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Abstract—MicroRNAs (miRNAs) are known as an important indicator of cancers. The presence of cancer can be detected by

identifying the responsible miRNAs. A fuzzy-rough entropy measure (FREM) is developed which can rank the miRNAs and thereby

identify the relevant ones. FREM is used to determine the relevance of a miRNA in terms of separability between normal and cancer

classes. While computing the FREM for a miRNA, fuzziness takes care of the overlapping between normal and cancer expressions,

whereas rough lower approximation determines their class sizes. MiRNAs are sorted according to the highest relevance (i.e., the

capability of class separation) and a percentage among them is selected from the top ranked ones. FREM is also used to determine the

redundancy between two miRNAs and the redundant ones are removed from the selected set, as per the necessity. A histogram based

patient selection method is also developed which can help to reduce the number of patients to be dealt during the computation of

FREM, while compromising very little with the performance of the selected miRNAs for most of the data sets. The superiority of the

FREM as compared to some existing methods is demonstrated extensively on six data sets in terms of sensitivity, specificity, and F

score. While for these data sets the F score of the miRNAs selected by our method varies from 0.70 to 0.91 using SVM, those results

vary from 0.37 to 0.90 for some other methods. Moreover, all the selected miRNAs corroborate with the findings of biological

investigations or pathway analysis tools. The source code of FREM is available at http://www.jayanta.droppages.com/FREM.html

Index Terms—miRNA, cancer, bioinformatics, fuzzy-rough entropy, information measure, rough set, fuzzy set, soft computing,

feature selection, pattern recognition, histogram
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1 INTRODUCTION

MICRORNAS (miRNA) are one type of non-coding RNAs
which are not directly associated with protein coding.

They can be found in every eukaryotic cell and some viruses
[1]. MiRNAs work on messengerRNAs (mRNA) and inhibit
the protein translation process [2]. By controlling the protein
generation, miRNAs can regulate many functions in human
body (e.g., cell division, cell death etc.). Various articles pointed
out themiRNAs as one of themajor biologicalmarker of cancer
in the human body [3], [4]. As a consequence different types of
investigations such as detection of abnormal miRNAs in the
body [4], [5], [6], and ranking of miRNAs [7] as per their rele-
vance to any cancer are carried out by various researchers.
There are several other issues such as detection of miRNA-
mRNA interacting pair [8] and involvement of miRNAs in
drug resistance [9]. Among all these investigations selection of
cancer specific miRNAs has an important role on cancer
research as irrelevant miRNAs decrease classification accuracy
and increase both the biological and computational costs.

Before going into the details of technical issues in miRNA
ranking/selection let us discuss about the generation of
miRNA expression and the process of miRNA creation. In
the methodology of expression generation [10] each miRNA
is treated as a microbead which is marked by a color (fluo-
rescent dye) code. The amount of a particular miRNA can
be scanned as the intensity value of the color and it is stored
as the expression of that miRNA.

At the first step of miRNA creation, primary miRNA
transcripts (pri-miRNA) of length � 1000 nucleotide (nt) are
generated from the miRNA genes in the nucleolus [1], [11].
Then the pri-miRNA gets cleaved by enzyme Drosha and
its partner DGCR8/Pasha, resulting in precursor miRNA
(pre-miRNA) of length � 60-100 nt. This pre-miRNA is
transported from nucleus to cytoplasm through the pores of
the nuclear membrane with the help of two proteins viz.,
RanGTP and exprotin-5. Pre-miRNAs are then cleaved by
Dicer enzyme and �22 nt mature miRNA duplex are gener-
ated. The miRNA duplex contains a guide strand and a pas-
senger strand. The passenger strand degrades and the
guide strand generates simplex mature miRNA.

The ranking and selection of miRNAs can be performed
by several methodologies based on the expression values
and their corresponding labels. Here the existing algorithms
for gene selection [12], [13], [14], [15] can also be used. In [7]
miRNAs are ranked by using fold change of expressions. In
that investigation paired samples are used and miRNAs are
ranked by considering their common deregulation in multi-
ple cancers. In paired samples, both the normal and cancer
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tissues are collected from the same patient. So, this method
is unsuitable for miRNA selection using unpaired samples
and it needs to be modified in such a way that it can handle
unpaired samples, as well. In [7], those miRNAs are given
importance which are globally deregulated in eight types of
cancer. However, there are some miRNAs, which are very
important for a particular cancer only.

In [16], hypothesis test based algorithms are applied to
select initial subset of miRNA and then fold change of each
miRNAs is checked (if fold change is greater than 2) and 51
miRNAs are selected as abnormally expressed miRNAs.

Apart from the fold change base methodologies two
other important techniques viz., classifier based method
[17] and information theory based measure [18] are success-
fully used in gene ranking and are also useful in miRNA
ranking. A SVM classifier based recursive feature elimina-
tion technique (SVMRFE) is developed for gene ranking in
[17]. In the investigation ‘Feature selection based on mutual
information: Criteria of max-dependency, max-relevance
and min-redundancy’ (MRMR) [18], mutual information
between genes and corresponding class labels are used to
determine the relevance of genes. In the same investigation
(MRMR) redundancy is calculated by computing mutual
information between two gens. Combination of SVMRFE
and MRMR are used to rank genes in [19] and the method is
based on the tradeoff between the ranking of these two
methods. In [20], three algorithms are developed for gene
ranking by utilizing the expression overlapping between
different classes. Among those three methods one is a
parametric method and is based on prior probabilities of
classes and class conditional probabilities of different sam-
ples. The other two are non-parametric version of the first
method, where there is no need to consider sample distribu-
tions for the ranking process. A null space based gene selec-
tion method is available in [21]. Here, the utility of feature
extraction using null linear discriminant analysis is extended
tomake it useful for gene selection. In [22], Correlation-based
Feature Selection (CFS) is integrated with Particle Swarm
Optimization to select important genes from microarray
gene expression data. A centroid based method is described
in [23] for selecting relevant genes. The gene selection task is
designed as a L1-regularized optimization problem, based
on linear discriminant analysis criterion. The centroids of dif-
ferent classes are computed using a kernel-based approach
to determine the between-class separability and within-class
compactness of the classes. In [24] a feature selection method
is developed by utilizing the structural relationships among
the features. The features are initially divided into several
groups and then from each group one representative feature
is selected. The selection problem is initially formulated as a
binary constrained optimization problem and later trans-
formed into a convex optimization problem. It is then solved
using a block coordinate gradient descent optimization algo-
rithm, useful for high dimensional feature selection. A
hybrid algorithm for gene selection is presented in [25] by
combining cellular learning automata (CLA) with ant colony
optimization (ACO). First, the number of geans is reduced
by using Fisher criterion, and then CLA and ACO are
applied to find out the set of genes with high classification
accuracy. In [26], the utility of some interaction based feature
selection methods are demonstrated in the context of high

dimensional data. In this investigation the open challenges
to study with big data is also discussed. A nonparametric
ReDiscovery Curve (RDCurve) based method is developed
in [27] to study the stability of various rankingmethods.

The miRNA ranking task deals with a set of expression
values and a set of labels (normal or cancer). So, set theoretic
approach such as information measures between two sets
(i.e., expression values and labels) can be a right approach
to handle this task. Note that, the normal and cancer expres-
sions of a miRNA can overlap with each other and expres-
sions of two different miRNAs can also overlap. In this
regard fuzzy set theoretic approach can be useful to handle
both the cases. The investigation in [28], shows the method-
ology to compute mutual information, V information and

x2 information in fuzzy domain. These information meas-
ures are then used to rank the genes according to the highest
relevance and lowest redundancy. In the remaining part of
the article fuzzy mutual information, fuzzy V information

and fuzzy x2 information base ranking methods are called
as FMI, FVI and FCI, respectively.

Identification of important miRNAs can be performed by
two methodologies, selection of most relevant group and
ranking of miRNAs according to their relevance to any can-
cer. The two different approaches may lead to different out-
comes in terms of the set of important miRNAs. In the
former one the miRNAs will be selected automatically as
per their performance as a group and in the latter one those
will be ranked according to their individual performance.
From the ranked miRNAs some of the top ones are selected
as per the users choice.

A method for selecting most relevant group of miRNAs
is developed in one of our previous studies viz., FMIMS
[29] and a ranking method is proposed in the present inves-
tigation. In FMIMS, initially miRNAs are ranked on the
basis of higher interclass distance and lower intraclass dis-
tance between normal and cancer class. Then the miRNAs
are divided into several groups by using a SVM based
method and the most relevant group among them is
selected by using fuzzy mutual information.

In this article we propose a fuzzy-rough entropy mea-
sure (FREM) to rank miRNAs according to their relevance
to normal and cancer classes. We considered both the over-
lap of expressions between classes and class sizes for com-
puting the entropy. The computation mainly involves four
steps (for each miRNA), viz., (i) computing membership
values of the expressions corresponding to normal and
cancer classes, (ii) defining lower and upper approxima-
tions for normal and cancer classes, (iii) computing relative
frequencies of lower approximate and overlapping regions
(see Section 2.3.1), and (iv) calculating the entropy of the
miRNA using relative frequencies. Rank the miRNAs in
ascending order according to the entropy value and select
a subset from the top ranked ones. From the selected sub-
set redundant miRNAs can be removed (redundancy
removal) according to the user’s need. While, the incorpo-
ration of fuzzy membership values in the entropy is useful
for handling the overlapping nature of miRNA expressions
in normal and cancer group, the application of lower and
upper approximations of rough set helps to determine the
exactness in the size of the groups. Further, we have
extended our study to select two subsets from the normal
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and cancer patients, respectively, for each miRNA by two
histograms. Those selected patients are used to rank miR-
NAs by the proposed FREM. The patient selection process
provides comparable results with those obtained by con-
sidering all patients. The novelty of our study lies in devel-
oping: 1) a fuzzy-rough entropy measure to rank the
miRNAs by considering their overlapping expressions of
normal & cancer patients and the class sizes and, 2) a histo-
gram based method to select a subset of patients from a
large set, whenever required. In the first case, the concept
of fuzzy rough entropy is used in miRNA ranking for the
first time, and it is also designed in a unique way using
the relative frequency. In the second case, selection of a
certain percentage of patients from each bin of histogram
using miRNA expressions is itself a new concept.

The rest of the article is organized as follows. A brief
description of fuzzy-rough set and the details of the pro-
posed methodology are provided in Section 2. The experi-
mental results using various data sets and classifiers are
reported in Section 3. In Section 4 the issues and motivation
behind the development of our algorithm and the biological
relevance of selected miRNAs are discussed. Finally, Sec-
tion 5 concludes this investigation.

2 METHODS

In this section we will discuss the proposed methods in
detail. Before the description of our methods the concept of
fuzzy-rough set and a way to calculate the fuzzy member-
ship value are described in brief as these are used in the pro-
posed methodology.

2.1 Fuzzy-Rough Set

Consider U as the universal set and X as a set inside U. In
the universal set, granules of elements are formed by indis-
cernibility relation R (a relation which creates a group of
similar objects with respect to that relation) [28], [30] and
the family of all such granules/groups obtained by R is rep-
resented as U=R. The indiscernibility among the elements
of U results in an inexact or rough definition of setX (rough
set) where X is defined by two exactly definable sets
R-lower approximation (RX) and R-upper approximation

(RX) ofX, inside the universal set U, as

RX ¼
[

fY 2 U=R : Y � Xg (1)

RX ¼
[

fY 2 U=R : Y \X 6¼ fg: (2)

In Eq. (1), Y is a group in U , RX refers to the union of all
the groups which are a subset of X. U=R represents the
granules/groups formed by the relation R in the universe

U . The RX (Eq. (2)) implies the union of all the groups
whose intersection with X returns a nonempty set. The set

X � U is represented by hRX;RXi in the approximation

space hU;Ri and the region RX �RX
� �

is known as the

boundary region of the set X. In these definitions when X
is a crisp set and R is a fuzzy equivalence relation the pair

hRX;RXi is called the fuzzy-rough set of X [30]. For a
fuzzy-rough set the lower and upper approximations of X
are represented as

RX ¼ fðu;MðuÞÞju 2 Ug (3)

RX ¼ fðu;MðuÞÞju 2 Ug; (4)

where u is an element a in U , MðuÞ & MðuÞ refer to the

membership values of u in RX & RX, respectively. Con-
sider, mY ðuÞ represents the fuzzy membership of an ele-
ment u in a group Y (Y 2 U=R) and mXðuÞ implies the
membership of u to the set X. For fuzzy-rough set
0 � mY ðuÞ � 1,

P
Y mY ðuÞ ¼ 1 and mX 2 f0; 1g.

2.2 Computing Membership Value

The fuzzy membership values can be computed by any
function such that the membership value of an element
with respect to a group is non-decreasing with its closeness
(in terms of distance) to the center of that group. The steps
for computing fuzzy membership values of each element,
say uj, in a group (Yi) are provided below. Here i ¼
1; 2; . . . ; N & j ¼ 1; 2; . . . :; l and N & l are the total number
of groups and total number of elements (miRNA expression
for this investigation) in the universe U , respectively. The
steps for computing membership values are as follows.

1. Determine the center of a group by computing the
average of its expression values. Repeat the process
for all the groups.

2. Calculate the membership values of an element (i.e.,
miRNA expression) in both the groups using the
Eq. (5) where, uj is the jth expression value of a
miRNA and ci as the average of the expression val-
ues in group Yi (i.e., the center of a group). Here, the
membership value of uj in Yi is calculated as

mYiðujÞ ¼
1PN

i0¼1½ðci � ujÞ=ðci0 � ujÞ�2
: (5)

Some properties of Eq. (5) are (i) mYiðujÞ 2 ½0; 1�, (ii)PN
i¼1 mYiðujÞ ¼ 1; 8j, (iii) the value of mYiðujÞ

increases as the closeness of uj to ci (center of the ith

group) increases (i.e., ðci � ujÞ2 decreases) and (iv) if
uj coincides with any center of a group (i.e., the dis-
tance of the sample from the center of that group is
0) then the value of mYiðujÞ for the corresponding

group will be 1, and it will be 0 for the other groupes.

Note that in Eq. (5), 00 is considered as 1 as lim
n!0

n

n
¼ 1.

3. Follow steps 1-2 for all the miRNAs.

2.3 Proposed FREM

Let us now describe our fuzzy-rough entropy measure in
detail. As mentioned earlier the method of computing
FREM consists of four steps for each miRNA. In the first
step, fuzzy membership values of a miRNA expression for
belonging to normal and cancer groups are computed. Here
patient information (normal and cancer) is used to create
these groups where the elements (i.e., expressions) of these
groups can overlap with each other. The membership func-
tion used in our investigation is provided in Eq. (5). Note
that, in our problem domain some expression value can
have higher membership to the other group than their own
group for any miRNA. In the second step, for each
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expression the membership values belonging to upper and
lower approximations in both the classes (normal and can-
cer) are computed using their group membership values
and crisp decision variables. For every element the assign-
ment of membership to lower and upper approximations of
a class/set is performed in such a way that the membership
value of an element (i.e., expression) does not depend on
the memberships of the other elements, as the goal is to
identify those miRNAs which are capable in differentiating
normal and cancer expressions in most of the cases. In the
third step relative frequencies of lower approximation and
overlapping region (see Section 2.3.1) of both the classes are
computed using the corresponding membership values.
The fourth and the final step deals with the computation of
entropy using the relative frequencies. Two block diagrams
for computing FREM and the ranking procedure of miR-
NAs using it are shown in the Figs. 1 and 2, respectively.

In a part of our investigation two subsets of patients are
selected for each miRNA using two histograms which can
help in reducing the number of patients to be handled in
the ranking procedure. Here, the expression values of each
group (normal or cancer) are divided into

ffiffiffi
n

p
number of

bins to construct the histogram, where n is the number of
patients in a group. Finally, a percentage of patients are
selected from each bin and those are used for miRNA rank-
ing. The percentage is kept fixed for all the miRNAs and the
bins of the histograms. The detailed steps of our methods
are discussed in the following sections.

2.3.1 Defining Lower and Upper Approximations

Let uj be an element in the universe U (i.e., uj 2 U), mYiðujÞ
represent the membership of uj (varies in the range [0, 1]) in
the group Yi, and mXi

ðujÞ represent the membership of uj in

class/set Xi (takes value 0 or 1) where 1 � i � N (N � 2)
and 1 � j � l. The variables N and l are the total number of
classes/sets and elements in U, respectively. In our study
the value of N is 2 as there are two classes (normal and can-
cer). For the indiscernibility relation R among the elements

in U, compute lower (RXi) and upper (RXi) approxima-
tions of setXi as

RXi ¼ fðuj;MiðujÞÞjuj 2 Ug; and (6)

RXi ¼ fðuj;MiðujÞÞjuj 2 Ug; (7)

where MiðujÞ ¼
X

Yi2U=R

minðmYiðujÞ;mXi
ðujÞÞ; (8)

MiðujÞ ¼
X

Yi2U=R

maxðmYiðujÞ;mXi
ðujÞÞ; and;

j ¼ 1; 2; . . . :; l

(9)

In the proposed method RX contains only membership
values of elements in group Yi � Xi (i.e., the membership
values for the other elements are 0). For a particular
miRNA, high membership belonging to lower bound
implies that the expression values of that miRNA are corre-
lated with the patient condition (normal or cancer). The

RXi contains the elements Yi � Xi with membership value
1 and the membership (½0; 1�) of the overlapping elements
from other sets. Let us say, these overlapping elements cre-

ate overlapping region in RXi. In the Eqs. (8) and (9) the
symbol ‘

P
’ refers to the fuzzy union operation.

2.3.2 Computation of Relative Frequency

The steps to determine the relative frequency of lower
approximation and overlapping region are as follows.

1. Compute the cardinality of RXi as

jRXij ¼
Xl

j¼1

MiðujÞ; (10)

where uj 2 U . l is the total number of elements in U .
2. Compute the relative frequency of RXi as

�i ¼
jRXij
li

; (11)

Fig. 1. Block diagram of computing FREM.

Fig. 2. Ranking and selection of miRNAs according to their relevance
and redundancy using FREM.
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where li is the total number of elements in RXi with
nonzero membership. Note that li also represents the
size of classXi.

3. Calculate the average relative frequency of lower
approximations for all the classes as

�1 ¼ 1

N
	
XN
i¼1

�i; (12)

whereN is the total number classes.
4. Compute total cardinality in the overlapping region

of the universe U as

C ¼
XN
i¼1

½li � jRXij�: (13)

5. Calculate the average relative frequency in overlap-
ping region (�2) as

�2 ¼ 1

N

XN
i¼1

�
li � jRXij

li

�
: (14)

2.3.3 Entropy Computation

The fuzzy-rough entropy measure is computed as

H ¼ �
X2
i¼1

�ilog2�i: (15)

2.4 Ranking and Selection of miRNAs Using FREM

The block diagram for ranking and selection ofmiRNAsusing
FREM is shown in Fig. 2 and the detail steps of ranking and
selection ofmiRNAs using FREMare presented in Table 1.

In our investigation the aim is to select the miRNAs with
lower fuzzy-rough entropy value. While lower entropy in
relevance computation refers to the lesser overlapping
between normal and cancer expressions of a miRNA, in
redundancy computation it refers to the less similarity
between two miRNAs. In other words, relevant miRNAs
indicate those miRNAs whose expressions are highly corre-
lated with the class labels, whereas redundant miRNAs
refer to those miRNAs which are highly correlated with one
or more miRNAs. In our methodology, first the relevant
miRNAs are selected to obtain the best accuracy and then
redundant miRNAs are removed to reduce the biochemical
and computational costs. As the redundant miRNAs are
almost similar in nature, presence of all of them in general
does not provide additional capability, as compared to one
of them, in classifying an unknown miRNA. Further, if a
certain redundant miRNA helps in the classification process
then removal of it may decrease the overall accuracy rather
than increasing it. So, selection of relevant miRNAs (i.e.,
removal of irrelevant miRNAs) increases accuracy and
removal of redundancies helps to decrease biochemical and
computational costs rather than increase in accuracy.

2.5 Histogram Based Patient Selection and Ranking
of miRNAs (HFREM)

In a part of our investigation we have used a subset of
patients instead of using all the patients during the compu-
tation of FREM. Some times it may happen that the number

of patients is large for a data set. In this scenario we can use
a reduced set of patients for miRNA ranking to decrease the
computational costs. However it is possible for any miRNA
to be expressed with wide range of values corresponding to
different patients. Therefore the frequency of occurrence of
expression values is important to take care during patient
selection. So, consideration of the said frequency in patient
selection seems to be more appropriate than excluding the
patients randomly or eliminating the high or low expression
values. Consequently, a histogram based method can help
in this regard. Histogram is a well known method for esti-
mating the frequency of occurrence of any numerical data
and widely used in the area of image processing. In few
studies [31], [32], related to the analysis of DNA and gene, it
is used to visualize various biological information. In our
investigation histogram is used for selecting patients by
considering the frequency of occurrence of their expression
values. For a particular miRNA, each group of expressions
(collected either from normal or cancer patient) are divided
into

ffiffiffi
n

p
number of bins (where n is the number of patients

in each class) to construct two different histograms. Figs. 3a
and 3b show such histograms for the miRNA hsa-let-7c
using its 22 normal and 136 cancer patients. For normal
patients the number of bins is five having patients 2, 2, 2, 7
and 9 in different bins. For cancer patients the number of
bins is 12 and the numbers of patients are 2, 2, 8, 14, 11, 61,
30, 0, 7, 0, 0 and 1 in various bins. Now for the same miRNA

TABLE 1
Summary of the Proposed Method for Ranking of miRNAs

Step 1 For a particular miRNA compute the member-
ship values of its expressions to normal &
cancer groups using Eq. (5).

Step 2 Compute memberships to lower & upper approx-
imate regions of normal & cancer classes
of that miRNA by using Eqs. (6), (7), (8), and (9).

Step 3 Calculate average relative frequencies of lower
approximate and overlapping regions of the
miRNA using Eqs. (10), (11), (12), (13), and (14).

Step 4 Compute fuzzy-rough entropy of the miRNA
using Eq. (15)

Step 5 Repeat Steps 1-4 for all the miRNAs and sort
them in ascending order according to FREM.

Step 6 Select the desired percentage from the top ranked
miRNAs and consider them as relevant ones. From
them remove the redundant ones, if required,
using the following steps.

Step 7 Consider two miRNAs, along with their expres-
sions, as two different groups.

Step 8 Compute themembership (Eq. (5)) of each expres-
sion to both the groups, as formed in Step 7.

Step 9 Compute memberships of expressions to lower &
upper approximate regions (using Eqs. (6), (7),
(8), and (9)) of the two classes corresponding to
two miRNAs..

Step 10 For a particular miRNA, compute its FREM val-
ues with respect to all others
in the similar way, as mentioned in Steps 3-4.

Step 11 Compute the average of all those FREM values.
This determines the redundancy of the
concerned miRNA.

Step 12 Repeat Steps 7-11 for all the selected miRNAs in
Step 6, and remove the ones with higher
redundancy, as per the need.
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(hsa-let-7c) we select 50 percent of patients from each bin of
both the histograms, (Figs. 3a and 3b) and the results are
shown in Figs. 4a and 4b. It can be observed from the figures
that while the number of patients in each bin is changing
after the selection procedure the pattern of the histogram is
remaining the same after the process. In this histogram based
patient selection process the number of selected patients cor-
responding to each miRNA can be different. The steps for
the procedure are as follows.

S1) Divide the expression values of each type of patients
into

ffiffiffi
n

p
number of bins. Where n is the number of

patients in each class (normal or cancer).
S2) Select a parentage (say p) of top expressions values,

arranged in descending order, from each bin of a his-
togram to construct the group containing a reduced
set of expressions corresponding to each miRNA.

S3) Compute FREM for each miRNA by considering two
classes, i.e., normal and cancer (see Sections 2.2, 2.3,
2.3.1, 2.3.2, and 2.3.3).

S4) Select a subset of miRNAs from the whole set (see
Section 2.4)

2.6 Illustrative Example

Let us take an example to showhow the relevance of amiRNA
can be determined by computing FREM. Consider miR1 is a
miRNA and there are three normal and four cancer patients
in the data set. Let us say the values of expressions corre-
sponding to the normal samples P1, P2 & P3 are 10, 9 & 11 and
those of the cancer patients P 0

1, P
0
2, P

0
3 & P 0

4 are 14, 13, 20 & 17.
The steps for computing FREM are given below. The com-
puted values are rounded off up to the two decimal positions.

2.6.1 Compute Membership Values of miRNA

Expressions

For a particular miRNAmiR1, the fuzzy membership values
of all the expressions corresponding to all the patients for
normal group are computed using Eq. (5) as
1:00
P1

þ 0:87
P2

þ 0:83
P3

þ 0:37
P 0
1
þ 0:50

P 0
2
þ 0:29

P 0
3
þ 0:13

P 0
4
, and for the cancer

group those are 0:00
P1

þ 0:13
P2

þ 0:17
P3

þ 0:67
P 0
1
þ 0:50

P 0
2
þ 0:71

P 0
3
þ 0:87

P 0
4
. Here

0þ0 indicates the fuzzy union operator.

2.6.2 Defining Lower and Upper Approximations

In this section we will compute the membership values of
the expressions belonging to lower and upper approxima-
tions in both the classes. The steps are as follows:

i) As the set of crisp decision variables represent the
normal and cancer classes/sets, the membership val-
ues (crisp) of the patients (P1, P2, P3, P

0
1, P

0
2, P

0
3 & P 0

4)

representing the normal class are 1
P1

þ 1
P2
þ 1

P3
þ 0

P 0
1
þ

0
P 0
2
þ 0

P 0
3
þ 0

P 0
4
and for the cancer class those values are

0
P1

þ 0
P2

þ 0
P3

þ 1
P 0
1
þ 1

P 0
2
þ 1

P 0
3
þ 1

P 0
4
.

ii) Using fuzzy-rough set, the membership values of the
expressions (corresponding to different patients)
belonging to lower and upper approximation (see
Eqs. (6), (7), (8), and (9)) of normal class are calcu-
lated as

min

��
1:00

P1
þ 0:87

P2
þ 0:83

P3
þ 0:37

P 0
1

þ 0:50

P 0
2

þ 0:29

P 0
3

þ 0:13

P 0
4

	
;

�
1:00

P1
þ 1:00

P2
þ 1:00

P3
þ 0:00

P 0
1

þ 0:00

P 0
2

þ 0:00

P 0
3

þ 0:00

P 0
4

	


¼ 1:00

P1
þ 0:87

P2
þ 0:83

P3
þ 0:00

P 0
1

þ 0:00

P 0
2

þ 0:00

P 0
3

þ 0:00

P 0
4

;

and

max

��
1:00

P1
þ 0:87

P2
þ 0:83

P3
þ 0:37

P 0
1

þ 0:50

P 0
2

þ 0:29

P 0
3

þ 0:13

P 0
4

	
;

�
1:00

P1
þ 1:00

P2
þ 1:00

P3
þ 0:00

P 0
1

þ 0:00

P 0
2

þ 0:00

P 0
3

þ 0:00

P 0
4

	


¼ 1:00

P1
þ 1:00

P2
þ 1:00

P3
þ 0:37

P 0
1

þ 0:50

P 0
2

þ 0:29

P 0
3

þ 0:13

P 0
4

;

respectively.
iii) Similarly, for cancer class all the membership values

of the patients belonging to lower approximation are
0
P1

þ 0
P2

þ 0
P3

þ 0:67
P 0
1
þ 0:50

P 0
2
þ 0:71

P 0
3
þ 0:87

P 0
4

and those values

belonging to upper approximation are
0:00
P1

þ 0:13
P2

þ 0:17
P3

þ 1
P 0
1
þ 1

P 0
2
þ 1

P 0
3
þ 1

P 0
4
.

2.6.3 Calculation of Relative Frequency

The relative frequency of miR1 belonging to lower approxi-
mation (see Eq. (11)) in normal and cancer classes are
ð1þ:87þ:83Þ

3 ¼ 0:90 and ð0:67þ0:50þ0:71þ0:87Þ
4 ¼ 0:69, respectively.

So, the average relative frequency belonging to the lower

approximation is ð0:90þ0:69Þ
2 ¼ 0:79 (see Eq. (12)). Similarly the

average relative frequency belonging to the overlapping

Fig. 3. Histograms of expressions for miRNA hsa-let-7c using normal
and cancer patients in pancreas data.

Fig. 4. Histograms of expressions for miRNA hsa-let-7c using normal
and cancer patients in pancreas data after selecting 50 percent patients
from each bin as shown in Fig. 3.
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region is 1
2 	

� ð3�ð1þ:87þ:83ÞÞ
3 þ ð4�ð0:67þ0:50þ0:71þ0:87ÞÞ

4

� ¼ 0:21

(see Eq. (14)).

2.6.4 Entropy Computation

The entropy (Eq. (15)) of miR1 can be calculated as �½0:79	
log2ð0:79Þ þ 0:21	 log2ð0:21Þ� ¼ 0:74. The value is used to
determine its relevance where a lower entropy indicates
higher relevance. In a similar way, entropy of the other miR-
NAs can be computed to determine their relevance.

2.7 Properties of FREM

Here we present some basic properties of the proposed
entropy measure and its components, as follows:

i) The variable �1 (see Eq. (12)) can take any value from
greater than 0 to 1. In other words

�1 2 ð0; 1�: (16)

In our investigation mYiðujÞ > 0 for at least one
group Yi (considering there is at least one element in
the universe of discourse). So in this caseMiðujÞ ¼ 0,
only when mXi

ðujÞ ¼ 0 for all Xi (see Eq. (8)). This is

only possiblewhenXi ¼ f for all i, which is not possi-
ble as we are not considering any empty classes.
Therefore for any classXi, mXi

ðujÞ 6¼ 0 and li > 0 for

at least one value of i. So from Eqs. (8) and (10) it can
be said that jRXij > 0 for least one i. From Eq. (11) it
can be observed that �i > 0 as li > 0 for at least one
Xi and hence �1 (see Eq. (12)) is always greater than 0.

As mentioned earlier li is the number of elements
in RXi with nonzero membership, therefore
jRXij � li (see Eq. (11)). Further, from Eq. (11) it can

be said that �i � 1
N. Hence �1 � 1 (see Eq. (12)).

ii) The summation of the two variables �1 (Eq. (12)) and
�2 (Eq. (14)) results in 1

�1 þ �2 ¼ 1: (17)

Combining Eqs. (11), (12) and (14) we get

�1 þ �2 ¼ 1

N

XN
i¼1

jRXij
li

þ 1

N

XN
i¼1

�
li � jRXij

li

�

¼ 1

N

XN
i¼1

jRXij
li

þ 1

N

XN
i¼1

�
1� jRXij

li

�

¼ 1

N

XN
i¼1

jRXij
li

þ 1

N
	N � 1

N

XN
i¼1

� jRXij
li

�

¼ 1:

iii) The value of H (see Eq. (15)) varies from 0 to 1, i.e.,

0 � H � 1: (18)

In our problem

H ¼ �½�1log2ð�1Þ þ �2log2ð�2Þ�: (19)

Here �1 þ �2 ¼ 1, therefore according to the theory
of entropy 0 � H � 1.

3 EXPERIMENTAL RESULTS

Six data sets, viz., breast [4], colorectal [5], lung [6], mela-
noma [16], pancreas [33] and nasopharyngeal [34] are used
to test the performance of FREM. The summary of the used
data sets is presented in Table 2. From the table it can be
observed that the breast, colorectal, lung, melanoma, pan-
creas cancer and nasopharyngeal carcinoma data sets consist
of 98 (five normal and 93 cancer), 66 (eight normal and 58
cancer), 36 (19 normal and 17 cancer), 57 (22 normal and 35
cancer), 158 (22 normal and 136 cancer) & 50 (19 normal and
31 cancer) samples (patients) and 309, 352, 866, 866, 847 and
887miRNAs, respectively.

The performance of the miRNAs selected by different
methods is evaluated in terms of sensitivity, specificity,
accuracy, F score and Mathews Correlation Coefficient
(MCC) [35] using SVM and Naive Bayes classifiers. The
training and testing are preformed on the basis of leave one
out cross validation principle. The measures sensitivity,
specificity and F scores are defined as

Sensitivity ¼ true positivesðTP Þ
true positivesðTNÞ þ false negativesðFNÞ ;

(20)

Specificity ¼ true negativesðTNÞ
true negativesðTNÞ þ false positivesðFNÞ and

(21)

F ¼ 2	 Sensitivity	 Specificity

Sensitivityþ Specificity
: (22)

Here, the true positive refers to the number of correctly
detected cancer miRNA expressions and false negative
refers to the number of undetected cancer miRNA expres-
sions, for a cancer sample. True negative implies the num-
ber of correctly detected normal miRNA expressions and
false positive implies the wrongly detected cancer miRNA
expressions (i.e., detected as cancer expressions, but actu-
ally they are normal expressions), for a normal sample. The
accuracy is calculated as

Accuracyð%Þ ¼ No: of correctly classified samples

Total samples
	 100:

(23)

TABLE 2
Summary of the Data Sets

Cancer
Type

Total
No: of

miRNAs

No: of
Normal
Patients

No: of
Cancer
Patients

Breast 309 5 93
Colorectal 352 8 58
Lung 866 19 17
Melanoma 864 22 35
Pancreas 847 22 136
Nasopharyngeal 887 19 31
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The MCC is defined as

MCC ¼ TP 	 TN � FP 	 FNffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiðTP þ FP ÞðTP þ FNÞðTN þ FP ÞðTN þ FNÞp ;

(24)

where, the TP, TN, FP and FN are the same to those defined
in Eqs. (20) and (21). The value of MCC lies between �1 to
+1. A MCC value greater than zero indicates that the predic-
tion capability is better than random prediction.

3.1 Performance Evaluation

In this section we evaluate the efficacy of our method based
on the aforementioned measures. As removal of redundant
miRNAs is optional in the proposed methodology, we used
the selected miRNAs (i.e., most relevant miRNAs) in vari-
ous performance evaluation process. Table 3 shows the F
score values obtained by SVM and Naive Bayes classifiers
for all the input miRNAs and 1 percent of the top
ranked miRNAs corresponding to different data sets. It
is clear from the table that the F score values are consid-
erably improved for the selected miRNAs as compared
to the total set of miRNAs. For example using colorectal
cancer data set, with 66 patients, only 4 miRNAs are
selected out of 352 miRNAs which improve the F score
value from 0.61 to 0.91 and 0.66 to 0.91 for SVM and
Naive Bayes classifiers, respectively. Similar results are
obtained for other data sets also. In addition to the F
score, we evaluated the classification performance
achieved by these top 1 percent miRNAs in terms of sen-
sitivity, specificity, accuracy & MCC value. The results
regarding this evaluation are reported in Table 4.

It is observed that the sensitivity, specificity and accuracy
achieved by our method vary from 0.60 to 0.92, 0.81 to 0.91

and 71.33 to 91.02 percent, respectively, using SVM classifier.
Similarly, using Naive Bayes classifier, these three measures
(sensitivity, specificity and accuracy) vary from 0.64 to 0.99,
0.81 to 0.93 and 72.78 to 94.11 percent, respectively, depend-
ing on the different data sets. Using SVM and Naive Bayes
classifiers the corresponding MCC values range from 0.45 to
0.82 and 0.46 to 0.88 for various data sets. The effectiveness
of the redundancy removal technique is demonstrated on
top 10 percent miRNAs, as an example. According to our
method first we selected the relevant miRNAs then removed
a percentage (e.g., 20 percent) of redundant miRNAs from
the selected set. The results regarding the redundancy
removal technique are reported in Table 5. From the table it
can be observed that even after 20 percent removal of the
redundant miRNAs (i.e., 80 percent are remaining) the F
score value are remaining almost the same for all the data
sets, using both the classifiers. For example, in colorectal can-
cer data set, 28 miRNAs out of 35 miRNAs are selected after
redundancy removal. As seen, the F score value with the 80
percent miRNAs are changed from 0.84 to 0.83 for SVM and
that is remaining the same for Naive Bayes classifier.

3.2 Results Using HFREM

The results using our histogram based patient selection and
ranking of miRNAs using HFREM are reported here. The
related curves (using SVM classifier) are shown in the
Fig. 5. We varied the percentage of selected patients in each
bin (see Section 2.5) from 10 to 100 percent in steps of 10.
For most of the data sets the F -scores are close to the best
value when the number of selected patients from each bin
of the histogram is 60 percent of the bin size or more, except
for breast cancer where the F score is close to the best near
90 percent of the bin size. For example, in Nasopharyngeal

TABLE 3
F Scores of the Selected miRNAs for Various Data Sets

Using SVM and Naive Bayes Classifiers

Cancer
Type

Total
Samples/
Patients

Total miRNAs
(no. and F score)

Selected top ranked
miRNAs (1%) (no.

and F score)

No. SVM Naive
Bayes

No. SVM Naive
Bayes

Breast 98 309 0.60 0.69 3 0.88 0.92
Colorectal 66 352 0.61 0.66 4 0.91 0.91
Lung 36 866 0.52 0.53 9 0.82 0.83
Melanoma 57 864 0.61 0.62 9 0.89 0.89
Pancreas 158 847 0.62 0.68 8 0.91 0.94
Nasopharyngeal 50 887 0.31 0.31 9 0.70 0.72

TABLE 4
Classification Performance of the Selected miRNAs for Various Data Sets Using SVM and Naive Bayes Classifiers

Classifier Performance Breast Colorectal Lung Melanoma Pancreas Nasopharyngeal

SVM

Sensitivity 0.85 0.91 0.87 0.89 0.92 0.60
Specificity 0.90 0.91 0.81 0.88 0.90 0.83

Accuracy (%) 87.74 90.78 83.81 88.79 91.02 71.33
MCC 0.75 0.81 0.68 0.77 0.82 0.45

Naive
Bayes

Sensitivity 0.99 0.96 0.86 0.92 0.95 0.64
Specificity 0.85 0.87 0.79 0.85 0.93 0.81

Accuracy(%) 92.50 91.59 82.90 88.70 94.11 72.78
MCC 0.86 0.83 0.66 0.78 0.88 0.46

TABLE 5
Classification Performance After Redundancy Removal

from the Selected Set of Relevant miRNAs

Cancer
Type

Before Redundancy
Removal

After Redundancy
Removal

No. of
miRNAs

F score No. of
miRNAs

F score

SVM Naive
Bayes

SVM Naive
Bayes

Breast 31 0.77 0.83 26 0.77 0.83
Colorectal 35 0.84 0.85 28 0.83 0.85
Lung 86 0.72 0.68 70 0.71 0.66
Melanoma 86 0.82 0.84 70 0.82 0.84
Pancreas 85 0.81 0.91 68 0.79 0.91
Nasopharyngeal 89 0.54 0.67 71 0.52 0.68
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data the F score increases from 0.67 to 0.70 when the per-
centage of selected patients is increased from 60 to 100 per-
cent from each bin of the two histograms (normal & cancer).

3.3 Comparison with Other Approaches

In this section we compare the performance of our method
with several well known methods for gene selection. The
methods considered are SVMRFE [17], MRMR [18],
SVMRFE with MRMR [19] and the method in [28] using
fuzzy mutual information (FMI), fuzzy V information (FVI)

and fuzzy x2 information (FCI) measures.

3.3.1 Comparison Using Variable Number of miRNAs

The performance of FREM with that of related algorithms is
compared by varying the number of selected miRNAs.
Here the percentage of top miRNAs is varied from 1 to 50.
Comparison is made in terms of classification capability (F
score) of the selected miRNAs. The experimental results
using SVM are shown in Figs. 6a, 6b, 6c, 6d, 6e, and 6f. We
have choosen 1, 5 and 10 percent of top ranked miRNAs,
initially, and then increased the percentage in steps of 10. It
can be observed from the figures that our algorithm per-
forms best with 1 percent of the top ranked miRNAs as
compared to higher percentage of miRNAs. Our algorithm
also outperforms other methods with 1 percent of the top
ranked miRNAs. For example, in the case of breast cancer
data set FREM achieves F score 0.88 whereas the next high-
est F score (0.77) is achieved by FMI.

3.3.2 Comparison of Sensitivity, Specificity,

and F Score

In addition to the comparisons in terms of F score, as shown
in Section 3.3.1 we also compared FREM with related meth-
ods in terms of sensitivity and specificity using top 1 percent
of the rankedmiRNAs and the results are reported in Table 6.
The best results aremarked by bold font in the table.

It is observed that for FREM sensitivity varies from 0.60
(Nasopharyngeal) to 0.92 (Pancreas), specificity ranges from
0.81 (Lung) to 0.91 (Colorectal) and F score varies between
0.70 (Nasopharyngeal) and 0.91 (Colorectal & Pancreas) for
different data sets. Further, FREM performs the best in
terms of sensitivity and specificity for all the data sets

except for the nasopharyngeal data set in the case of sensi-
tivity. While for nasopharyngeal data set the sensitivity for
FREM is 0.60 as compared to 0.85 of SVMRFE, the specificity
value corresponding to SVMRFE is 0.36 which is lower than
the performance of a random prediction. In contrast, the
specificity value of FREM using this data set is 0.83 which is
the highest and much superior to that of SVMRFE. The sec-
ond highest specificity for Nasopharyngeal data set is
jointly achieved by FMI and FCI (0.64) which is also consid-
erably less than that of FREM.

3.3.3 Comparison with Some Recent Methods

The proposed FREM is also compared with some recent
investigations such as the methods (Overlap-prob technique,
Overlap technique & Overlap2 technique) in the article [20],
null space based feature selection (NSBFS) [21], correlation &
particle swarm optimization (PSO) [22] and consistency based
ranking & interact [26]. In the investigation in [26], it is shown
that consistency-based ranking & interact method perform
better thanmany algorithms. We evaluated all the mentioned
methods in terms of sensitivity, specificity and F score using
SVM classifier and the results are reported in Table 7. It is
observed from the table that FREMperforms the best in terms
of sensitivity, specificity and F score for all the cases except (i)
for breast data where Overlap-prob, Overlap, techniques
show the best performance in terms of specificity, (ii) lung
data where Overlap-prob, Overlap and Overlap2 techniques
perform the best in terms of sensitivity, and (iii) for nasopha-
ryngeal cancer where Overlap technique performs the best in
terms of specificity than FREM. In other words, in 15 out of 18
cases (3 measures 	 6 data sets 	 1 classifier) our method
shows superior performance to the other methods. For each
of the measures and data sets the best result obtained by any
method ismarked by bold font. Overlap technique is found as
the second best method which performs superior in 4 out of
18 caseswhere, one of those results is jointly best with FREM.

3.3.4 Cross Validation by Excluding the Test Sample

During Ranking

In a part of our experiment we performed miRNA ranking
by only using the training samples, i.e, we performed leave
one out cross validation by removing the test sample from
the set of samples used for miRNA ranking. This procedure
helps in preventing the selection bias which could lead to
underestimated error rates.

The cross validation procedure is used on top two selec-
tion methods i.e., FREM and overlap technique. The results
corresponding to this experiment are reported in Table 8.
From the table it is clear that the classification performance
of FREM is the best in all the cases except for specificity in
lung and nasopharyngeal cancer data. Further, by compar-
ing the results of Table 8 with those of Table 7 it is observed
that for FREM and Overlap the values of different measures
in Table 8 are decreased by amounts of 0.06 and 0.26,
respectively, on an average.

4 DISCUSSION

As mentioned earlier, the objective of the investigation is to
rank the miRNAs as per their relevance to a particular cancer.
The method is based on fuzzy rough entropy measure. In our

Fig. 5. Testing the performance of HFREM by selecting variable percent-
age of patients from the bins of the histograms.
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problem domain all the patients have a particular class label.
Therefore, the decision variable corresponding to any patient
can be represented by themembership value either 1 or 0with
respect to a particular class. So the set of decision variables
turns out to be a crisp set and two crisp sets/class (normal
and cancer) construct the universal set. As we do not know
which miRNAs are responsible for cancer, labels of miRNAs
are unknown. However, we can use patient information (nor-
mal and cancer) to create two groups of expressions corre-
sponding to each miRNAs. The elements (i.e., miRNA
expressions) of these two groups can overlap with each other

and can have fuzzy membership (varying between [0, 1]). As
the decision variables are crisp and the expression values con-
stitute fuzzy groups, fuzzy-rough set theoretic approach
would bemore appropriate than only crisp or fuzzy approach
to handle the problem ofmiRNA ranking.

In information theory, entropy measure is used to calcu-
late the uncertainty of an element belonging to a class. In
our problem domain, it can be utilized for checking the
uncertainty caused by a miRNA in belonging to normal or
cancer class. However, entropy measure in crisp domain
cannot handle the uncertainty arising from overlapping

Fig. 6. Comparison among various selection methods in terms of F score for different percentages of miRNAs using SVM classifier.
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class boundaries which can be tackled by incorporation of
fuzziness in the entropymeasure. Moreover incorporation of
lower and upper approximation of rough set theory would
further help in determining the exactness in the size of the
class. The miRNAs are sorted in ascending order according

to their FREM value and the miRNAwith the lowest value is
considered as the best one. After ranking a percentage from
the top of the list is selected for further operations.

After the selection of relevant miRNAs, redundant miR-
NAs can be removed from the selected set to reduce the cost
of biochemical tests required to generatemiRNA expressions
for an unknown patient. In calculating redundancy we can
apply the same approach of FREMby considering two differ-
ent miRNAs as two classes and then computing the entropy.
The average entropy of a miRNA with respect to all other is
used as redundancy value of that miRNA. This principle and
methodology can be used to multi-class problems as well. In
a part of our investigation we developed a histogram based
patient selection technique to test the performance of FREM
with reduced set of patients; thereby making the histogram
based fuzzy-rough entropy measure (HFREM) suitable for
rankingmiRNAswith large number of patients.

TABLE 6
Comparison of Sensitivity, Specificity, and F Score Achieved

by Some Existing miRNA/Gene Selection Methods
Using SVM Classifier

Method Measures Breast Colorectal Lung Melanoma Pancreas Naso-

pharyngeal

FREM

Sensitivity 0.85 0.91 0.87 0.89 0.92 0.60

Specificity 0.90 0.91 0.81 0.88 0.90 0.83

F Score 0.88 0.91 0.83 0.89 0.91 0.70

SVMRFE

Sensitivity 0.60 0.67 0.60 0.66 0.65 0.85

Specificity 0.60 0.56 0.60 0.62 0.70 0.36

F Score 0.60 0.61 0.60 0.64 0.67 0.51

MRMR

Sensitivity 0.73 0.70 0.73 0.80 0.69 0.74

Specificity 0.65 0.68 0.72 0.76 0.74 0.50

F Score 0.69 0.69 0.72 0.78 0.72 0.59

SVMRFE Sensitivity 0.59 0.66 0.71 0.78 0.69 0.72

with Specificity 0.75 0.66 0.71 0.76 0.71 0.50

MRMR F Score 0.66 0.66 0.71 0.77 0.70 0.55

FMI

Sensitivity 0.75 0.77 0.82 0.88 0.76 0.70

Specificity 0.80 0.83 0.77 0.72 0.82 0.64

F Score 0.77 0.80 0.79 0.80 0.79 0.67

FVI

Sensitivity 0.65 0.71 0.77 0.82 0.72 0.61

Specificity 0.77 0.78 0.71 0.72 0.82 0.61

F Score 0.70 0.74 0.74 0.77 0.77 0.61

FCI

Sensitivity 0.67 0.74 0.77 0.82 0.76 0.70

Specificity 0.75 0.78 0.74 0.72 0.79 0.64

F Score 0.71 0.76 0.76 0.77 0.78 0.67

The best results are marked by bold font.

TABLE 7
Comparison of Sensitivity, Specificity, and F Score with Some

Recent Investigations Using SVM Classifier

Method Measures Breast Colorectal Lung Melanoma Pancreas Naso-

pharyngeal

FREM

Sensitivity 0.85 0.91 0.87 0.89 0.92 0.60

Specificity 0.90 0.91 0.81 0.88 0.90 0.83

F Score 0.88 0.91 0.83 0.89 0.91 0.70

Overlap-prob

technique

Sensitivity 0.75 0.80 0.99 0.57 0.91 0.53

Specificity 0.99 0.87 0.23 0.66 0.89 0.75

F Score 0.85 0.83 0.38 0.61 0.90 0.62

Overlap

technique

Sensitivity 0.76 0.87 0.99 0.82 0.90 0.53

Specificity 0.99 0.90 0.23 0.86 0.90 0.85

F Score 0.86 0.88 0.37 0.84 0.90 0.66

Overlap2

technique

Sensitivity 0.82 0.89 0.99 0.82 0.90 0.58

Specificity 0.70 0.91 0.23 0.86 0.90 0.82

F Score 0.75 0.90 0.38 0.84 0.90 0.68

NSBFS

Sensitivity 0.65 0.62 0.59 0.66 0.73 0.44

Specificity 0.40 0.71 0.67 0.58 0.78 0.74

F Score 0.49 0.67 0.63 0.62 0.76 0.56

PSO

Sensitivity 0.82 0.85 0.80 0.81 0.86 0.47

Specificity 0.93 0.90 0.71 0.82 0.84 0.78

F Score 0.86 0.87 0.75 0.81 0.85 0.58

Consistency

based

ranking

Sensitivity 0.58 0.53 0.78 0.60 0.50 0.33

Specificity 0.75 0.59 0.61 0.63 0.52 0.71

F Score 0.66 0.56 0.69 0.62 0.51 0.45

Interact

Sensitivity 0.80 0.76 0.56 0.83 0.86 0.47

Specificity 0.65 0.81 0.52 0.80 0.89 0.80

F Score 0.72 0.78 0.54 0.81 0.87 0.59

The best results are marked by bold font.

TABLE 8
Classification Performance of the Selected miRNAs Using SVM

Data set Performance
Methods

FREM Overlap
technique

Breast

Sensitivity 0.85 0.82
Specificity 0.80 0.80
F score 0.83 0.81

Colorectal

Sensitivity 0.89 0.25
Specificity 0.78 0.75
F score 0.83 0.37

Lung

Sensitivity 0.75 0.20
Specificity 0.71 0.76
F score 0.73 0.32

Melanoma

Sensitivity 0.85 0.50
Specificity 0.81 0.40
F score 0.83 0.44

Pancreas

Sensitivity 0.90 0.33
Specificity 0.87 0.64
F score 0.89 0.44

Nasopharyngeal

Sensitivity 0.54 0.20
Specificity 0.75 0.92
F score 0.63 0.33

The selection is performed using the training set only. The best results are
marked by bold font.

TABLE 9
Selected miRNAs for Different Data Sets

Breast Colorectal Lung

hsa-let-7d
hsa-miR-193a hsa-miR-30a-5p hsa-miR-423-5p

hsa-let-7f
hsa-miR-378 hsa-miR-140-3p

hsa-miR-30d hsa-miR-98
hsa-miR-195 hsa-miR-195

hsa-miR-126
hsa-miR-142-3p hsa-miR-422a hsa-miR-20b

hsa-let-7e

Melanoma Pancreas Nasopharyngeal

hsa-miR-17 hsa-miR-200c hsa-miR-638
hsa-miR-664 hsa-miR-30c hsa-miR-762
hsa-miR-145 hsa-miR-181b hsa-miR-1915
hsa-miR-422a hsa-miR-30b hsa-miR-135a
hsa-miR-216a hsa-miR-130a hsa-miR-1275
hsa-miR-186 hsa-miR-216b hsa-miR-940
hsa-miR-1301 hsa-miR-148a hsa-miR-572
hsa-miR-328 hsa-miR-130b hsa-miR-29c
hsa-let-7d hsa-miR-548q
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We checked the involvement of the top 1 percent miRNAs
(see Table 9), ranked by the proposed method, in related

cancers. The relevance of the selected miRNAs to a cancer
is investigated by using two publicly available pathway
analysis tools, DIANA [36] and Starbase [37]. These tools
are capable to find out the the target genes of a miRNA
responsible for cancer development. These tools also pro-
vide a merged p-value [36] of a miRNA corresponding to
its target genes. The miRNAs identified by FREM, their
target genes and p-values are reported in Table 10. Using
these pathway analysis tools, while 7 out of 8 miRNAs
are found to be relevant for pancreas cancer data set, for
lung cancer data set 8 out of 9 miRNAs are found to be
relevant. Interestingly all the selected miRNAs are found
as relevant ones for breast, colorectal, and melanoma data
set. As an example we can consider lung cancer data set
where the miRNA hsa-let-7f targets CCND1 gene (p-value
0.001) and causes uncontrolled cell division. Similar
results can be observed for other data sets also.

As none of the miRNAs in nasopharyngeal carcinoma,
hsa-miR-423-5p in lung cancer and hsa-miR-216b in pan-
creas cancer data sets is identified as involved in any path-
ways by pathway analysis tools, the role of these
miRNAs in cancer is searched through various biological
investigations. The miRNA hsa-miR-423-5p is identified
as a responsible miRNA for lung cancer in the investiga-
tion in [6] and hsa-miR-216b is reported as a relevant
one for pancreas cancer in [38], which corroborate with
our investigation. Similarly miRNAs (out of 9) hsa-miR-
548q, hsa-miR-1915, hsa-miR-572, hsa-miR-762, hsa-miR-
638 and hsa-miR-135a are found as relevant miRNAs for
nasopharyngeal cancer in the investigation [34]. As
reported in [39] the miRNA hsa-miR-940 is responsible
for nasopharyngeal cancer which controls the Nestin
protein level to regulate the cell growth and death. Fur-
ther, two remaining miRNAs, hsa-miR-29c and hsa-miR-
1275 are reported as the important biomarkers for naso-
pharyngeal cancer in the investigations [40] and [41],
respectively, which shows similarity with our study.

5 CONCLUSION

A fuzzy-rough entropy measure is proposed for ranking
miRNAs with respect to their relevance to cancers. The
computation of FREM consists of three steps, viz., calculat-
ing membership of the expression values belonging to the
lower and upper approximations of both the classes (normal
and cancer), computing relative frequency in lower approxi-
mation and overlapping region, and determining entropy.
Relevance of each miRNA is determined by the FREM
between its two classes, normal and cancer. Then miRNAs
are sorted in the ascending order and a percentage of top
miRNAs is selected from the ranked list. The redundant
miRNAs are removed from the selected set according to the
necessity. The selected miRNAs are found to be relevant
according to two publicly available pathway analysis tools
or related biological investigations.

The classification accuracy (in terms of F score) of the
miRNAs selected by FREM varies from 0.70 to 0.91 (when
SVM is used as the classifier) and 0.72 to 0.94 (when Naive
Bayes classifier is used as the classifier) which are superior
to some existing methods in most of the cases. Superiority
of FREM is also observed in terms of sensitivity, specificity
and F score when it is compared with several classical and

TABLE 10
Pathway Analysis of Selected miRNAs Using DIANA/Starbase
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recent methods. Moreover, we tested our method by per-
forming the ranking process only on the training samples.
In other words, the test sample is kept outside from the set
of samples used during ranking. Using SVM classifier sensi-
tivity, specificity and F score values obtained by this proce-
dure vary from 0.54 to 0.90, 0.71 to 0.87 and 0.63 to 0.89,
respectively, depending on various data sets.

The histogram based patient selection method is devel-
oped to reduce the number of patients before computing
relevance of the miRNAs using FREM. For most of the data
sets the corresponding F scores are almost the same with
those obtained after removal of 40 percent patients using
our histogram based process. In the future, numerous
experiments on patients, involving miRNAs, are likely to be
appended to the same existing miRNAs and under that situ-
ation this technique seems to be a promising tool.

As the miRNAs selected by the FREM are also pointed
out as important by pathway analysis tool or related biolog-
ical investigations, biologists may use this method for prior
prediction of miRNAs involved in cancer. The principle and
methodology of FREM can also be applied for other diseases
where, related miRNA or gene expressions are available.
The method is also applicable for multiclass problems (e.g.,
ranking of miRNAs in terms of their relevance in normal
pancreas, pancreatitis and pancreas cancer), where more
than two classes are available for classification. The experi-
mental results on multiple data sets and similarity of the
findings with those of biological experiments reveal the
importance of the selected miRNAs using FREM.
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