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|dentifying Drug Resistant miRNAs
Using Entropy Based Ranking

Jayanta Kumar Pal*, Shubhra Sankar Ray, and Sankar K. Pal

Abstract—MicroRNAs play an important role in controlling drug sensitivity and resistance in cancer. Identification of responsible
miRNAs for drug resistance can enhance the effectiveness of treatment. A new set theoretic entropy measure (SPEM) is defined to
determine the relevance and level of confidence of miRNAs in deciding their drug resistant nature. Here, a pattern is represented by a
pair of values. One of them implies the degree of its belongingness (fuzzy membership) to a class and the other represents the actual
class of origin (crisp membership). A measure, called granular probability, is defined that determines the confidence level of having a
particular pair of membership values. The granules used to compute the said probability are formed by a histogram based method
where each bin of a histogram is considered as one granule. The width and number of the bins are automatically determined by the
algorithm. The set thus defined, comprising a pair of membership values and the confidence level for having them, is used for the
computation of SPEM and thereby identifying the drug resistant miRNAs. The efficiency of SPEM is demonstrated extensively on six
data sets. While the achieved F-score in classifying sensitive and resistant samples ranges between 0.31 & 0.50 using all the miRNAs
by SVM classifier, the same score varies from 0.67 to 0.94 using only the top 1 percent drug resistant miRNAs. Superiority of the
proposed method as compared to some existing ones is established in terms of F-score. The significance of the top 1 percent miRNAs
in corresponding cancer is also verified by the different articles based on biological investigations. Source code of SPEM is available at
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http://www.jayanta.droppages.com/SPEM.html

Index Terms—miRNA, cancer, drug resistance, fuzzy set, Z* number, entropy, histogram, granular probability, bioinformatics

1 INTRODUCTION

ONE of the important challenges in cancer research is to
provide effective treatment to the patients. Despite sub-
stantial improvement of chemotherapeutic agents in last deca-
des, drug resistance is still a challenging issue in cancer
treatment [1]. Resistance towards a drug indicates the situa-
tion when the applied drug is unable to improve the condition
of a patient. Like cancer development, the drug resistance is
also a result of the malfunctioning of intercellular processes
[1]. The main reasons of drug resistance can be pointed out as,
(i) over expression of multi drug resistance transporters (i.e.,
not allowing the medicine to enter into the effected cells), (ii)
defects in the apoptotic machinery (i.e., repairing the cell
DNA after its damage by the drug), (iii) alteration of drug
metabolism (i.e., reducing the efficacy of drugs), (iv) alteration
in drug targets & DNA repair (i.e., enhancement in damaged
DNA repairing process), and (v) disruption of redox homeo-
stasis (i.e., imbalance between cellular oxidants and antioxi-
dants, and thereby causing further tumor development). All
these issues are the result of improper cell signalling caused
by abnormal activities of MicroRNAs (miRNAs). MiRNAs are
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single-stranded non-coding RNAs of length ~ 20 nucleotides
[2], [3] which directly works on messenger RNAs (mRNAs)
and inhibit protein translation process. Several investigations
[4], [5], [6] pointed out the presence of deregulated miRNAs
in the patients who developed drug resistance. Medical prac-
titioners can provide more accurate and effective treatment to
the patients by identifying these miRNAs.

Several investigations reveal the role of different miRNAs
in drug resistance during cancer treatment. The investigation
by Kurokawa et al. [5] shows the involvement of different
miRNAs in the drug resistance of colon cancer. Various bio-
chemical procedures are used to detect and validate the miR-
NAs causing the resistance. Hierarchical clustering on the
expressions of miRNAs, involved in drug resistance, resulted
in two clusters, one for sensitive and another for resistant
patients. Hummel et al. [6] examined esophageal adenocarci-
noma (EAC) and esophageal squamous cell carcinoma
(ESCCQ) patients having both the samples (i.e., drug sensitive
and resistant). The samples were compared using microarray
technology and quantitative real-time polymerase chain reac-
tion (RT-PCR) and the responsible miRNAs were pointed out.
Three miRNAs (miR-134, miR-487b & miR-655) causing drug
resistance in lung cancer by targeting MAGI2 gene were
revealed by Kitamura et al. [7]. A comparative study between
drug sensitive and resistant ovarian cancer patients were per-
formed in [4] and 11 miRNAs were identified as the drug
resistant ones. Here, the drug resistant miRNAs were vali-
dated by RT-PCR method. The selected miRNAs were further
analyzed by Ingenuity Pathway Analysis (IPA) tool and
Kyoto Encyclopedia of Genes and Genomes (KEGG) database
for identifying pathway targets and networks, respectively.
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Breast cancer patients were examined in [8] and evidences
were found for 27 miRNAs causing drug resistance. In that
investigation miRNA microarray screening and RT-PCR were
used for experiments and validations and MiR-489 was identi-
fied as the most important miRNA for the development of
drug resistance in breast cancer patients.

Although plenty of experiments are already performed by
biochemical methods to identify the drug resistant miRNAs,
investigations based on computational prediction techniques
for this purpose are yet to be developed according to the best
of our knowledge. In these circumstances, computational
methods designed for feature/gene selection (e.g.,, SVM-RFE,
MRMR) can be used to identify/select drug resistant miR-
NAs. Next, we will discuss about some of those methods.

A method called support vector machine based recursive
feature elimination (SVM-RFE) was developed in [9] to rank
the genes as per their relevance. In some investigations such
as “Feature selection based on mutual information: Criteria
of max-dependency, max-relevance and min-redundancy”
(MRMR) [10] and “SVM-RFE with MRMR filter for gene
selection” [11], both the relevance and redundancy of the fea-
tures/genes are considered for ranking. While, the former
method uses mutual information theory, the latter one com-
bines the methods SVM-RFE and MRMR. A gene selection
algorithm was developed in [12] by extending the concept of
null linear discriminant analysis. A selection method based
on the interaction between features was developed by Boln-
Canedo et al. [13]. Although these methods exploited various
characteristics of the data sets in order to reduce the unneces-
sary features, they don’t consider the class overlapping
information during gene selection. One approach to handle
the mentioned drawback was addressed in a gene selection
method developed by Sharma et al. [14]. However the
method fails to measure the degree of class overlapping. The
problem can be solved by the concept of fuzzy set and it was
adopted by Maji and Pal [15] where three information meas-
ures were defined by fuzzy set theoretic approach to deter-
mine the relevance and redundancy of the genes. Another
important issue about the gene/miRNA selection is to handle
the unequal class sizes. In one of our previous studies [16] we
developed a method based on fuzzy rough entropy measure
which utilizes the concept of rough lower approximation to
handle the issue of different class sizes and also the concept
of fuzzy set to exploit the class overlapping information.

From the aforesaid studies it may be realized that we are
handling two attributes of a pattern (element), i.e., the feature
value/s as its measurement and the class label as the informa-
tion of its origin. Here class overlapping refers to the issue of
same or closer feature values of two patterns having different
class labels. However, these different class labels are
completely distinct from each other and there is no chance of
overlapping. So, the set of feature value/s can constitute fuzzy
set and the set of labels can constitute crisp set. However sepa-
ration of these two attributes is not possible. Literature survey
shows mainly two approaches to deal with this situation.
These are, (i) considering two sets, i.e., one for features (fuzzy)
and another for labels (crisp) [15] and (ii) using the concept of
fuzzy-rough & rough-fuzzy set [17]. In fuzzy-rough or rough-
fuzzy set, an element has two different memberships, one for
the granules and another for the set [16]. Therefore with the
help of existing techniques we can deal with only one mem-
bership of a pattern, at a time. To overcome this problem a set
is defined in this article and the concept is further extended to

TABLE 1
Summary of the Data Sets

CancerType Total No. of  No. of sensitive  No. of resistant
miRNAs patients patients
Colon [5] 723 4 4
Esophageal [6] 847 6 12
Squamous cell [6] 847 6 12
Lung [7] 751 4 4
Ovarian [4] 664 37 28
Breast [8] 2020 5 5

define an entropy measure. The main contributions of this
article can be summarized as: (i) defining a set to represent an
element by a pair of membership values, where one implies
the belongingness of the element (fuzzy membership) to any
class/set and another implies its actual class of origin (crisp
membership), (i) extending the said concept by incorporating
the confidence level of having a particular pair of membership
values and thereby defining set S, (iii) formulating granular
probability measure to determine the confidence level, (iv)
developing a method to create granules using histograms
where the histograms are generated using class spread infor-
mation and (v) finally defining an entropy based on the con-
cept of set S*. The newly defined entropy additionally
provides the level of confidence for having the computed
value of entropy. Here, the miRNAs are ranked as per the
lower entropy values (i.e., higher relevance).

The rest of the article is organized as follows. A brief
description about the used data sets are presented in Section 2
Some preliminary concepts of set and the details of the devel-
oped methods are provided in Section 3. The experimental
results on different data sets are reported in Section 4. Finally,
Section 5 concludes this investigation.

2 DATA SET

In this investigation six data sets are used to evaluate the per-
formance of SPEM. These are colon cancer [5], esophageal
adenocarcinoma [6], squamous cell carcinoma [6], lung cancer
[7], ovarian cancer [4] and breast cancer [8]. All the data sets
are available in gene expression omnibus for public access. A
brief overview of the used data set along with their source arti-
cle is provided in Table 1. Note that, in these data sets some
miRNAs are used multiple times for expression generation by
different expression detectors. The total number of miRNAs
in Table 1 also includes these repetitions.

3 METHODS

This section deals with the development of various techniques
and their judicious integration for miRNA, ranking and
thereby identifying drug resistant ones. Let us, first, briefly
describe the concepts of crisp & fuzzy sets, fuzzy membership
and Z* number before describing the developed methods.

i)  Crisp set: Consider U as a universal set and x C U. x
is called crisp set if {¢ € x:u,(¢) € {0,1}} where
Uy (¢) represents the membership of ¢ in .

ii) Fuzzy set: Let U be a universal set and x C U. ¥ is
called fuzzy set if {¢ € x : ,w;(;) € [0,1]} where w;(g‘)
represents the membership of ¢ in .

iii)  Fuzzy membership: Consider ¥; is a fuzzy set and v;
is its center, where 1 < ¢ < p and p > 2 represents
the total number of sets in the universal set U. In this
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article the membership of an element (¢) in ; is rep-
resented by 11~ (¢) and is defined as

- =1/ 3B /D, 0L w

where D represents any function for computing dis-
tance between two elements. In our investigation we
defined the mentioned function as D(a,b) = (a — b)>.
Eq. (1) has some properties such as: a) 1, (¢) € [0,1],

b) >0 1 17.(¢) = 1, &) when D(y;, ¢) decreases w5 (¢)
increases and d) if D(y;,¢) =0 then u~i(§) —1'and
" (¢) =0, Vj, wherei # j.

iv)  ZT number: Let £ be a random variable and £ € R,
where R represents the set of real numbers. A ‘Z*’
number [18] corresponding to ¢ is represented as
Zt = (u, p) where u is a fuzzy membership function
which imposes a fuzzy constraint on the values that
& may take and p is the probability distribution/den-
sity of &.

3.1 Proposed Methods
Our goal is to identify the drug resistant miRNAs and also to
determine the level of confidence in decision-making
(whether drug resistant or not) with the identified miRNAs.
In this regard, a measure called set S* based entropy (SPEM)
is defined to rank the miRNAs as per their relevance. First, the
patients corresponding to a miRNA are represented by a pair
of memberships and level of confidence for having that partic-
ular pair. Then the entropy and the confidence level for hav-
ing that entropy, for a particular miRNA, is determined using
the three mentioned values corresponding to every patient.
The miRNAs are ranked according to the obtained entropy
value in ascending order and a portion from the top of the list
is selected as the drug resistant ones. A block diagram of the
method is shown in Fig. 1. Here, S is developed by extending
another novel concept of set called S. First the rationale
behind the development of set S is stated and then the defini-
tion of the set is provided. Then the requirement of S* is dis-
cussed and its definition is provided. Finally the entropy
computation using the concept of set ST is described and
used for identifying drug resistant miRNAs.

Consider x; & x, are two fuzzy sets in the universe U, and ¢
is an element (¢ € U). Say, w5, ({) =a & 1, (£) = € represent

ps!

the membership values of ¢ in x; & X, respectlvely In classifi-
cation problems, a pattern/element can have feature/s as its
measurement and a label as the information of its origin. The
label is always fixed for any element in the same category.
However, the feature value/s corresponding to an element
can show proximity with that/those of any other elements
from different categories. For example, consider the problem
of classifying drug sensitive and resistant patients using
miRNA expressions. In this case we have two sets, one is the
sensitive patients and the another is resistant patients. Here a
sensitive patient (pattern/element) can have an expression
value (feature) which is more closer to that of resistant
patients, but still its label is always fixed (i.e., healthy). Here
the mentioned characteristic of feature value/s needs to be
handled by fuzzy set, whereas the labels should be dealt with
crisp set. Let us assume a similar condition, i.e., ¢ has a label
(x; or x,) despite having memberships in both x; & ¥,. As the
labels are suitable for dealing with crisp set, we denoted them
by the notation of crisp set (i.e., x; & x, instead of x; & x»).

Input miRNAs

Consider
sensitive and
resistant
patients:
two S+ sets

Compute

memberships
& confidence

Determine
relative frequency
in confirmed

Consider
remaining
miRNAs

Any
remaining
miRNA

Compute
entropy

& resultant

confidence

and overlapping
regions with
confidence

Sort the

miRNAs Si'slcot:
in ascending ffom the > Selected miRNAs
order using ranked list

entropy

Fig. 1. Block diagram of SPEM.

Now, considering €; > €, there can be two instances. These
are (i) ¢, > e and the label of ¢ is x; and (ii) ; > € and the
label of ¢ is x,. Since ¢; is the membership of ¢ in x;, therefore
we can mark the former instance as normal case and the latter
as abnormal case. Similar issues will also be there for ¢; < ¢s.
Therefore to represent the belongingness of a labeled element
in a set, we need a pair of memberships. One of them repre-
sents the fuzzy membership of that element in a set and
another represents the membership regarding the class label/
origin of the element. So, using only fuzzy set we cannot uti-
lize the information regarding the label or origin of an ele-
ment. The situation demands a new approach to represent the
membership of the labeled elements in an easy and conve-
nient way. In this regard we propose the concept of set .S and
itis defined in the next section (Section 3.1.1).

3.1.1 SetS

Consider ¥; is a set S in the universe U where 1 < i < p and
p > 2 represents the total number of sets in U. Say ¢; is a
labeled element (¢; € U & 1 < j <X) and comprises of two
variables v; & §; (ie., {; = (v},4;)). Here v € R (set of real num-
bers) represents the feature Value/ s of ¢, and §; (§; € {x1,
X250y Xis +o0s X ,»}) represents its label. If the memberships of v;
& §; in y; are represented by 1. (v)) & py,(8;), respectively,
then the membership of £ in ¥; can be written as

1 (85) = (1 (V) 1, (85))) 2

where, p> (v;) € [0,1] and p,,(8;) € {0,1}.

3.1.2 Computation with Set S

In this section we will discuss the computation of member-
ship values in S and also some basic operation on the set.
The meaning of all the symbols used in the definition of S
(Section 3.1.1) are also used in the following sections with
the same meaning. The basic principle for computation
with S'is given as

f[M’X: (;})} = [f{/k;l (v])}7 f{l/“Xl((S])}]’ ©)

where f represents a function.

o Determining s (vj) : The value of 1y, (v;) can be com-

puted using any fuzzy membership function such as
the function described in Eq. (1). The membership
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1, (v) represents the degree of belongingness of an
element to any S set.

e Determining s, (8;) : The value of i, (8;) can be

defined as
L J 1, if 8 = x; (i.e., the label of ¢ is x;)
P (85) = {0, otherwise ' @

Consider p =2 and X = 1. So, we have x; and x; as
two sets (5) in the universe U and during membership
computation we have to compute 1, (81) and s, (81).
Let us also consider, §; = x; (i.e., the label of ¢; is ;).
Therefore, according to Eq. (4), 1y, (81) = 1, (x1) =1
and /’LXQ(al) = My (Xl) =0.

e Cardinality: The cardinality of the set S, ¥;, can be
computed as

Ixil = Z{W‘ (¢}

N
:1
N

{ZM;, vj ZMXZ
J=1

InEq. 5) 30 o1 M (vj) represents the total belonging-

)s by (85} ([using Eq. 2]) ®)

) } [using Eq. 3]).

ness of ¢;(Vj) in X; and Z 1y, (8;) represents the
size of ¥;.

e Conditional cardinality: This measure enables us to
determine the cardinality of elements in a set with
particular label. It is represented as

PRI DETHICH] S

1<j<R 1<j<R
iy, (85)=x Iy, (85)=x

[(lray, () = )] = {

where, z € {0,1}.

In this equation « = 1 represents the cardinality of
a set with the membership of those elements whose
class label are the same as that particular class/set.
The condition x =0 implies the cardinality com-
puted by the membership of the elements with the
origin different from the considered calss/set. In
other words, the conditional cardinality helps us to
separately compute the total membership of the ele-
ments in a class/set having the same class label, and
also having different class labels.

e  Union: The union operation can be performed as

) % = ma e (61,
gx max {j j -
= {max{u; (v)}, max{su, (8;)}},Vj.

1<i<p 1<i<p

e Intersection: The intersection operation can be car-
ried out as

o
Q %= min (i (6))}, ¥ ©

= {min {uz (v)}, min (e, (8}, V).

1<i<p

e Subset: LetT bea S setin U. For any 1, Y will be called
asubset of %; (i.e, T C ;) if they satisfy the conditions

1) ez (vg) < p (v5), ¥V j and )

i) gy (vy) <y, (v)), V3. (10)

3.1.3 Confidence in Decision-Making

So far we have designed a set to handle an element having fea-
ture value/s and a label. However, the pair of membership
values in that approach (see Eq. (2)) do not estimate the level of
confidence for having the mentioned pair. To determine the
aforesaid confidence, one can compute the probability of
occurrence of an element inside the set. Definitely, frequent
occurrence increases the confidence level. However, in real life
situations it is very rare to have multiple elements with exactly
the same feature value/s. For example, in a set of drug resis-
tant cancer patients, it is nearly impossible to get multiple
patients having the same expression value. Given the circum-
stances we can consider the granules inside a set, formed by
any similarity between the elements. The elements belonging
from a bigger granule size, can be considered as more probable
ones to occur in the set. In this regard we estimated the proba-
bility of occurrence of an element according to the granule size
from which it belongs to. The probability estimated by the
mentioned procedure is named as granular probability and its
value is used as the confidence.

3.1.4  Granular Probability

Let G; be a granule inside ¥; and 7, be the number of element/
s in it, where 1 <k <7 (z < N). If {¢; = (v},8;)|n,, (8;) = 1}
and ¢; € Gy, the granular probability (o) of ¢; is computed as

Mk
Or = —x .

Z?:1 My (8]')

where, g, € [0,1] and >_;_; o = 1 and the value of t can be
different for various sets. Consequently p; represents the
granular probability for having /L;(\_(é'j) corresponding to

any ;/ As /’LA (4‘]) (
ability 1mphes the measure of confidence level, we can say
that g represents the confidence level of having the pair
1, (vj) and p,,(8;). The level of confidence is included with
the aforementioned pair in the concept of S, to make it more
informative. In our method, the confidence level (i.e., granu-
lar probability) of any pair of memberships corresponding
to an element is fixed for all sets, as it is computed by satis-
fying the condition u, (8;) = 1. The newly defined set is
referred as ST and is described in detail in Section 3.1.5.

Note that g is computed by satisfying the condition
Ity (8;) = 1 and it remains the same for any ¢; in every x;".
We are using the term granule instead of subset for referring
Gy, as it contain only those ¢ which fulfill the condition
Iy, (8;) = 1 and also we are not considering class/set over-
lapping. We also developed a histogram based method,
suitable for dealing with miRNA expression values, to cre-
ate the granules (see Section 3.1.7).

(11)

( i), Ly, (8;)) and the granular prob-

3.1.5 SetS*

Let X be a S* set in the universe U where, 1 <4 < p and
p > 2 represents the total number of sets in U. The
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membership of an element ¢; in %;” can be represented as

M}\T(Q‘J) = (M';i(vj)»ﬂ’xi(aj)v Qk)’ (12)
where pL~(vJ) [0,1], y,(8;) € {0,1} and g, € [0,1]. As in
set S (see Section 3.1. 1) here also /L~( v;) & w,.(8;) repre-
sents the memberships of v; & §; in ¥, respectively. The
entity g5 implies the level of confidence (Eq. (11)) of having

the pair of membership values - (v;) and p, (8;). Here

¢; € Gy and Gy is a granule inside;'.

3.1.6 Computation with set S*
The operations on set S* can be performed as

Flige (6))] = [Hug, )}, Ay, (89}, 0], (13)

where f and g, represent a function and the resultant granu-
lar probability (or confidence level), respectively, after any
operation. The membership values ;r;i(vj) and p,, (8;) can
be computed as the same method followed in set S (see
Section 3.1.2). They also follow the same properties as in the
previous definitions.

e Cardinality: The cardinality of the set x; can be com-
puted as

% =A%l o0}, (14)

where, |x;| can be computed by Eq. (5). As [¥]
implies the total membership (i.e., belongingness) of
the elements in a set (see Eq. (5)), we need a value to
depict the overall membership of the set and thereby
computing g, to represent the overall granular prob-
ability of the set. In this regard we compute relative
frequency (see Eq. (16)) of %, to determine the value
of o,. We defined three types of o, such as owin, Qaug
and guax Which can be used to represent the confi-
dence of both the cardinality and relative frequency
values. These three measures are suitable to be used
as per the necessity and computed as

€, if r=min
or = Z or, where, s =< ¢, if r=avg , (15)
Iskse e,f,, if 7 = max
where given the conditions ¢; = (v; i 8j)s 1y, (8) =1 &
¢; € Gy.. The variables ¢, ¢;, ¢, and ¢ are defined as

1
€= & Z /,L’;i(\)j), (16)
15520
6 = i i (1) an
1
€ = " Z /;L’)zi(\)j) and (18)
1<0<n),
g ~ (v
6 = max pz (V). (19)

The probability o,y should be used when we want to
find out the probability of occurrence of the granule/
s with at least one ¢; having [0 (vj) > e. Similarly, 0404

and o, are useful to find out the probability of the
granule/s satisfying the condition ¢, > € and the con-
dition €, > ¢, respectively. After defining o, as gwmin,
Oavg and Opax, We can represent %] as |x Xi. F (see
Eq. 20) where r implies ‘min’ or ‘avg’ or ‘max’ as per
the necessity. In Eq. (20) | ;]| is defined in Eq. (5).

e Conditional cardinality: The procedure to compute
conditional cardinality is given as

Gl (85) = )] = {1, (65) = @)l (erlray, (85) = @) |
={IGln 6y =21 > ol

1<k<ts>e,

(21

where 7 and s have the same meaning as in Eq. (15)
and ¢, (z = {0,1}) can be called as conditional rela-
tive frequency and is defined as

1 S
lejg«‘“x,(f?/ 21<J<N”X 0)=1 ¥ ( Vi) fo=1
€ = L ) .
—1 X o oM~ (vy), ifx=0
(N’Elgjgt\‘“x,(‘sﬂ) ZlSJSMX’@]) 0#5.0)
(22)

Here the ‘min’, avg and max are suitable to use for
the same causes as described in g, computation. The
only difference is that, here we are using e, (Eq. (22))
instead of ¢ (Eq. (16)) in determination of (o,|u,,
(8;) = x). Conditional relative frequency also have
its confidence measure which is same as that of con-
ditional cardinality, i.e., o,|u X (8;) = .

e Union: The union of different sets (S™) can be deter-

mined as
P
- .
U & = [max{u;, (o)}, max (i, 6)) 0] V3. @8)

In Eq. (23) the values of It (vj) & py,(85) of an ele-
ment in the resultant set aré determined accordlng to
the rule of set S (see Eq. (7)). Here, we need to find out
is the value of ¢'. Consider | & %, are two S* sets,
and 3 is their union. The values of 1, (8;) can be dif-
ferent than those of ¥ & x§. As granular probability
depends on the value of 1, (8;) (see Section 3.1.4), ¢’
should be recomputed using Eq. (11). The rule is
applicable for union operation between any two or
more S sets.

e Intersection: For the same reason described in union
operation, ¢’ can be computed using Eq. (11) in the
case of intersection and the intersection operation
can be represented as

P
ﬂ}(\f = [ min {x~ (v;)}, min {u, ()}, g'} , V3. (24)
i=1

1<i<p 1<i<p

Subset: If T+ is a subset of ¥ X (e, Y+ C %), then
,u~(v]) and gy (v;) will hold the conditions in Egs. (9)
and (10), respectrvely Like union and intersection
operations, ¢’ has to be computed for the subset
(using Eq. (11)).
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3.1.7 Histogram Based Granulation Method

One of the best techniques to obtain the frequency of occur-
rence, of different expression values, is histogram. More
frequent occurrence of any expression indicates more confi-
dence to have that value in various patients. In this regard a
histogram based method is proposed for computing granu-
lar probability in order to determine the level of confidence.
In this investigation one miRNA is considered at a time for
various computations. As mentioned earlier, granules in a
set contain those patients (¢;) which hold the condition
Iy, (87) = 1 (see Section 3.1.4). So, we will get one histogram
corresponding to every class/set, i.e., one for drug sensitive
class and another for drug resistant class. First the histo-
gram is generated and then each bin of the histogram is con-
sidered as one granule. The details of the method is
described as follows.

S1)  Determine the initial point of the histogram: The initial
point (say A) for constructing bins of the histogram is
considered as the average of all the elements/patients
(¢;) having x; as the class label (i.e., 11, (8;) = 1). Here,

A is defined as

1
A= —er—— — g (25)
Zlg,jgN oy, (35) 8 K

1<j<Ruy, (8))=1

Here, A can also be considered as the center of the
class/set having label ;.
Determine left bins: The left bins are constructed
using those elements which satisfies the condition
A > v;. In other words, the left bins are constructed
by those elements whose value (v;) is less than that
of the average value (A). The detail steps of this pro-
cess are as follows.

a) Initiate the starting point of the left bins (s7) at A

(i.e., initiate s~ = A).
b) Determine the endpoint of the bin (e7) as

S2)

e =8 —o, (26)
where o~ is defined as
07:/\/)(\? X\J{x] - 7”])2}’[VH’XV(81):1]’ (27)

A>w

where /\?+ is a weight factor and is defined as

\/Zl<J<N;¢X
X-
‘ \/Zl<j<MLX

—o(A — V")Z/(N - Z1<7‘<N#X 5p)=1 My (87))
( - vj) /Zl</<N;/.X =1 l‘l’X1 (8 )
(28)

Here (Eq. (27)), l; represents the number of ele-
ments in ¥, satisfying the conditions A > v; &
Ky, (8;) = 1. The numerator part of Eq. (28) deter-
mines the average deviation of the elements,
having class label other than yx;, form the center of
the set/class with label y;. The denominator part
of the equation computes the standard deviation
of the elements having class label x;. Here
A~ > 1 indicates the elements with label y; are
more closer to each other than the other elements
in the universe. In other words, higher value of

)\A+ implies better class separability. As our goal is
to separate different elements with various labels,
we incorporated A-. > 1 during granulation.

o)  Include the elements (¢;) inside the bin which
satisfy the conditione™ <v; < s7.

d) Update s~ with the value of e~ and recompute
e~ using Eqgs. (26) and (27) for the construction of
next bins.

e) Repeat Step S2)c for the remaining elements.

f) Repeat Steps S2)d - S2)e until all ¢; (satisfying
A > vj) are included in any bin.

Determining right bins: The elements satisfying the
condition A < v; are used to construct the right bins.
The steps for constructing the bins are as follows.

a) Initiate the starting point(s™) of the first bin at A
(i.e., initiate s™ = A).

b) Determine the endpoint of the bin (¢*) as

S3)

2 iGN
A<v/

e =5t +oT, (29)
where o7 is defined as
0" =g J (2% (-2}, ) =1 (30)

In Eq. (29), I, represents the number of elements
in % satisfying the conditions A < v; &
fy,(85) = 1.

o) Include the elements (¢;) inside the bin which
satisfy the condition s* <v; < e*.

d)  For constructions of next bins, update the value
of st with that of e” and recompute e’ using
Egs. (29) and (30) to obtain the new start and end
point of a bin.

e)  Repeat Step S3)c for the remaining elements.

f) Repeat Steps S3)d - S3)e until all ¢; (satisfying
A < vj) are included in any bin.

3.1.8 Computation of Entropy Using Set S*

The main aim of any classification problem is to discrimi-
nate different elements according to their label or origin.
However an element with a particular label can have vari-
ous memberships in different sets (see Section 3.1) due to
the overlapping between sets. This causes uncertainty in
decision-making and there is a need to measure the uncer-
tainty. In this regard a method called set S* based Entropy
Measure (SPEM) is developed to handle the aforesaid issue.
In our problem, we want to determine the uncertainty in
decision-making caused by the patients (¢;) having an
expression value (vj) with fuzzy membership (. (v (vj)) and a
label (§;) with crisp membershlp (1y,(87))- So, the mentloned
entropy is determined using these membershlp values to
quantify the uncertainty. The veriable g;, (see Section 3.1.4),
which indicates the confidence of having the pair of mem-
bership values 1, (v;) and u,,(8;), is used to determine the
confidence level in the entropy Value Therefore the entropy
measure using ST will provide the measure of uncertainty
in decision-making and also provide the level of confidence
in the measured uncertainty. The detail steps of the method
are given as follows.
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i) Determine the total relative frequency in the con-
firmed zone: In this investigation the term confirmed
zone is used to indicate the memberships of different
elements in their origins (i.e., the elements satisfying
the condition 1, (8;) = 1). Note that in Eq. (22), z = 1
(i.e., €, = ¢) implies that the computation is per-
formed using those u~ (v;) values where the condi-
tion w, (8;) =1 holds ‘true. Therefore we can
compute the total relative frequency in the con-
firmed zone (y,) using ¢ as

1 . PN
Yo ==X Z s [ez+ is the value of ¢ in ;]

P2,
1 1
_Ly - o~ (vv)} . B
P52, L icjentty, (85) 1;5& X
Iy, (85)=1

[using Eq. 22]

As mentioned earlier, the conditional relative fre-
quency has the same confidence measures as the
conditional cardinality (see Section 3.1.6). Therefore
we can compute the confidence of y. by using the
values of (g,[,,(8;) = 1) (see Eq. (21)). Note that we
computed y, by taking the average of s (i.e., condi-
tional relative frequency). So, the confidence corre-
sponding to y, is also determined by the average of

(0rlpy, (8;) = 1) using Eq. (32).

o1
0. = ; X Z (er/’bx,»(‘sj) = 1)a

1<i<p

(32)

where 7 represents ‘min’ or ‘avg’ or ‘max’ according
to the necessity. The three notations ‘min” or ‘avg’ or
‘max’ are used for the same cause as they are used
during the computation of confidence in conditional
cardinality or relative frequency.

ii) Determine the total relative frequency in the overlap-
ping zone: The overlapping zone is referred to those
memberships which represents class/set overlap
information. The total relative frequency in the con-
firmed zone is computed using €y (see Eq. (31)). So,
total relative frequency (y,) in ovérlapping zone can
be determined as

1
Vo==-x » (1-e)
PSE, i
1
i [f’* >

1<i<p

(smm X mo)

1§j§NMX7 (5]'):1
M;,(Vj)H

:1,[1XZ{;X Z
(33)

PSE, D1<jan My (87) 1<V, (8;)=1

=1-y,,[using Eq. 31].

As mentioned earlier, the confidence level of any
memberships related to an element is constant for all
sets (see Section 3.1.4), the confidence level corre-
sponding to y, will be the same as that of y,..

iii) Compute entropy: The entropy is computed as

H = —[yJogy(y,) + vlogs(v,)]. (34)

The confidence measure of H is the same as in
Eq. (32).

3.1.9 Ranking Method
The steps for ranking are as follows.

S1) Consider the set of sensitive and resistant patients of
amiRNA as two ST sets X, and X5, respectively.

S2)  Consider all patients as the elements (¢;).

S3)  Determine s (v)), iy, (8;) & o using Egs. (1), (4) &
(11), respectively, for both x; and ¥ .

S4) Compute total relative frequency in confirmed zone
(Eq. B1).

S5) Determine total relative frequency in overlapping
zone (Eq. (33)).

S6) Compute the confidence corresponding to relative
frequency values (in Steps 4 & 5) using Eq. (32) con-
sidering ‘r = max’.

S7)  Compute entropy using Eq. (34).

S8)  Repeat Steps S1-57 for all the miRNAs.

S9)  Sort miRNAs in ascending order according to the
entropy.

S10)  Select a portion of miRNAs from the top of the list.

In ranking process we want to find out the probability of
occurrence of those granules where 1~ (vj)|my, (8;) = 1 has at

least one value greater or equal to €;. Therefore we consid-
ered r = max (Step S6) during confidence estimation.

4 EXPERIMENTAL RESULTS

We evaluated the performance of the ranking method using
five performance measures such as sensitivity, specificity,
accuracy, F-score and Matthews correlation coefficient
(MCQ). Here, leave-one-out cross validation is used for all
evaluations, where, each sample is selected as the test sam-
ple once at a time and the rest N — 1 samples are used for
training, where N is the total number of samples. Hence at
the end of the test phase we obtain N number of evaluation
results. Finally, the average of these results is considered as
the achieved performance. Here, drug sensitive and resis-
tant samples are considered as the negative and positive
samples, respectively.

4.1 Performance Evaluation

This section deals with the performance evaluation of the
top 1 percent miRNAs (see Table 2) ranked by SPEM. The
improvement in classification performance (F-score) using
the selected miRNAs is shown in Table 3. It is observed
from the table that the /" scores are considerably increased
when the selected miRNAs are used instead of all of them.
For example, using SVM classifier, F-score value corre-
sponding to colon cancer increased from 0.59 to 0.88 when
top 1 percent (7) miRNAs are used instead of all (723) miR-
NAs. Note that a miRNA with higher rank can have lower
confidence than that of a lower ranked miRNA. For example,
in colon cancer, hsa-miR-767-3p and hsa-miR-492 are ranked
as 4th and 5th miRNAs, respectively, as per their importance
in identifying drug resistance. However the confidence
of the 4th ranked miRNA (0.62) is less than that of the
5th ranked miRNA (1.00).

4.2 Comparison with Other Methods

We compared SPEM with some well known existing methods
using SVM classifier. The methods used in this investigation
for comparison are feature selection for high-dimensional
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TABLE 2
Selected miRNAs and Their Confidence Level
Corresponding to Different Data Sets

Colon Esophageal
miRNA Confidence miRNA Confidence
hsa-miR-485-5p 1.00 hsa-miR-23a 1.00
hsa-miR-645 0.87 hsa-miR-200b 1.00
hsa-miR-376a 0.87 hsa-miR-203 1.00
hsa-miR-767-3p 0.62 hsa-miR-27b 1.00
hsa-miR-492 1.00 hsa-miR-19b 0.96
hsa-miR-124 0.87 hsa-miR-200b 1.00
. hsa-miR-455-5p 0.96
hsa-miR-892a 0.75 hsa-miR-17 1.00
Lung Ovarian
miRNA Confidence miRNA Confidence
hsa-miR-27a 1.00 hsa-miR-592 0.92
hsa-miR-410 0.87 hsa-miR-744 0.90
hsa-miR-572 1.00 hsa-miR-181a-2 0.82
hsa-miR-516-3p 1.00 hsa-miR-210 0.82
hsa-miR-520D-3P|  0.87 hsa-miR-760 0.86
hsa-miR-99b 0.87  |hsa-miR-548c-3p| 0.84
hsa-miR-483-5p 0.87
hsa-miR-27a 1.00 hsa-miR-382 0.77
Squamous cell Breast
miRNA Confidence miRNA Confidence
hsa-miR-99b 1.00 hsa-miR-4264 0.80
hsa-miR-1268a 1.00
hsa-miR-4771 1.00
hsa-miR-18a 1.00 hsa-miR-489 1.00
hsa-miR-4687-3p 1.00
hsa-miR-4724-5p|  0.60
hsa-miR-125a-5p 1.00  |hsa-miR-1304-5p 1.00
hsa-miR-214-3p 0.80
hsa-miR-4637 1.00
hsa-miR-1226 1.00 hsa-miR-198 0.80
hsa-miR-5009-3p 1.00
hsa-miR-935 1.00 hsa-miR-4467 1.00
hsa-miR-4302 0.90
hsa-miR-146a 0.96 hsa-miR-4325 1.00
hsa-miR-4802-5p|  0.90
hsa-miR-297 0.96  |hsa-miR-1228-5p 1.00
hsa-miR-1258 0.90
hsa-miR-1269 1.00  |hsa-miR-4769-5p 1.00
hsa-miR-4261 1.00
hsa-miR-5006-3p|  0.90

data (interact) [13], fuzzy-rough sets for information measures
and selection of relevant genes from microarray data (FMI)

[15], between-class overlapping filter-based method for tran-

scriptome data analysis (overlap) [14], feature selection
based on mutual information: criteria of max-dependency,
max-relevance and min-redundancy (MRMR) [10], gene
selection for cancer classification using support vector
machines (SVM-RFE) [9], SVM-RFE with MRMR filter for
gene selection (SVM-RFE with MRMR) [11] and null space
based feature selection method for gene expression data
(NSBEFS) [12]. First, we compared the classification perform-
ances using the top 1 percent miRNAs obtained by SPEM
and the aforesaid existing methods. The comparison is per-
formed in terms of sensitivity, specificity, accuracy, F-score
& MCC using SVM classifier, and the results are reported in
Table 4. It is observed from the table that sensitivity, specific-
ity, accuracy, F-score & MCC of our method ranges between
0.71 & 1.00, 0.62 & 0.94, 66.98 percent & 93.75 percent, 0.67 &
0.94, and 0.34 & 0.87, respectively, depending on various
data sets. For all the data sets our method performs the best,

TABLE 3
F-Scores of the Selected miRNAs for Various Data
Sets Using SVM and Naive Bayes Classifiers

Total Total miRNAs Selected top
Cancer Samples/|(no. and F'-score) |ranked miRNAs (1%)

type Patients (no. and F'-score)
No. [sVM|NaVe N, [sym|  Naive

Bayes Bayes

Colon 8 723 10.59] 0.46 | 7 |0.88 0.82
Esophageal 18 84710.521 0.60 | 8 |0.94 0.95
Squamous cell 18 84710.50| 0.57 | 8 |0.89 0.83
Lung 8 751 10.31]0.17 | 8 |0.87 0.72
Ovarian 65 664 10.52]0.22 | 7 |0.67 0.54
Breast 10 [2020{0.50 | 0.45 |20 | 0.89 0.85

TABLE 4

Comparison of Classification Performances Obtained by
Top 1 Percent miRNAs Using Different Methods

[ Method | Measures [Colon[Esophageal|Squamous| Lung [Ovarian[Breast]

Sensitivity | 1.00 0.94 0.90 0.84 | 0.71 | 0.88
Specificity | 0.79 0.94 0.87 091 0.62 | 091

SPEM [Accuracy(%)|89.28| 93.75 88.54 [87.50] 66.98 |89.50
F'-score 0.88 0.94 0.88 0.87 | 0.67 | 0.89

MCC 0.80 0.87 0.77 0.75| 0.34 | 0.79

Sensitivity | 1.00 0.87 0.81 0.56 | 0.61 | 0.62
Specificity | 0.73 0.89 0.81 0.62| 0.51 | 0.57

Interact |Accuracy(%)|84.57 88.54 81.25 [59.37] 56.03 [59.50
F-score | 0.84 0.88 0.81 0.59| 0.56 | 0.59

MCC 0.75 0.77 0.62 0.19| 0.12 | 0.19

Sensitivity | 0.82 0.79 0.78 0.81| 0.55 | 0.71
Specificity | 0.79 0.79 0.60 0.84 | 0.51 | 0.79

FMI  |Accuracy(%)[80.00| 79.16 69.27 [82.81] 52.97 |75.00
F'-score 0.80 0.79 0.68 0.83] 0.53 [0.75

MCC 0.61 0.58 0.39 0.66 | 0.06 | 0.50

Sensitivity | 1.00 0.91 0.92 0.81| 0.51 | 0.83
Specificity | 0.75 0.91 0.81 0.78 | 0.51 | 0.76

Overlap [Accuracy(%)|87.50| 91.79 86.45 [79.68| 50.99 [75.19
F'-score 0.86 0.91 0.86 0.69| 0.51 [0.75

MCC 0.77 0.84 0.73 0.60 | 0.57 | 0.69

Sensitivity | 0.75 0.86 0.82 044 0.59 | 0.62
Specificity | 0.71 0.90 0.83 0.53 | 0.59 | 0.50

MRMR [Accuracy(%)|73.21 88.02 82.81 [48.43] 59.06 [56.00
F-score | 0.73 0.88 0.83 048 | 0.59 | 0.55

MCC 0.46 0.76 0.66 [-0.03] 0.18 | 0.12

Sensitivity | 0.54 0.53 0.52 041 0.55 | 0.61
Specificity | 0.43 0.50 0.35 0.56 | 0.54 [0.53
SVM-RFE |Accuracy(%)|48.21 51.56 43.75 |48.43| 54.77 [57.00
F'-score 0.48 0.51 0.42 0471 0.55 [ 0.57

MCC -0.03 0.03 -0.13 [-0.32] 0.09 | 0.14

Sensitivity | 0.54 0.51 0.50 0.53| 0.56 | 0.58
SVM-RFE| Specificity | 0.43 0.44 0.29 0.34| 0.53 | 0.46
with  [Accuracy(%)|48.21| 47.39 39.58 [43.75] 54.25 [52.00
MRMR F'-score 0.48 0.47 0.37 042 0.54 | 0.51
MCC -0.03 -0.05 -0.21 |-0.13] 0.08 | 0.04

Sensitivity | 0.43 0.74 0.69 0.56 | 0.58 | 0.52
Specificity | 0.36 0.77 0.67 0.59| 0.60 | 0.64

NSBFS [Accuracy(%)[39.28| 75.52 67.70 [57.81] 58.94 [58.00
F-score | 0.39 0.75 0.68 0.58 | 0.59 | 0.57

MCC -0.21 0.51 0.35 0.16 | 0.18 | 0.16

except for the squamous cell carcinoma data set where the
sensitivity of SPEM (0.90) is slightly less than that of overlap
method [14] (0.92). Although, in squamous cell carcinoma
data, overlap method performs better than SPEM in terms of
sensitivity by 0.02 unit, for the other measures (i.e., specific-
ity, F score, accuracy and MCC) overlap method performs
inferior to SPEM. Moreover, the utility of SPEM can be
observed by studying the percentage of its superior perfor-
mance compared to the other methods using different data
sets and measures. It performs better in 29 out of 30 cases
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Fig. 2. Comparison among ranking methods in terms of F-score for different percentages of miRNAs using SVM classifier.

(5 measures x 6 data sets x 1 classifier). In other words, the
developed method provides better results for 96.67 percent
cases and the chance of obtaining inferior result is only
3.33 percent. In Table 4, the best results are marked by bold
fonts.

Apart from the comparison provided in Table 4, we also
compared the proposed SPEM with the existing methods
using variable number of miRNAs. Here the percentage of
miRNAs is varied from 1 to 50 by selecting from the top of
the list. Comparisons are made in terms of F'-score and are
shown in Figs. 2a, 2b, 2¢, 2d, 2e, 2f. We have chosen 1, 5 and
10 percent of top ranked miRNAs, initially, and then
increased the percentage in steps of 10. It is evident from the
figures that our algorithm performs the best using 1 percent
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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

]
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Fig. 3. Histogram of hsa-miR-501-3p expressions corresponding to drug

sensitive and resistant ovarian cancer patients.
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TABLE 5
Biological Significance of the Selected miRNAs
Colon Esophageal
miRNA Significance miRNA Significance
iR R Drug iR, Drug
PmIRAS I resistance [19) | MMRER | resistance (6]
. Drug . Drug
| om0 | resistance [20] | "MRE0P | resistance 6]
Potential Dru
hsa-miR-376a therapeutic hsa-miR-203 &
| ___J4__ target [21] | _ _ _ _ _ _ ] resistance [0] |
. Cancer . Drug
| mIRTOTI0 | gevetopment [22] | MR | resisance 23]
a i 402 Drug iR Drug
| iR | resistance 241 | MR resisance (23]
Increasing Dr
hsa-miR-124 sensitivity in hsa-miR-455-5p ug
| | radiotherapy25] | | resistance [6] |
. Drug . Drug
hsa-miR-892a resistance [26] hsa-miR-17 resistance [6]
Lung Ovarian
miRNA Significance miRNA Significance
. Drug . Cancer
| MR | resistance 271 | M2 | prognosis (28]
. Drug . Tumor
| oD | resistance o7 | MR | suppressor (30]
o riT Drug iR 1R Drug
| PRI | resistance (31) _ | M) resistance [32]
hsa-miR-516-3p None hsa-miR-210 Apop tosis
| | Z____ | resistance[33] |
hsa-miR-520d-3p[Radiosensitivity [34] hsa-miR-760 Cancer
| - | ___ __ _ |ageressiveness [35]
Tumor Potential
hsa-miR-99b suppression [36] hsa-miR-548c-3p| therapeutic
IR st A =1 )
oD A2 Promoting i Tumor
hsa-miR-483-5p metastasis [38] hsa-miR-382 suppression [39]
Squamous cell Breast
miRNA Significance miRNA Significance
. Cancer
g | RO ] development 1401
hsa-miR-99b resistance [6] | hsa-miR-1268a _ Drug
resistance [41]
PP Cancer ~ |
,,,,,,,,,,,,,,,,, MsemiRATT! | development [40]
i Drug T Drug
| MRS | resisance (6] | MR resistance (42)
Dru Potential
hsa-miR-125a-5p| . e hsa-miR-4687-3p) therapeutic
resistance [6]
oL _ | taget[d3]
hsa-miR-4724-5p| None
L T e Cancer ~ |
hsa-miR-1226  Drug hsa-miR-1304-5p development [44]
resistance [6] fF - - - - — — 1+ = = < Drug = |
_________________ Poamil 2199 resistance [45]
hsa-miR-4637 None
— Drug T Tumor ~ |
hsa-miR-935 resistance [6] hsa-miR-198 suppression [46]
| hwmRSOW3 N ]
. Drug
hsa-miR-4467 resistance [47]
o Drug SO Cancer ~ ]
hsa-miR-146a resistance [48] hsa-miR-4302 development [49]
Cancer MR gevetopment 1501
hsa-miR-297 development [51] |hsa-miR-1228-5p| ) Drug
resistance [52]
L e | Cancer |
_________________ 1o mi 23 | development [531
Potential thera-
hsa-miR-4769-5p| peutic target [54]
hsa-miR-1269 None L e | Cancer ~ |
hsa-miR-4261 development [55]
b e Cancer ~ |
hsa-miR-5006-3p development [56]

SEPM achieves the best F-score (0.67) in ovarian cancer data,
whereas for the same data MRMR achieves the second best

F-score (0.59).

4.3 Other Experiments

In this investigation two histograms (one for sensitive and
another for resistant) are generated for every miRNA. Two

such histograms, generated by the proposed method (see
Section 3.1.7), are shown in Fig. 3a & 3b as examples.

We checked the top 1 percent miRNAs selected by our
method for their involvement in related cancers. To fulfill the
purpose we searched the existing biological investigations
extensively, to find out the significance of the selected miR-
NAs and the findings are reported in Table 5. The table shows
the activity of a miRNA corresponding to a particular cancer.
The articles where the mentioned activities of the miRNAs are
reported are also shown in the table. It is observed that many
selected miRNAs using the SPEM are already identified as
drug resistant miRNAs by various investigations. For exam-
ple, in [19] inactivity of hsa-miR-485-5p is identified as one of
the causes of drug resistance in colon cancer. Similar observa-
tions are found in other cancers as well. Some miRNAs which
are not found as drug resistant ones can be considered as
novel prediction for further biological investigation.

In the literature, many investigations can be found [57],
[58], [59] on miRNA-Disease association prediction. In [57] a
method based on inductive matrix completion is developed
where the missing miRNA-disease association is predicted
using the known associations and by integrating miRNA
and disease similarities. Similar approaches for miRNA
disease association prediction are available in [58], [59].
Investigations on individual miRNAs and their relations
with a particular cancer is also available in the literature [4],
[5], [6]. However, studies on miRNA-drug interaction associ-
ation is scanty. So, emphasis in this domain may provide
new insights in miRNA-drug-resistance association and can
be considered as future research topic.

5 CONCLUSION

A new set is defined in this investigation to represent the mem-
bership of a pattern/element in a supervised system where a
pattern/element has feature value/s as its measurement and a
class label as its origin. In this system, the feature values of the
elements in the same category can be different but the corre-
sponding class labels of those elements is always the same.
Moreover, the feature values of the elements from different
categories can show proximity with each other but their class
labels are always distinct. A set (S) is constructed for each cate-
gory based on these information of the constituting elements
(patterns). Here the membership of each element is repre-
sented by a pair. One among them is a fuzzy membership indi-
cating its degree of belongings to the concerned category and
another is crisp membership representing its actual class of ori-
gin. Some basic operations such as cardinality, conditional car-
dinality, union and intersection on S are defined. The said
concept of S is further extended by including an additional
information of confidence in having a particular pair of mem-
bership values in S and the extended set is named as S*. The
confidence is determined by a novel measure called granular
probability. The granules required for estimating the probabil-
ity are formed by a new method called histogram based granu-
lation, where the width and number of bins corresponding to
the histogram are determined automatically in the procedure.
Finally the concept of S* set is used to compute the entropy of
a miRNA, which additionally provides the level of confidence
along with the measured entropy. The miRNAs are ranked as
per the lowest entropy (highest relevance) and a portion from
the ranked list is selected for further operations.

To evaluate SPEM we used top 1 percent of the ranked miR-
NAs and checked the classification performance in detecting
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the presence of drug resistant miRNA using six different data
sets. The classification performance (F-score) thus measured,
varies from 0.67 to 0.94 using SVM and 0.54 to 0.95 using Naive
Bayes classifiers. Superiority of the proposed SPEM to some
existing methods is established in terms of sensitivity, specific-
ity, accuracy, F-score and MCC. While comparing different
methods, using the top 1 percent miRNAs ranked by them, we
obtained the best results for 29 out of 30 cases using SPEM. We
also tested our method using variable number of miRNAs and
observed that the results for top 1 percent miRNAs are better
than those obtained by large number of miRNAs. The method
also shows superior performance to other methods for variable
number of miRNAs for most of the cases.

The miRNAs identified by SPEM are verified for drug
resistance characteristics by checking various articles based
on biological investigations. We found that many miRNAs
selected by our method directly corroborate those articles.
The selected miRNAs which are not found as drug resistant
ones in biological investigations can be considered for fur-
ther biological validation to confirm their drug resistant
characteristic.

The concept of set S and set S* can be useful for any
supervised system. The technique for generating histogram
is useful for any numerical data where estimation of fre-
quency of occurrence is required. Similarly, the proposed
granulation technique is useful where estimation of fre-
quency of occurrence is required for creating granules. In
our study the granular probability measure is designed for
the patterns having one feature value. This technique can
further be extended to make it suitable for handling patterns
with multiple feature values. SPEM can is also applicable
for other diseases where related miRNA or gene expres-
sions are available. The method can also be used for multi-
class classification problems. The experimental results on
various data and similarity of the findings with the biologi-
cal experiments reveal the importance of our investigation.
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