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Abstract: MicroRNAs (miRNAs) are potential biomarkers in the diagnosis of
human disease. In this study, a novel concept, the miRNA network biomarker,
was proposed for the selection of biomarkers. Each miRNA network biomarker
contains miRNA targets, as well as Transcription Factors (TFs), that affect the
miRNA expression. The obtained biomarkers were applied to classifying
expression data sets in different progression stages from chronic gastritis to
gastric cancer. Furthermore, these biomarkers could accurately (94%)
discriminate gastric cancer samples from normal samples in another data set.
Angiogenesis-related pathways and genes were found to be enriched in these
network biomarkers.
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1 Introduction

Until recently, biomarkers were usually individual genes and their expression pattern
could distinguish samples between different stages during the development of the disease
(Ramaswamy et al., 2003; Ein-Dor et al., 2006). However, how the biomarker genes
function in the development of the disease remained unknown. Studies on complex
biological networks, which integrated genomics, transcriptomics, proteomics and
metabolomics, have provided new insights into the understanding of the molecular basis
of human diseases (Anastassiou, 2007). Network biomarkers are defined as a group of
genes or gene products with identified or predicted functional relationships that can
successfully discriminate samples from different stages of the development of a disease
(Li et al.,, 2007; Li, 2009). The functional relationships between these network
biomarkers are experimentally identified protein—protein interactions or predictions based
on current systems biology approaches. For example, Chuang et al. (2007) proposed a
network-based classification approach to identify biomarkers for breast cancer metastasis.
They found that the network biomarkers were more reproducible than individual
biomarkers selected without network information. Wu et al. (2008) showed that the
combination of a human protein network and a phenotype network could correctly
identify disease genes.

MicroRNAs (miRNAs) are 19-25 nt non-coding RNAs that play important roles
in gene regulation, either through the inhibition of protein translation or by mRNA
degradation. Many miRNAs act as tumour suppressors or oncogenes in human diseases;
hence, their expressions are altered in cancer development and progression
(Esquela-Kerscher and Slack, 2006). In this study, we proposed a novel concept,
the miRNA network biomarker. Each miRNA network contains the TFs that regulate
certain miRNAs and potential miRNA targets. The miRNA network biomarkers are
coding genes that belong to prior constructed miRNA networks and have the predictive
power to discriminate samples from various disease stages.

MiRNAs are transcribed independently or from within their host genes, sharing
the same promoter regions. To understand the miRNAs’ regulatory mechanism,
a fundamental step is to correctly locate their Transcription Start Sites (TSSs). Wang
et al. (2009b) proposed a novel approach, termed CoreBoost HM, to predict RNA
polymerase II core-promoters. On the basis of genome-wide histone modifications and
DNA sequence features, they further applied CoreBoost HM to detect the promoters of
miRNAs and found that CoreBoost HM could accurately identify known miRNA
promoters in the intergenic regions (Wang et al., 2009b).

MiRNAs function through the regulation of their target genes. Animal miRNA target
prediction has attracted much attention recently (Krek et al., 2005; Lewis et al., 2005;
Betel et al., 2007; Friedman et al., 2009). Among the available target prediction
algorithms, PicTar (Krek et al., 2005), miRanda (Betel et al., 2007) and TargetScan
(Grimson et al., 2007) are three widely used programmes. It has been suggested that a
combination of these three programmes has the highest sensitivity, based on a systematic
comparison (Sethupathy et al., 2006) between the performance of five mammalian
miRNA target prediction algorithms, as well as various combinations of them.

In this study, we first constructed an miRNA network for each known human
miRNA, based on prior annotation about TF/miRNA and miRNA/target regulation. The
miRNA network integrated two types of nodes, namely the TF nodes that regulate
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miRNA and the miRNA target nodes. The miRNA network biomarkers that can
distinguish between the progression stages of gastric cancer were selected by Gene Set
Enrichment Analysis (GSEA) (Subramanian et al., 2005), which was based on the
expression profile of each miRNA network in Gse2669 microarray data set. The
identified biomarkers were used to classify another gastric cancer data set, Gse13911, to
test their reproducibility.

2 Materials and methods

2.1 Construction of miRNA networks

A flow chart of the miRNA network biomarkers selection approach is shown in Figure 1.
A total of 555 human miRNAs were downloaded from miRBase (http://microrna.sanger.
ac.uk/sequences/) released in September 2008. Thus, we constructed 555 miRNA
networks. An miRNA network contains TFs that bind to the miRNA TSS, as well as the
miRNA targets. The TSSs were predicted by CoreBoost HM (Wang et al., 2009b).
The promoter region (upstream — 3000 bps to downstream 1000 bps) of each predicted
miRNA TSS was mapped to the conserved and experimentally identified Transcription
Factor Binding Sites (TFBSs). The chromosomal coordinates of the TFBSs were
downloaded from UCSC (http://genome.ucsc.edu). Potential targets from three widely
used miRNA targets prediction algorithms, namely PicTar (Krek et al., 2005), miRanda
(Betel et al., 2007) and TargetScan (Grimson et al., 2007), were combined. Only the
targets that were predicted by all the three algorithms were taken into further
consideration.

Figure 1 Flow chart of the miRNA network biomarkers identification approach. Each miRNA
network integrated both TFs and target nodes. The expression value of each node was
retrieved from Gse2669. GSEA was applied to evaluate whether an miRNA network
shows significantly different expressions between the progression stages of gastric
cancer. The identified miRNA network biomarkers were used to classify samples
in Gsel3911
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2.2 Pearson Correlation Coefficient

The expression series (Gse2669 and Gsel3911), from gastritis to the progression stages
of gastric cancer, were retrieved from Gene Expression Omnibus (http://www.ncbi.nlm.
nih.gov/geo/). Gse2669 comprised 124 gastric biopsies with normal, chronic gastritis,
intestinal metaplasia and carcinomas. Gsel3911 (D’Errico et al., 2009) comprised 69
samples from 38 tumour biopsies and 31 adjacent normal tissue samples. On the basis of
the Gse2669 data set, we further determined the nodes of each miRNA network. The
Pearson Correlation Coefficient (PCC) Pyy indicates the linear relationship between two
gene expression patterns. It is defined as:

_E(X =) ~ 1))
O-Xo-Y

P
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where X and Y are two certain gene expression patterns, with mean expression values iy
and Wy, respectively, and oy and oy are the standard deviations. A node will be removed
from the network if none of its Pyy values are greater than the cut-off value.

2.3 The construction of random networks

To evaluate the significance of the GSEA score and identify the miRNA network
biomarkers, we randomly selected the same number of TFs and target nodes as that of
each miRNA network. The obtained random networks were also scored by the GSEA.
The R package of the GSEA software was downloaded from http://www.broad.mit.
edu/gsea/

2.4 Assessment of the classification performance

Initially proposed by Vapnik, Support Vector Machine (SVM) is a general machine-
learning algorithm (Vapnik, 1998). Here, we applied LIBSVM (Fan et al., 2005)
(http://www.csie.ntu.edu.tw/~cjlin/libsvm) to classifying the gastric cancer and normal
samples in the Gsel13911 data set. The input for SVM is the expression profiles of the
gastric cancer and normal samples, with the format described as in the LIBSVM
webpage. The class labels are binary variables, either two different disease stages
(Chronic gastritis; Laurens: mixed or diffused; Intestinal metaplasia and Laurens:
intestinal) or normal sample vs. a disease stage.

The output for the SVM is the model (parameters) used in the sample classification.
Leave-one-out cross-validation was performed to access the classification performance
of the identified miRNA network biomarkers. The sensitivity (Sen), specificity (Sp),
accuracy (Acc) and Matthew’s Correlation Coefficient (MCC) are defined as:

enzlxloo%

TP+FN
T
Sp=—1N % 100%
TN+ FP
Acc TPAIN  100%
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TP xTN —FN x FP

MCC =
(TP + EN) x (TP + FP) x (TN + FN) x (TN + FP)

where TP, TN, FP and FN indicate the number of true positive, true negative, false
positive and false negative predictions, respectively.

2.5 The construction of an angiogenesis network

The angiogenesis network was constructed based on literature mining approach (Li et al.,
2006), with key words ‘Angiogenesis or Neovascularisation’ in PubMed (http:/www.
ncbi.nlm.nih.gov/pubmed/). The functional relationship between two genes was retrieved
from HPRD (http://www.hprd.org/) (Mishra et al., 2006) and KEGG (http://www.
genome.jp/kegg/) (Kanehisa et al., 2008). If two genes are annotated to be related,
we added an edge between them in the angiogenesis network (Li et al., 2006). Figure 2
was drawn by the software Cytoscape (Shannon et al., 2003).

Figure 2 An example of an miRNA network. The miR-183 network contained 40 nodes, namely
23 targets (the triangle orange nodes) and 17 TFs (the round green nodes). MiR-183
was regarded as a bridge node to connect the TFs and targets, and its own expression
was not taken into consideration. The blue edges represented the transcriptional
regulation between TFs and miR-183, and the khaki edges represented the
posttranscriptional regulation between miR-183 and its targets (see online version
for colours)

3 Results

The miRBase (Griffiths-Jones et al., 2006) (Release 12) comprised 555 human miRNA
records. We applied CoreBoost HM (Wang et al., 2009b) to detect their potential TSSs.
Along the human genome, there were 519 positions predicted by CoreBoost HM to be
the TSSs of miRNAs with high sensitivity. We mapped these positions with the
chromosomal coordinates of conserved TFBSs. If a certain TFBS was within
the promoter region of an identified miRNA TSS, it would be taken as a TF node of this
miRNA network.

There are various animal miRNA target prediction algorithms. However, the potential
targets predicted by different algorithms are not consistent. To reduce the number of false
positives, we combined the prediction results of PicTar, miRanda and TargetScan.
If a certain target was predicted by all three algorithms, we adopted it as a target node.
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An miRNA network was required to contain at least two TFs or target nodes. In total,
there were 70 TFs and 1276 target nodes integrated into 323 miRNA networks. Figure 2
illustrates the network for miR-183. Each miRNA network was evaluated for its
predictive power in discriminating between the progression stages of gastric cancer.

The Gse2669 series contains 124 samples under five different conditions (Normal
stomach; Chronic gastritis; Laurens: mixed or diffused; Intestinal metaplasia and
Laurens: intestinal). The PCC cut-off values for TF and target nodes were 0.5 and 0.75,
respectively. A node was removed from the miRNA network if none of its PCCs
were greater than the cut-off value. After the PCC selection step, 96 miRNA networks
were obtained and their expression values in Gse2669 were scored by GSEA.

GSEA was used to evaluate the predictive power of each miRNA network for
discriminating between the progression stages of gastric cancer. We used the default
False Positive Rate (FDR) g-value setting of GSEA (FDR ¢g-value <0.25) as the cut-off
value. The 69 miRNA networks were taken into further consideration. To test whether
the GSEA score was due to the lack of expression coherence between samples,
we randomly selected the same number of TF and target nodes as that in these 69
networks and scored the random networks by GSEA for 100 rounds. If the FDR g-value
of an miRNA network was significantly (p-value <0.05) less than that of random
networks, it was identified as an miRNA network biomarker. Some miRNAs, such as the
miR17~92 cluster (Hayashita et al., 2005), shared both promoters and TFs, hence we
grouped the miRNA network biomarkers according to their overlapped nodes. In total,
12 miRNA network biomarkers were obtained that could distinguish between the
progression stages of gastric cancer (Table 1 and Figure 3).

Figure 3 The selected miRNA network biomarkers that could distinguish between
the progression stages of gastric cancer. The round rectangle red nodes represented
miRNAs (bridge nodes); the triangle orange nodes represented their targets. TFs were
represented by the round green nodes. The blue edges represented the transcriptional
regulation between TFs and miRNAs, and the khaki edges represented the
posttranscriptional regulation between miRNA and their targets. Stage I: Chronic
gastritis; Stage II: Laurens: mixed or diffused; Stage I1I: Intestinal metaplasia; Stage IV:
Laurens: intestinal; Default control: Normal samples (see online version for colours)
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To evaluate the reproducibility of these network biomarkers, we used them to classify
the normal and gastric cancer samples from another data set (Gse13911). The expression
values of the selected miRNA network biomarkers for gastric cancer were retrieved,
a total of nine genes (Table 1: Stage II and Stage III). The resulting sensitivity and
specificity were 0.92 and 0.96, respectively. The total accuracy and MCCs were 0.94 and
0.88, respectively. Furthermore, we randomly selected the same number of genes as the
miRNA network biomarkers and used them to classify the samples in Gsel3911.
The results for 100 rounds suggested that the classification performance of the miRNA
network biomarkers was significantly better than that of the genes selected without
network information (p-value <0.02).

Table 1 Twelve miRNA network biomarkers for the progression stages of gastric cancer

miRNA network biomarkers The progression stages

MiRNA Target gene symbol of gastric cancer*
miR-16 TUBA1A PDCD4 ARMCX2 Stage |

miR-17, 18a, 19a, 19b-1, 20a, 219-2, 92a-1 AHR EGR3 Stage |

miR-92 ADCY3 FBN1 Stage |

miR-9 FBN1 NID2 ARMCX2 Stage 11

miR-221 INSIGI FOS Stage 111
miR-139 LDHB FOS Stage 111
miR-24-2 AHR BACH1 Stage I; Stage II
miR-96, 182, 183 AHR PBX1 BACHI1 Stage I; Stage 11
miR-199b AHR EGR3 NF1 Stage I; Stage I and III
miR-195 TUBA1A VAT1 ARMCX2 Stage I and III
miR-127, 136, 337, 431, 432, 433, 493, 665 PPARG HSF2 Stage IT and III
miR-183 ITGB1 PDCD4 Stage III and IV

*Stage I: Chronic gastritis; Stage II: Laurens: mixed or diffused; Stage III: Intestinal
metaplasia; Stage IV: Laurens: intestinal; Default control: Normal samples.

Angiogenesis is one of the fundamental steps in the transition of solid tumours, and the
study of angiogenesis has attracted much attention during recent decades (Li et al., 2003,
2006; Fan et al., 2006). To study angiogenesis globally, we constructed an angiogenesis
network based on literature mining approaches. The gene interaction annotations were
retrieved from the HPRD and KEGG databases. The constructed angiogenesis network
contained 1893 genes (nodes) and 7598 edges. As with most biological networks, the
angiogenesis network is also a scale-free network (Barabasi and Oltvai, 2004). In a scale-
network, the ‘hub’ nodes have many more connections than other nodes. The average
connection in the angiogenesis network for each node is eight; however, some hub node
genes have more than 100 connections, such as TP53 with 111 connections.
Angiogenesis is one of the critical steps in the gastric cancer development, especially
in the transition of chronic gastritis to gastric tumour (Concetta et al., 2005; Edhi et al.,
2002; Jones et al., 1999; Hull et al., 1996). Recent research (Bonauer et al., 2009) showed
that miR-92a controlled the angiogenesis process, and the overexpression of miRNA-92a
in endothelial infarction cells blocked angiogenesis in vitro and in vivo (Bonauer et al.,
2009). Furthermore, miR-221 is known to inhibit angiogenesis in vitro (Poliseno et al.,
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2006). In addition, miRNA-18 a/miRNA-19a have proangiogenic effects in tumour
angiogenesis (Dews et al.,, 2006). All these previous studies are consistent with our
results, namely that the miR-92a, miR-18a and miR-19a networks were identified as
biomarkers for chronic gastritis (Stage 1), and miR-221 was identified as a biomarker for
intestinal metaplasia (Stage III).

Among the identified biomarkers, FOS is known to be involved in the progress of
Helicobacter pylori induced invasion and in angiogenesis of gastric cells (Chang et al.,
2005), with 37 connections in the angiogenesis network. Furthermore, ITGB1 (Carlson
et al., 2008) and PPARG (Masamune and Shimosegawa, 2009) are both established as
regulators of angiogenesis, with 53 and 20 connections, respectively. To understand
the possible involvement of miRNAs in gastric angiogenesis, we embedded the miRNA
network biomarkers into the angiogenesis network and obtained 126 directly connected
genes. The GO annotation from the DAVID (http://david.abce.ncifcrf.gov/home.jsp)
bioinformatics database showed that these genes were significantly associated
in 10 KEGG pathways (Bonferroni corrected p-values < 0.05; Table 2). Among them,
the Toll-like receptor signalling pathway (van Beijnum et al., 2008), MAPK signalling
pathway (Wang et al., 2009a) and Focal adhesion pathway (Skuli et al., 2009) are all
angiogenesis-related pathways.

Table 2 Functional enrichment for 126 directly connected genes in the angiogenesis network
to the miRNA network biomarker genes

KEGG pathways Bonferroni corrected p-value
Focal adhesion 3.20E-30
ECM-receptor interaction 9.40E-23
Cell communication 1.10E-09
Toll-like receptor signalling pathway 3.30E-06
ErbB signalling pathway 4.10E-02
MAPK signalling pathway 9.50E-03
IGF-1 Signalling Pathway 3.20E-03
IL 6 signalling pathway 2.80E-02
TSP-1 Induced apoptosis in microvascular endothelial cell 3.20E-02
Angiotensin Il mediated activation of INK Pathway 4.60E-02

via Pyk2 dependent signalling

4 Discussion

Gastric cancer is the second most widely diagnosed malignancy in the world and 12%
patients die every year (Petrocca et al., 2006; Uemura et al., 2001). Chronic superficial
gastritis is induced by Helicobacter pylori infection and may lead to gastric carcinoma
after several identifiable clinical steps (chronic atrophic gastritis, intestinal metaplasia
and dysplasia) (Uemura et al., 2001). Most gastric tumours can be classified into the
histological types of intestinal or diffuse (Petrocca et al., 2006; Lauren, 1965). There has
been some evidence that miRNAs are differently expressed in gastric cancer tissues
(Petrocca et al., 2006, 2008; Luo et al., 2009). Luo et al. (2009) used a hierarchical
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clustering method to analyse the expression profiles of 24 malignant and three normal
gastric tissues. Their results suggested that miR-433 and miR-9 were significantly
down-regulated in gastric cancer tissues. Petrocca et al. (2006) examined the expression
of 245 miRNAs in 20 cases of human stomach carcinoma and normal gastric mucosa.
They found that seven miRNAs (miR-223, miR-25, miR-107, miR-24-2, miR-181b,
miR-218-2 and miR-130b) could discriminate normal and cancer samples with a
misclassification error of 17%. However, we found that these two miRNA biomarker sets
shared no biomarkers in common, suggesting that the reproducibility of individual
miRNA biomarkers might be relatively low. According to our results, miR-9 and
miR-24-2 were identified as miRNA network biomarkers, partially consistent with
Luo et al. and Petrocca et al., respectively (Figure 4).

Figure 4 Venn diagram illustrating the comparison between similar studies on the miRNA
biomarkers in gastric cancer. Among the five miRNA network biomarkers identified
by our study, miR-9 and miR-242-2 were reported to be differentially expressed
in gastric cancer tissues in Luo et al. (2009) and Petrocca et al. (2006), respectively.
Furthermore, miR-9 was one of the two miRNAs reported by Luo et al. (2009) with
significantly different expression. There were no miRNAs reported to be differentially
expressed both in Luo et al. (2009) and Petrocca et al. (2006) (see online version

for colours)
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MiRNAs are potential biomarkers, though the expression data sets of miRNAs might be
lacking for certain disease stages. Hence, miRNA targets had been identified to be
potential biomarkers (Liang, 2008). Liang (2008) used computationally predicted target
genes of three miRNAs, miR-34b/34¢/449, to discriminate lung adenocarcinoma and
squamous cell carcinoma (two major histological subtypes of lung cancer), and obtained
relatively high accuracy. However, miRNA target genes that were regulated at the protein
level, but not at the transcription level, might not show significant expression changes
accordingly. Hence, the integration of TFs might help to solve this problem because the
TFs/miRNA regulation is at the level of transcription.

In our study, each miRNA network contained TFs and target nodes; both were based
on prediction algorithms due to the lack of experimental data. To reduce the number of
false positives, we put strict requirements in each selection step:

1  only the intersection of the three target prediction algorithms was taken

2 we considered the predicted TSSs with high sensitivity as well as conserved TFBSs
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3 expression profiles of the miRNA network nodes were required to be correlated
or anti-correlated

4  the GSEA score of each miRNA network was compared with that of random
networks.

Each of these selection steps could help to reduce false positives. For instance, the GSEA
scores without PCC selection were not significant compared with those of random
networks. Hence, the direct use of static gene regulatory networks (based on prior
knowledge) might cause difficulties in uncovering biological interactions under certain
conditions. In this study, the static gene regulatory networks were based on sequence
analysis results, which suggested that an miRNA might interact with a target or be under
the regulation of a TF. However, it does not mean that all these potential functional
relationship actually occurred under certain conditions. Hence, we further identified the
elements of each network by the expression profiles of each potential node based on
the assumption that genes under regulation of the same miRNA will have similar
expression profiles, and thus the PCC was used. The detection of miRNA network
biomarkers that can distinguish between disease progression stages might shed light on
the identification of biomarkers for certain conditions and improve their reproducibility.
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