. Papagiannakopoulos T, Shapiro A, Kosik KS (2008) MicroRNA-21 targets a
network of key tumor-suppressive pathways in glioblastoma cells. Cancer Res 68:
8164–8172.
24. Silber J, Lim DA, Petritsch C, Persson AI, Maunakea AK, et al. (2008) miR-124
and miR-137 inhibit proliferation of glioblastoma multiforme cells and induce
differentiation of brain tumor stem cells. BMC Med 6: 14.
25. Kim TM, Huang W, Park R, Park PJ, Johnson MD (2011) A developmental
taxonomy of glioblastoma defined and maintained by microRNAs. Cancer Res
71: 3387–3399.
26. Dong H, Luo L, Hong S, Siu H, Xiao Y, et al. (2010) Integrated analysis of
mutations, miRNA and mRNA expression in glioblastoma. BMC Syst Biol 4:
163.
27. Krex D, Klink B, Hartmann C, von Deimling A, Pietsch T, et al. (2007) Longterm survival with glioblastoma multiforme. Brain 130: 2596–2606.
28. Davidson EH (2006) The regulatory genome: gene regulatory networks in
development and evolution. New York: Academic Press. pp. 31–34.
29. Hobert O (2008) Gene regulation by transcription factors and microRNAs.
Science 319: 1785–1786.
30. Shalgi R, Lieber D, Oren M, Pilpel Y (2007) Global and local architecture of the
mammalian microRNA-transcription factor regulatory network. PLoS Comput
Biol 3: e131.
31. Tsang J, Zhu J, van Oudenaarden A (2007) MicroRNA-mediated feedback and
feedforward loops are recurrent network motifs in mammals. Mol Cell 26: 753–
767.
32. Barski A, Jothi R, Cuddapah S, Cui K, Roh TY, et al. (2009) Chromatin poises
miRNA- and protein-coding genes for expression. Genome Res 19: 1742–1751.
33. Coppe A, Ferrari F, Bisognin A, Danieli GA, Ferrari S, et al. (2009) Motif
discovery in promoters of genes co-localized and co-expressed during myeloid
cells differentiation. Nucleic Acids Res 37: 533–549.
34. Matys V, Kel-Margoulis OV, Fricke E, Liebich I, Land S, et al. (2006)
TRANSFAC and its module TRANSCompel: transcriptional gene regulation in
eukaryotes. Nucleic Acids Res 34: D108–110.
35. Lewis BP, Shih IH, Jones-Rhoades MW, Bartel DP, Burge CB (2003) Prediction
of mammalian microRNA targets. Cell 115: 787–798.

13

July 2012 | Volume 8 | Issue 7 | e1002488

Glioblastoma microRNA-TF Regulatory Network

36. Kel AE, Gossling E, Reuter I, Cheremushkin E, Kel-Margoulis OV, et al. (2003)
MATCH: A tool for searching transcription factor binding sites in DNA
sequences. Nucleic Acids Res 31: 3576–3579.
37. Sosa-Pineda B (2004) The gene Pax4 is an essential regulator of pancreatic betacell development. Mol Cells 18: 289–294.
38. Martinez NJ, Ow MC, Barrasa MI, Hammell M, Sequerra R, et al. (2008) A C.
elegans genome-scale microRNA network contains composite feedback motifs
with high flux capacity. Genes Dev 22: 2535–2549.
39. Verhaak RG, Hoadley KA, Purdom E, Wang V, Qi Y, et al. (2010) Integrated
genomic analysis identifies clinically relevant subtypes of glioblastoma characterized by abnormalities in PDGFRA, IDH1, EGFR, and NF1. Cancer Cell 17:
98–110.
40. Margolin AA, Nemenman I, Basso K, Wiggins C, Stolovitzky G, et al. (2006)
ARACNE: an algorithm for the reconstruction of gene regulatory networks in a
mammalian cellular context. BMC Bioinformatics 7 Suppl 1: S7.
41. Li S, Liang ZG, Wang GY, Yavetz B, Kim ED, et al. (2000) Molecular cloning
and characterization of functional domains of a human testis-specific isoform of
calpastatin. Biol Reprod 63: 172–178.
42. Shen-Orr SS, Milo R, Mangan S, Alon U (2002) Network motifs in the
transcriptional regulation network of Escherichia coli. Nat Genet 31: 64–68.
43. Goldberg DS, Roth FP (2003) Assessing experimentally derived interactions in a
small world. Proc Natl Acad Sci U S A 100: 4372–4376.
44. Yu G, Li F, Qin Y, Bo X, Wu Y, et al. (2010) GOSemSim: an R package for
measuring semantic similarity among GO terms and gene products. Bioinformatics 26: 976–978.
45. Finn RD, Tate J, Mistry J, Coggill PC, Sammut SJ, et al. (2008) The Pfam
protein families database. Nucleic Acids Res 36: D281–288.
46. Zhang B, Kirov S, Snoddy J (2005) WebGestalt: an integrated system for
exploring gene sets in various biological contexts. Nucleic Acids Res 33: W741–
748.
47. Barabasi AL, Oltvai ZN (2004) Network biology: understanding the cell’s
functional organization. Nat Rev Genet 5: 101–113.
48. Zotenko E, Mestre J, O’Leary DP, Przytycka TM (2008) Why do hubs in the
yeast protein interaction network tend to be essential: reexamining the
connection between the network topology and essentiality. PLoS Comput Biol
4: e1000140.
49. Sun J, Zhao Z (2010) A comparative study of cancer proteins in the human
protein-protein interaction network. BMC Genomics 11 Suppl 3: S5.
50. Yu H, Greenbaum D, Xin Lu H, Zhu X, Gerstein M (2004) Genomic analysis of
essentiality within protein networks. Trends Genet 20: 227–231.
51. Zhang LV, King OD, Wong SL, Goldberg DS, Tong AH, et al. (2005) Motifs,
themes and thematic maps of an integrated Saccharomyces cerevisiae
interaction network. J Biol 4: 6.
52. Pereira-Leal JB, Enright AJ, Ouzounis CA (2004) Detection of functional
modules from protein interaction networks. Proteins 54: 49–57.
53. Takebe N, Harris PJ, Warren RQ, Ivy SP (2011) Targeting cancer stem cells by
inhibiting Wnt, Notch, and Hedgehog pathways. Nat Rev Clin Oncol 8: 97–
106.
54. Purow BW, Haque RM, Noel MW, Su Q, Burdick MJ, et al. (2005) Expression
of Notch-1 and its ligands, Delta-like-1 and Jagged-1, is critical for glioma cell
survival and proliferation. Cancer Res 65: 2353–2363.
55. Kanamori M, Kawaguchi T, Nigro JM, Feuerstein BG, Berger MS, et al. (2007)
Contribution of Notch signaling activation to human glioblastoma multiforme.
J Neurosurg 106: 417–427.
56. Kanehisa M, Goto S (2000) KEGG: kyoto encyclopedia of genes and genomes.
Nucleic Acids Res 28: 27–30.
57. Adamcsek B, Palla G, Farkas IJ, Derenyi I, Vicsek T (2006) CFinder: locating
cliques and overlapping modules in biological networks. Bioinformatics 22:
1021–1023.
58. Wang L, Jia P, Wolfinger RD, Chen X, Grayson BL, et al. (2011) An efficient
hierarchical generalized linear mixed model for pathway analysis of genomewide association studies. Bioinformatics 27: 686–692.
59. Guessous F, Zhang Y, Kofman A, Catania A, Li Y, et al. (2010) microRNA-34a
is tumor suppressive in brain tumors and glioma stem cells. Cell Cycle 9: 1031–
1036.
60. Li Y, Guessous F, Zhang Y, Dipierro C, Kefas B, et al. (2009) MicroRNA-34a
inhibits glioblastoma growth by targeting multiple oncogenes. Cancer Res 69:
7569–7576.
61. de Antonellis P, Medaglia C, Cusanelli E, Andolfo I, Liguori L, et al. (2011)
MiR-34a targeting of Notch ligand delta-like 1 impairs CD15+/CD133+ tumorpropagating cells and supports neural differentiation in medulloblastoma. PLoS
One 6: e24584.
62. Nalls D, Tang SN, Rodova M, Srivastava RK, Shankar S (2011) Targeting
epigenetic regulation of miR-34a for treatment of pancreatic cancer by
inhibition of pancreatic cancer stem cells. PLoS One 6: e24099.

PLoS Computational Biology | www.ploscompbiol.org

63. Pang RT, Leung CO, Ye TM, Liu W, Chiu PC, et al. (2010) MicroRNA-34a
suppresses invasion through downregulation of Notch1 and Jagged1 in cervical
carcinoma and choriocarcinoma cells. Carcinogenesis 31: 1037–1044.
64. Chen JS, Pedro MS, Zeller RW (2011) miR-124 function during Ciona
intestinalis neuronal development includes extensive interaction with the Notch
signaling pathway. Development 138: 4943–4953.
65. Chen F, Hu SJ (2011) Effect of microRNA-34a in cell cycle, differentiation, and
apoptosis: A review. J Biochem Mol Toxicol. DOI: 10.1002/jbt.20412
66. Li J, Zimmerman LJ, Park BH, Tabb DL, Liebler DC, et al. (2009) Networkassisted protein identification and data interpretation in shotgun proteomics.
Mol Syst Biol 5: 303.
67. Hashimi ST, Fulcher JA, Chang MH, Gov L, Wang S, et al. (2009) MicroRNA
profiling identifies miR-34a and miR-21 and their target genes JAG1 and
WNT1 in the coordinate regulation of dendritic cell differentiation. Blood 114:
404–414.
68. Wei JS, Song YK, Durinck S, Chen QR, Cheuk AT, et al. (2008) The MYCN
oncogene is a direct target of miR-34a. Oncogene 27: 5204–5213.
69. Cole KA, Attiyeh EF, Mosse YP, Laquaglia MJ, Diskin SJ, et al. (2008) A
functional screen identifies miR-34a as a candidate neuroblastoma tumor
suppressor gene. Mol Cancer Res 6: 735–742.
70. Choi YJ, Lin CP, Ho JJ, He X, Okada N, et al. (2011) miR-34 miRNAs provide
a barrier for somatic cell reprogramming. Nat Cell Biol 13: 1353–1360.
71. Chen QR, Yu LR, Tsang P, Wei JS, Song YK, et al. (2011) Systematic proteome
analysis identifies transcription factor YY1 as a direct target of miR-34a.
J Proteome Res 10: 479–487.
72. Re A, Cora D, Taverna D, Caselle M (2009) Genome-wide survey of
microRNA-transcription factor feed-forward regulatory circuits in human. Mol
Biosyst 5: 854–867.
73. Guo AY, Sun J, Jia P, Zhao Z (2010) A novel microRNA and transcription
factor mediated regulatory network in schizophrenia. BMC Syst Biol 4: 10.
74. Forbes SA, Bindal N, Bamford S, Cole C, Kok CY, et al. (2011) COSMIC:
mining complete cancer genomes in the Catalogue of Somatic Mutations in
Cancer. Nucleic Acids Res 39: D945–950.
75. Amberger J, Bocchini CA, Scott AF, Hamosh A (2009) McKusick’s Online
Mendelian Inheritance in Man (OMIM). Nucleic Acids Res 37: D793–796.
76. Becker KG, Barnes KC, Bright TJ, Wang SA (2004) The genetic association
database. Nat Genet 36: 431–432.
77. Jiang Q, Wang Y, Hao Y, Juan L, Teng M, et al. (2009) miR2Disease: a
manually curated database for microRNA deregulation in human disease.
Nucleic Acids Res 37: D98–104.
78. Ruepp A, Kowarsch A, Schmidl D, Buggenthin F, Brauner B, et al. (2010)
PhenomiR: a knowledgebase for microRNA expression in diseases and
biological processes. Genome Biol 11: R6.
79. Lu M, Zhang Q, Deng M, Miao J, Guo Y, et al. (2008) An analysis of human
microRNA and disease associations. PLoS One 3: e3420.
80. Kozomara A, Griffiths-Jones S (2011) miRBase: integrating microRNA
annotation and deep-sequencing data. Nucleic Acids Res 39: D152–157.
81. Krek A, Grun D, Poy MN, Wolf R, Rosenberg L, et al. (2005) Combinatorial
microRNA target predictions. Nat Genet 37: 495–500.
82. Grimson A, Farh KK, Johnston WK, Garrett-Engele P, Lim LP, et al. (2007)
MicroRNA targeting specificity in mammals: determinants beyond seed pairing.
Mol Cell 27: 91–105.
83. Betel D, Wilson M, Gabow A, Marks DS, Sander C (2008) The microRNA.org
resource: targets and expression. Nucleic Acids Res 36: D149–153.
84. Selbach M, Schwanhausser B, Thierfelder N, Fang Z, Khanin R, et al. (2008)
Widespread changes in protein synthesis induced by microRNAs. Nature 455:
58–63.
85. Baek D, Villen J, Shin C, Camargo FD, Gygi SP, et al. (2008) The impact of
microRNAs on protein output. Nature 455: 64–71.
86. Xu J, Li CX, Li YS, Lv JY, Ma Y, et al. (2011) MiRNA-miRNA synergistic
network: construction via co-regulating functional modules and disease miRNA
topological features. Nucleic Acids Res 39: 825–836.
87. Kent WJ, Sugnet CW, Furey TS, Roskin KM, Pringle TH, et al. (2002) The
human genome browser at UCSC. Genome Res 12: 996–1006.
88. Margolin AA, Wang K, Lim WK, Kustagi M, Nemenman I, et al. (2006)
Reverse engineering cellular networks. Nat Protocols 1: 662–671.
89. Benjamini Y, Hochberg Y (1995) Controlling the False Discovery Rate: a
Practical and Powerful Approach to Multiple Testing. J R Statist Soc B 57: 289–
300.
90. Smoot ME, Ono K, Ruscheinski J, Wang PL, Ideker T (2011) Cytoscape 2.8:
new features for data integration and network visualization. Bioinformatics 27:
431–432.

14

July 2012 | Volume 8 | Issue 7 | e1002488

