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Abstract—MircroRNAs (miRNASs) are one type of small non-
coding RNAs and play important roles in regulating wide
range of biological processes, such as stem cell maintenance,
tissue development and cell metabolism. By modulating these
key cellular processes, miRNAs can simultaneously regulate
both oncogenes and tumor suppressor genes in cancer. With
the development of high-throughput RNASeq technology,
aberrant miRNA profiles and gene profiles have been detected
in many cancers. And numerous studies indicate that vast
miRNAs are involved in tumorigenesis and development of
many cancers. They may act as either oncogenes or tumor
suppressor genes in cancer and can be used as potential
biomarkers for diagnosis, therapy and prognosis. To explore
carcinogenic mechanism, it is critical to discover the
aberrantly expressed miRNAs and their target genes. In this
article, we propose an improved multiply-step approach to
identify the target relationship between miRNA and gene
pairs. An improved minimum redundancy maximum relevance
(mRMR) feature selection method is used to get the
differentially expressed miRNAs and genes. Then, we
determine the significantly negative correlation between
miRNA and gene pairs based on the expression level of selected
miRNAs and genes in tumor and their corresponding adjacent
normal tissues. To reduce the false positive rate of our
approach, we check the relationship between miRNAs and
their target genes by multiple miRNA target prediction

databases.

Keywords-MircroRNAs; Target genes; miRNA-target gene
networks; Feature selection

. INTRODUCTION

MircroRNAs (miRNAs) are one class of small non-
coding RNAs which present in a variety of eukaryotic
organisms. They play several important roles in regulating
wide range of biological processes, such as stem cell
maintenance, development, metabolism, proliferation,
differentiation and apoptosis [1]. By modulating these key
cellular processes, miRNAs can simultaneously regulate both
oncogenes and tumor suppressor genes in cancer [2, 3].
MiRNAs regulate target gene expression by two ways:
mRNA degradation or translation inhibition, through binding
to complementary sites of target MRNAs in 3’-UTR [4]. And
an individual miRNA may potentially bind and regulate
many target genes with related function, such as those
belonging to a cell signaling pathway [5], whilst a given
target gene may be regulated by several different miRNAs
[6]. It is estimated that ~30% of human coding genes are
regulated by miRNAs [7].

With the development of high-throughput RNASeq
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technology, the expression levels for thousands and even
tens of thousands of miRNAs or genes can be measured
simultaneously now. A number of projects have applied this
technology to study the differences between diseased and
normal tissues and disease [8]. MicroRNANn (MiRNA)
encoded by miR genes, playes a crucial role in regulating
gene expression of a considerable part of plant's and animal's
genome. And numerous studies indicate that miRNAs are
involved of tumorigenesis and development in many cancers,
act as either oncogenes or tumor suppressors. For examples,
miR-155 overexpress in many cancer types including
hematopoietic cancers, breast, lung and colon cancer [9].
Overexpressed miRNAs in cancers, such as mir-17-92
cluster, may function as oncogenes and promote cancer
development by negatively regulating tumor suppressor
genes, which control cell differentiation or apoptosis [10].
Underexpressed miRNAs in cancers, such as let-7, function
as tumor suppressor genes and may inhibit cancers by
regulating oncogenes that control cell differentiation or
apoptosis [10]. miRNA expression profiles may become
useful biomarkers for cancer diagnostics [11]. To explore
carcinogenic mechanism, it is critical to discover the
aberrantly expressed miRNAs and their target genes.

There are many databases explored to predict the targets
of miRNAs either by seed sequence complementary or
thermodynamic algorithm [12-14]. However, these databases
only provide the possibility of predicting direct target
relationship between miRNAs and genes, and they cannot
predict disease-specific pairs in specific diseases. And in
recent years, more and more researchers pay attention to the
effect of paired samples. The experiments which contain
cancer tissue samples and their corresponding control tissues
were designed by many researchers to make the results of
expression experiments to be much better generalized to
clinical research. In paired datasets, each cancer sample has
one corresponding control sample from the same patient as
paired data. It is natural to consider using of paired
measurements originated from the same test object due to the
heterogeneous nature of the cancer genetics [15]. There are
also some studies focus on the essential improvement in the
identification of differentially expressed genes when paired
designs were used to compare independent sample designs
[16, 17]. So in this article, the expression profiles of both
miRNA and gene in the same cohort of cases of tumor and
their corresponding adjacent normal tissues are considered.
There is a multiply-step approach for the identification of
miRNA-gene regulatory modules introduced by constructing
the paired miRNA-gene expression profiles and predicting
the putative target genes of miRNAs [18, 19]. And Jihong Fu
et al. applied this multiply-step approach in clinical matched
tumor and normal mucosa samples to identify the colorectal
cancer (CRC) specific miRNAs and their target genes [20].
The algorithm use Student’s t-test and Significant Analysis
of MircroArray (SAM) to identify aberrantly expressed
miRNAs and genes. And then do remain multiply steps on
the selected miRNAs and genes. The method used by Jihong
Fu et al. is sensitive to small perturbations of the data and the
results have unstable signatures. So we need to use a more
stability feature selection method to select the differentially
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expressed miRNAs and genes, and do the remained multiply
steps on these selected miRNAs and genes to get miRNA-
target gene networks.

In this article, we use a more stability feature selection
method called ensemble minimum redundancy maximum
relevance by paired random selection (emRMR_prs) to
identify significantly dysregulated miRNAs and genes, and
do the remain multiply steps on these selected miRNAs and
genes to get miRNA-target gene networks. Firstly, we use
emRMRprs method to select the differentially expressed
miRNAs and genes. Secondly, since miRNAs act as negative
regulators, up-regulated miRNAs resulted in down-regulated
target genes, and vice versa. Pearson’s correlation analysis
was applied to calculate the significantly negative correlation
between miRNA and gene pairs, based on the expression
level of selected miRNAs and genes which are aberrantly
expressed in tumor and their corresponding adjacent normal
tissues. Thirdly, only the target relationship miRNA-gene
pairs, which were also predicted by one or more miRNA
target prediction databases, are retained in final miRNA-
target gene networks. In addition, a relevant web tool for the
analysis of the aberrantly miRNAs and genes, and the
miRNA-target gene networks construction based on miRNA
and gene expression data has been proposed.

Il.  METHODS

As shown in Fig.1, a novel multiply-step approach was
adopted to identify the abnormally expressed miRNA-gene
pairs in cancers. Firstly, the significantly differentially
expressed miRNASs and genes were selected by an improved
minimum redundancy maximum relevance (NRMR) feature
selection method [21]. Secondly, Pearson Correlation
Coefficient is used to calculate the relationship between
miRNAs and genes, and we can get the significantly negative
correlation between miRNA and gene pairs. Thirdly, only the

Cancer tissues ~ Corresponding
input) adjacent normal tissues
(inpu (input)

Stepl. Select the abnormal
expressed miRNAs and
enes

Select differentially expressed miRNA and genes
using Emrmr_prs method

Step2. Select significant miRNA-
gene pairs

Pearson correlation analysis for negative
correlation
[ Significant miRNA-gene pairs ]
1 Step3. Get target relationships
[ miRanda+PITA+mirtarbase ]
[ Target relationships of miRNAs and genes ]

Figure 1. The pipeline of our method
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target relationship miRNA-gene pairs, which were also
predicted by databases mirtarbase [22], PITA [23] or
miRanda [14], are retained.

A. Datasets

The Cancer Genome Atlas (TCGA) Data Portal provides
a platform for researchers to search, download and analyze
data sets [24]. It contains clinical information, genomic
characterization data, and high level sequence analysis of the
tumor genomes. There are various available cancer types in
the database, and each type of cancer includes different
number of cases. We select four common cancers, including
Kidney renal clear cell carcinoma (KIRC), Liver
hepatocellular carcinoma (LIHC), Prostate adenocarcinoma
(PRAD) and Lung adenocarcinoma (LUAD). The details of
the used datasets are shown in TABLE 1.

B. Differential Expression Analysis

The abnormal expressed miRNAs and genes are focused
and the discovery of the target-relationship of these
differentially expressed miRNAs and genes are meaningful.
We can select the different expressed miRNAs and genes
from the original expression data by using the feature
selection methods.

In the past few years, many feature selection methods
had been proposed. However, most feature selection methods
simply grade the features according to some rules and rank
the features based on their scores, and then choose the top-
ranked features. However, the selected features may be
highly correlated, and the redundancy of the combined
feature set will reduce the broadness of the feature set. So, a
filter feature selection framework which contains the step of
reducing redundancy was proposed by using minimum
redundancy-maximum relevance (MRMR) [25, 26]. mMRMR
approach requires the features to be maximally dissimilar to
each other in order to expand the representative power of the
feature set. And it has been proved effective and frequently
used to analyze the importance of different features [27, 28].
However, most of expression datasets only have few samples
with high dimensions of genes. It is noticed that the feature
selection results are influenced much by the expression data
of samples, they may vary with even a single-case difference
in the expression data set, and the outliers may cause the
undesirable feature selection results [29]. In order to increase
the stability of mMRMR approach, an ensemble feature
selection method based on mRMR was proposed to identify
signatures in paired expression data [21]. Firstly, in order to
increase the stability of the original method, the improved
method uses an ensemble strategy to generate diverse subsets
from the original dataset. Then, the mMRMR method is used to
obtain multiple feature lists on different subsets. Finally, a
rank aggregation strategy is adopted to decide the final list of
the selected features.

Before establishing the relationships between miRNAs
and target genes, we use fold-change analysis on
differentially expressed miRNAs and genes. We process
each selected miRNA and gene expression data from each
paired of tumor and normal samples by using fold-change,
and calculate the average of the fold-change values of
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miRNAs or genes. If the average fold-change value is higher
than FC, the miRNA or gene is provided to be high
expression, and if the average fold-change value is lower
than 1/FC, it will be regarded as low expression, where FC is
setas 1.5.

C. Establishing the Relationships between Mirnas and

Target Genes

Since miRNAs act as negative regulators, up-regulated
miRNAs resulted in down-regulated target genes, and vice
versa. In order to measure these relationships accurately,
Pearson Correlation Coefficient is used to calculate each
relationship. The formula of Pearson Correlation Coefficient
is defined as in (1):

) .
VEL (X )

Where x;, and y; are the expression values of sample i

in MRNA x and geney . x and y are the average of
expression values in miRNA x and gene y respectively,

and n is the number of samples. If the correlation
coefficient of one miRNA and one gene is less than -0.4, we
consider there is a regulatory relationship between the
miRNA and the gene.

To eliminate false positive rates of the target prediction
databases, only the miRNA-gene pairs simultaneously
predicted by mirtarbase and/or PITA and/or miRanda were
considered as target relationship miRNA-mRNA pairs in our
study.

D. Developing a Web Tool

A web tool with the novel multiply-steps approach for
the analysis of the target predictions based on miRNA and
gene expression data has been developed. There are three
parts in this web tool. In the first part, the query section
allows users search the results of miRNA target predictions
based on different databases (PITA, miRanda and
miRtarbase). In the second part, the feature selection section
enable users get selected features by Emrmr_prs method, and
users can download the result. In the last part, the analysis
section contains a multistep procedure: (i) select a feature
selection method to get the differently expressed features; (ii)
use Pearson Correlation Coefficient or Mutual Information
method and a selected threshold to measure the relationships
of genes and miRNAs; (iii) a blooean combination of the
target prediction databases are chosen, and only the target-
relationship miRNA-gene pairs which are predicted by the
combination of the databases are remained to build network.

Il.  RESULT

We applied this new multiply-step method on four cancer
datasets, including KIRC (Kidney renal clear cell carcinoma)
datasets, LIHC (Liver hepatocellular carcinoma) datasets,
PRAD (Prostate adenocarcinoma) datasets and LUAD (Lung
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adenocarcinoma) datasets. The details of these used datasets

are shown in TABLE 1.
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cancer. We set the Pearson coefficient threshold to -0.7, and
the results of correlation between differential expression
genes and miRNAs of LUAD are shown in Fig.2. The

TABLE I. DETAILS OF SELECTED CANCER TYPES
Name of | Number | Number Number of Number of Result By Pearsan
dataset of genes of cancer normal
miRNAs samples samples
KIRC 20502 923 22 22
LIHC 20502 959 50 50
PRAD 20502 919 53 53
LUAD 20502 948 50 50
TABLE II. THE SELECTED MIRNAS AND GENES IN DIFFERENT
DATABASES
Datasets Number of Number of Number of Number i i X i
Name up- down- up- of down- Figure 2. The result of relationship between miRNAs and genes on
regulation regulation regulation regulatio LUAD
miRNAs miRNAs genes n genes
KIRC 80 71 489 504 Resul By Pearson
LIHC 35 82 426 469
PRAD 115 2 352 431
LUAD 108 33 420 547
TABLE III. THE RESULTS OF CORRELATION BETWEEN DIFFERENTIAL
EXPRESSION GENES AND MIRNAS
Datasets Name Number of Number of
correlated miRNAs correlated genes
LUAD 7 142
KIRC 15 131
LIHC 25 147
PRAD 13 105

A. Differential Expression Genes and miRNAs

As shown in Fig.1, the first step of the novel multiply-
step approach aims to select the significantly differentially
expressed miRNAs and genes. In this part, we carry out the
process on the four datasets shown in TABLE I. The
maximum number of selected miRNAs is set to 200 and the
number of selected genes is set to 1000. According the
process of differential expression analysis, we can obtain the
results of differential expression genes and mMiRNASs.
TABLE Il gives the results of differentially expressed
miRNAs and genes.

B. Correlation between Differential Expression Genes and
miRNAs

In this part, we apply the method mentioned in Section C
of Method part on four cancer datasets and the results are
shown in TABLE IlI. From TABLE Ill, we can see that the
correlations between differential expression genes and
miRNAs can be selected by applying our method on the
datasets. In the results, we also can find one single miRNA
has hundreds of target genes, and several approaches also
show that miRNAS can have many targets [30].

Lung adenocarcinoma (LUAD) is a common histological
form of lung cancer, and it is the most common type of lung

Figure 3. The result of relationship between miRNAs and genes on
KIRC

correlations contain 168 miRNA-gene pairs, and there are
163 pairs of up-regulated miRNAs and down-regulated
genes and 5 pairs of down-regulated miRNAs and up-
regulated genes. The significant miRNA MIMATO0000076
(hsa-mir-21) can provide a link between inflammation and
cancer and it was reported to be overexpressed in lung cancer
[31].

Kidney renal clear cell carcinoma (KIRC) is a common
group of chemotherapy-resistant diseases and can be
distinguished by histopathological features and underlying
gene mutations [32]. We set the Pearson coefficient
threshold to -0.78 for KIRC and the detail of results is shown
in Fig.3. The results contain 322 miRNA-gene pairs,
including 316 pairs of up-regulated miRNAs and down-
regulated genes, and 6 pairs of down-regulated miRNAs and
up-regulated genes. The significant miRNA
MIMATO0000068 (hsa-miR-15a) is reported to be
upregulated in urine of patients with renal cell carcinoma and
undetectable in oncocytoma, other tumors, and urinary tract
inflammation.

Liver hepatocellular carcinoma (LIHC) is considered to
be one of the most highly malignant and lethal cancers of the
world. The multi-factorial molecular pathogenesis of LIHC
is contributed by various genes and microRNAs [33]. We set
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the Pearson coefficient threshold to -0.6 and the detail of
results on LIHC is shown in Fig.4. The results contain
miRNA-gene 439 pairs, including 51 pairs of up-regulated
miRNAs and down-regulated genes, and 388 pairs of down-
regulated miRNAs and up-regulated genes. The significant
miRNA MIMATO0000278 (hsa-miR-221) has contribution to
improve hepatocellular carcinoma through modulation of
apoptosis [34].

Figure 4. The result of relationship between miRNAs and genes on
LIHC
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Figure 5. The result of relationship between miRNAs and genes on
PRAD

Prostate carcinoma (PRAD) is the most common solid
malignancy and the second most common cause of cancer-
related death in men. The detail of results on PRAD is shown
in Fig.5. We set the Pearson coefficient threshold to -0.65
and the results contain 259 pairs, including 258 pairs of up-
regulated miRNAs and down-regulated genes and only one
pair of down-regulated miRNAs and up-regulated genes. The
significant miRNA MIMAT0000728 (hsa-miR-375) has
been found upregulated in prostate tumors compared with
normal prostate tissue [35].

C. The Filtered Relationship by miRNA Target Databases

In this section, for reducing the false positive rate of
target prediction databases, only the miRNA-gene pairs
predicted by miRTarBase, miRanda or PITA database are
included in final results. In the analysis of the four datasets,
the number of selected miRNAs, the number of selected
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genes and the Pearson coefficient threshold are set to the
same as which set in Section B of Result part. To eliminate
false positive rates of the target predictions, we union the
target-relationship miRNA-gene pairs that are predicted by
all the databases.

In the result analyzed by the method on the LUAD
dataset, there are 26 miRNA-gene pairs which contain one
different miRNAs and 26 different genes. TABLE IV shows
top ten results with the significant pearson score. Among the
genes, the expression of SFTPAL was associated with an
increased frequency of lung cancer [36].

In the result analyzed by the method on the KIRC
dataset, there are 11 miRNA-gene pairs which contain four
different miRNAs and 11 different genes. TABLE V shows
top ten results with the significant pearson score. It can be
seen that miRNAs, miR-21-3p (MIMATO0000267) had an
upregulated expression level in Clear Cell Renal Cell
Carcinoma [37].

In the result analyzed by the method on the LIHC dataset,
there are 29 miRNA-gene pairs which contain nine different
miRNAs and 24 different genes. TABLE VI shows top ten
results with the significant pearson score. Among the
miRNAs, downregulation of MIMAT0000099 (hsa-miR-
101-3p) promoted cancer cell growth and migration, and
Rab5a is one of the target genes of miR-101-3p in LIHC
[38].

In the result analyzed by the method on the PRAD
dataset, there are 35 miRNA-gene pairs which contain 6
different miRNAs and 29 different genes. TABLE VII shows
top ten results with the significant pearson score. Among the
miRNAs, miR-200c (MIMAT0000617) and miR-141 are
members of the miR-200 family and are important regulators
of the epithelial to mesenchymal transition (EMT). In
addition to the role of miR-200c and miR-141 in the
phenotypic conversion of normal cells, dysregulation of
normal patterns of miR-200c expression occurs in multiple
types of cancer cells and is linked to tumor progression [39].

In summary, the improved multiply-step method for
miRNAs and Genes Integrated Analysis can identify the
target relationship miRNA-gene pairs, and those miRNA-
gene pairs not only contain the pairs provided by the miRNA
target prediction databases further comprise the pairs
calculated based on expression data. The miRNA-gene pairs
provided by the miRNA target prediction database have been
examined, and we can get new miRNA-gene pairs using the
proposed method. The new miRNA-gene pairs are
meaningful in the study of cancers, and the new miRNA-
gene pairs that are not provided by the miRNA target
prediction database can be made available to other
researchers to verify.

IV. CONCLUSIONS AND DISCUSSIONS

With the development of the expression technology, a
large amount of expression datasets of mMiRNAs/genes can be
obtained from the Internet. And a lot of studies indicate that
miRNAs and genes which differentially expressed in tumor
tissues and corresponding normal tissues play an important
role in cancer development and growth. And miRNAs can
regulate target gene expression, so it is critical to discover
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the aberrantly expressed miRNAs and their genes to explore
carcinogenic mechanism. In this article, we propose an
improved multiply-step approach to identify the target
relationship miRNA-gene pairs, and also propose an
available web tool for the integrative analysis of target
prediction, using different relatedness measures and

integration methods to identify target predictions and
reconstruct miRNA-gene networks. miRNA and gene
expression profiles are not straightforward for researchers,
however the web tool is useful and will facilitate users in the
recognition of the regulatory networks and in discovery of
biological markers.

TABLE IV. DETAILS OF THE RESULT ANALYZED BY THE METHOD ON THE LUAD DATASET
miRNAAccession geneSymbol mirtarbase pitaScore miranda pearsonScore
MIMATO0000076 TGFBR2 + -9.61 + -0.758
MIMATO0000076 WWC2 + - + -0.739
MIMATO0000076 CADM1 - 3.34 + -0.732
MIMATO0000076 ADPRH - - + -0.767
MIMATO0000076 CCDCB85A - - + -0.759
MIMAT0000076 SFTPAl - - + -0.758
MIMAT0000076 KL - - + -0.731
MIMATO0000076 PTPN21 - - + -0.733
MIMATO0000076 ARHGAP31 - - + -0.738
MIMAT0000076 PALM2-AKAP2 - - + -0.734

TABLE V. Details of The Result Analyzed by The Method on The KIRC Dataset

miRNAAccession geneSymbol mirtarbase pitaScore miranda pearsonScore
MIMAT0000267 GPDI1L + - + -0.817
MIMAT0000267 WDFY2 - - + -0.814
MIMAT0000267 TMEM30B - - + -0.803
MIMATO0000757 CHL1 - -7.96 - -0.799
MIMAT0000081 PDHB - - + -0.783
MIMATO0000068 PRR15L - - + -0.833
MIMATO0000068 ACOT11 - - + -0.803
MIMATO0000068 OXNAD1 - - + -0.798
MIMATO0000068 RNF43 - - + -0.79
MIMAT0000068 SACM1L - - + -0.801

TABLE VI. DETAILS OF THE RESULT ANALYZED BY THE METHOD ON THE LIHC DATASET
miRNAAccession geneSymbol mirtarbase pitaScore miranda pearsonScore
MIMATO0000076 EPM2A + - + -0.692
MIMAT0000076 N4BP2L1 - - + -0.639
MIMAT0000099 UBE2A - -9.0 + -0.644
MIMATO0000099 SMARCA4 - -8.62 + -0.664
MIMATO0000099 PYGO2 - -1.94 + -0.644
MIMAT0000099 ANAPC7 - - + -0.686
MIMATO0000099 C19orf61 - - + -0.638
MIMAT0000423 ELOVL1 - -5.79 + -0.63
MIMATO0000064 EZH2 - - + -0.631
MIMAT0000064 FAM189B - - + -0.693

TABLE VII.  DETAIL OF THE RESULT ANALYZED BY THE METHOD ON THE PRAD DATASET
miRNAAccession geneSymbol mirtarbase pitaScore miranda pearsonScore
MIMAT0000728 VWABA - - + -0.7
MIMAT0000617 NR3C1 - -4.05 + -0.703
MIMAT0000617 ROR2 - -2.14 + -0.718
MIMAT0000617 C9orf3 - - + -0.704
MIMAT0000617 FRMD6 - - + -0.714
MIMAT0000617 ANGPT1 - - + -0.709
MIMAT0000617 MBNL?2 - - + -0.714
MIMAT0000617 GATM - - + -0.704
MIMAT0000617 GJA1l - - + -0.723
MIMAT0000617 ACOX2 - - + -0.727
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