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1  Introduction

Early detection of cancer [12, 16, 30] and its treatment [32] 
before metastasis can increase the survival rate and time 
of the cancer patients. Various investigations [2, 3] in this 
domain identified microRNAs (miRNAs) as important indi-
cators of cancers in human body. MiRNAs are non-coding 
RNAs [34], and they work on messenger RNAs (mRNA) to 
inhibit protein translation by degrading the mRNAs [28]. 
All the miRNAs present in the body are not responsible 
for cancers, and the role of various miRNAs is diverse for 
different types of cancers [1, 2, 11]. Presence of any irrel-
evant miRNA may decrease the classification accuracy and 
increase both the biochemical and computational costs. 
Therefore, selection of most informative miRNAs is impor-
tant for identifying the condition of a sample/patient.

In the existing investigations [14, 21], emphasis is given 
on the ranking and selection of miRNAs. Navon et  al. [21] 
proposed a ranking method on the basis of the fold change 
between paired samples (i.e., both the normal and cancer 
tissues were collected from the same patient). In real life, 
it may happen that one has to classify an unknown expres-
sion of a miRNA, where the paired sample is not available. 
In that case, the method proposed by Navon et al. [21] can 
be reframed by considering the difference of miRNA expres-
sions between unpaired samples as well. In the same inves-
tigation [21], those miRNAs were given importance which 
were globally deregulated in eight types of cancers. However, 
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there are some miRNAs which are very important only for 
a particular type of cancer [4, 17, 23, 24, 27]. Hence, identi-
fying those miRNAs is more useful in cancer detection than 
dealing with the group of globally deregulated miRNAs for 
multiple cancers. Leidinger et al. [14] applied three hypoth-
esis test-based algorithms, and total 213 miRNAs were found 
to be responsible for melanoma. Finally, fold change of each 
miRNAs was checked, and 51 miRNAs were selected as the 
deregulated miRNAs. Here, further contribution can be made 
in terms of the removal of redundant miRNAs.

Besides miRNA selection methods, existing gene selec-
tion algorithms can be useful for miRNA selection. Hence, 
it will be prudent to have some idea about these algorithms 
also. Guyon et  al. [8] used a SVM classifier-based recur-
sive feature elimination technique (SVMRFE) for gene 
selection. However, the problem of removing the redundant 
genes was not addressed. Peng et al. [26] described a gene 
ranking method based on maximum relevance and mini-
mum redundancy (MRMR) using mutual information. A 
combined approach of SVMRFE and MRMR was reported 
in [20]. The method is based on the trade-off between the 
rankings obtained by SVMRFE and MRMR. The methodol-
ogy to calculate mutual information between two fuzzy sets 
(fuzzy mutual information) is proposed by Maji et al. [18]. 
Here, the fuzzy mutual information (FMI) is used to rank the 
genes according to the maximum relevance and minimum 
redundancy.

The objective of the present investigation is to detect the 
relevant miRNAs to predict cancerous expressions in an 
unknown patient. The method involves generation of dif-
ferent groups of miRNAs using SVM, followed by selec-
tion of the most relevant group using FMI and removal of 
redundancy therein, if required.

The rest of the article is organized as follows. A brief 
description about FMI and the details of the proposed meth-
odology are described in Sect. 2. The experimental results 
along with the biological relevance of selected miRNAs are 
provided in Sect.  3. Section 4 provides a brief discussion 
on this investigation. Section 5 concludes this article.

2 � Materials and methods

In this section, first we briefly describe the concept of FMI [18] 
(the details are available in Section 1 of supplementary material 
at http://www.isical.ac.in/~shubhra/FMIMSsupplementary.pdf) 
which is used in the proposed methodology for calculating the 
relevance and redundancy. Next the proposed methodology is 
explained. For our study, we collected the miRNA expressions 
data from Gene Expression Omnibus (GEO), an international 
public repository. These data sets are reported in the investiga-
tions [1, 2, 10, 11, 14] and [31] by taking care of the proper 
ethical issues and then submitted in the GEO.

2.1 � Fuzzy mutual information

Consider A as a fuzzy attribute set in a finite set U, d as 
the number of fuzzy equivalence classes and t as the total 
number of objects in U. Now, the fuzzy equivalent partition 
matrix (MA) is denoted as

where MA is a d × t matrix, 
∑d

u=1 µ
A
uv = 1∀v, and 

µA
uv ∈ [0, 1] represents the membership of the vth object in 

the uth fuzzy equivalence class Fu. Each row of the matrix 
MA represents a fuzzy equivalence class in U, and each col-
umn represents an object in U. The fuzzy relative frequency 
is represented by �Fu, and it is defined as

The entropy of the fuzzy attribute set A is defined as [18]

The joint entropy H(P,  Q) for two fuzzy sets P and Q is 
defined as [18]

The mutual information (FMI) between the two fuzzy sets 
P and Q is represented as

Using Eqs. 3 and 4 in Eq. 5, we get
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2.2 � Proposed method

As stated earlier, the present investigation deals with the 
problem of miRNA selection for cancerous miRNA clas-
sification. A new method, called FMI for miRNA selection 
(FMIMS), is described here. The block diagram is shown 
in Section 2 of the supplementary material.

2.2.1 � Grouping

The methodology works by grouping miRNAs whose nor-
mal and cancer class representatives (see Eqs. 14, 15) are 
separable by the same class boundary. The main steps for 
this method are:

	S1.	 Calculate the distance (dkij) between ith normal and jth 
cancer sample of kth miRNA as 

where xki  and ykj  are the ith normal and jth cancer expres-
sions of kth miRNA, respectively, 1 ≤ i ≤ N, 1 ≤ j ≤ M, 
1 ≤ k ≤ L and N, M and L are total number of normal 
samples, cancer samples and miRNAs, respectively.

	S2.	 For kth miRNA, determine the scaled average inter-
class distance (zk) between normal and cancer class as 

where σ k represents the standard deviation of dkij for all 
i and j.

	S3.	 Compute the distance between two normal expressions 
of kth miRNA as 

where i1 = 1, 2, . . . ,N − 1 and i2 = i1 + 1, i1 + 2,

. . . ,N

	S4.	 For kth miRNA, compute the scaled average intraclass 
distance (hk) of normal class as 

where standard deviation of wk
i1i2

, over all i1 and i2, is 
represented by σ k

1 .
	S5.	 Similarly, calculate the scaled intraclass distance (hkc) 

of cancer class corresponding to the kth miRNA as 

(7)dkij = |xki − ykj |; ∀i, j

(8)zk =
1
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N
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where lkj1j2 is the distance between two cancer expres-
sions and is represented as 

Here, j1 = 1, 2, . . . ,M − 1, j2 = j1 + 1, j1 + 2, . . . ,M 
and σ k

2  represents the standard deviation of lkj1j2 com-
puted over all j1 and j2.

	S6.	 Calculate the class separability index (αk) of the kth 
miRNA as 

	S7.	 Repeat Steps S1 to S6 for all k (1 ≤ k ≤ L) and sort 
all the miRNAs in descending order according to 
the value of αk. The miRNA with highest αk value 
is the top-ranked one among all those in the data 
set.

	S8.	 Determine the representative for the kth miRNA of 
each class (say, rkn for normal and rkc for cancer) as 

 where σ k
n  and σ k

c  represent standard deviations of the 
normal and cancer expression values, respectively.

	S9.	 Repeat Step S8 for all miRNAs.
	S10.	Select the top-ranked miRNA (initial group point) 

among ungrouped miRNAs and train SVM (with linear 
kernel) using rkn and rkc of the top-ranked one.

	S11.	From the remaining miRNAs, find those rkn and rkc val-
ues which are correctly classified by the trained SVM. 
Assign those miRNAs to the group of the top-ranked 
miRNA.

	S12.	Repeat Steps S10 and S11 for the remaining miRNAs 
until all miRNAs are assigned to a group.

2.2.2 � Selection of most relevant group

Let G number of groups be generated by the grouping tech-
nique (see Sect. 2.2.1) and the kth miRNA belongs to the 
gth group where 1 ≤ g ≤ G. The steps for selecting the 
most relevant group are as follows:

S1.	 Compute the relevance of the kth (1 ≤ k ≤ L) miRNA 
by calculating I(Rk ,Dk) (see Eq. 6), where Rk is the set 
of membership values (see Section 5 in supplementary 

(12)lkj1j2 = |ykj1 − ykj2 |; ∀j1, j2.

(13)αk =
zk

hkn + hkc

(14)rkn =
1

σ k
n N

N
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xki and

(15)rkc =
1

σ k
c M

M
∑

j=1

ykj ,
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material) of all patients belonging to kth miRNA and 
Dk is the set of membership values of the class label 
(i.e., normal or cancer) of the same patients.

S2.	 Repeat Step S1 for all the miRNAs in the gth group 
and calculate the average relevance of the miRNAs in 
that group.

S3.	 Repeat Steps S1–S2 for all the groups.
S4.	 Select the group with highest average relevance value 

of the miRNAs.

2.2.3 � Removal of redundant miRNAs

The removal of redundant miRNAs in a group is optional, 
but it helps in reducing both the biochemical and computa-
tional costs. The steps for removing the redundant miRNAs 
are as follows:

S1.	 Calculate the redundancy I(Rk ,Rk′) of kth miRNA with 
respect to k′th (k �= k′) miRNA in the most relevant 
group using Eq. 6.

S2.	 Repeat Step S1 for all values of k′ and calculate the 
average redundancy value of the kth miRNA. Here, 
1 ≤ k′ ≤ L and L is the number of miRNAs in the most 
relevant group.

S3.	 Repeat Steps S1–S2 for all k to determine the average 
redundancy of each miRNA in the selected group.

S4.	 Rank the miRNAs according to redundancy value.
S5.	 Select miRNAs with low redundancy according to 

user’s need.

3 � Results

Six data sets, viz. breast [2], renal [10], colorectal [1], 
lung [11], melanoma [14] and prostate [31], are used 
in this investigation to demonstrate the effectiveness of 
the FMIMS (the details of these data sets are available 
in Section  3 of supplementary file at http://www.isical.
ac.in/~shubhra/FMIMSsupplementary.pdf). The classifi-
cation performance of the selected miRNAs is computed 

using SVM and k-NN separately in terms of sensitivity, 
specificity, F score [27] and accuracy (see Section  4 in 
supplementary material for these measures). Linear kernel 
is used for the SVM classifier. The value of ‘k’ in the k-
NN classifier is varied from 1 to K where K = min(N ,M), 
and N and M are the total number of normal and cancer 
samples, respectively. The best F score among all those 
obtained with different values of ‘k’ is reported. After the 
selection of the group of miRNAs, its performance for can-
cer classification is evaluated by leave-one-out cross-vali-
dation method. The procedure for calculating the member-
ship values is described in Section 5 of the supplementary 
material.

3.1 � Performance evaluation

Here we evaluate the performance of FMIMS in terms 
of F score. Table 1 shows the F scores related to vari-
ous groups of miRNAs. It can be observed from the 
table that the F score value is considerably improved 
for the miRNAs in the most relevant group as compared 
to the total set of miRNAs. The number of miRNAs in 
this group is also considerably less than that of the total 
miRNAs. F score of the most relevant group varies from 
0.72 to 0.86 and 0.66 to 0.83 for SVM and k-NN clas-
sifiers, respectively. These values are also found to be 
higher than those of the other groups for all the data 
sets.

In Table 2 we report the selected miRNAs (i.e., the miR-
NAs in the most relevant group) by FMIMS. Biological rel-
evance of these miRNAs and their involvement in disease 
specific pathways are discussed in Sect. 4.

The efficacy of the redundancy removal method is dem-
onstrated on some groups with relatively large number of 
miRNAs. The results are reported in Table 3. As seen, the 
F score values even with the 50% miRNAs are found to be 
almost the same with those obtained with all the miRNAs 
in that group. Note that the redundancy removal method is 
not applied on the most relevant group as it contains only 
very few miRNAs (see Table 1).

Table 1   F score values 
achieved for all the miRNAs 
and the miRNAs in the top 
two groups corresponding to 
different data sets using SVM 
and k-NN classifiers

Data set Total samples/patients Input miRNAs (no. and 
F score)

miRNAs in most  
relevant group (no. 
and F score)

miRNAs in second 
relevant group (no.  
and F score)

No. SVM k-NN No. SVM k-NN No. SVM k-NN

Breast 98 309 0.60 0.18 2 0.86 0.66 5 0.68 0.29

Renal 24 12,033 0.56 0.56 2 0.83 0.83 2 0.81 0.76

Colorectal 66 352 0.61 0.52 2 0.74 0.70 2 0.70 0.31

Lung 36 866 0.52 0.45 3 0.79 0.79 2 0.68 0.58

Melanoma 57 866 0.61 0.31 4 0.76 0.72 121 0.69 0.65

Prostate 24 12,033 0.52 0.58 2 0.72 0.76 2 0.58 0.66
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3.2 � Comparison with other approaches

In this section, we compare the performance of our method 
with several well-known methods. The methods con-
sidered are SVMRFE [8], MRMR [26], SVMRFE with 
MRMR [20] and the method by Maji et al. [18] using FMI 
(FRSIM).

In Table  4, the performance of the miRNAs selected 
by FMIMS is compared with those achieved by the other 
methods in terms of sensitivity and specificity, F score and 
accuracy. For the sake of fair comparison, the number of 
top-ranked miRNAs obtained by different methods is kept 
the same as obtained by FMIMS. The number of miR-
NAs is 2, 2, 2, 3, 4 and 2 for breast, renal, colorectal, lung, 
melanoma and prostate data, respectively. It is observed 
from the table that FMIMS performs the best in terms of 
sensitivity, specificity, F score and accuracy in most of the 
cases. The cases where other methods perform better than 
FMIMS can be easily seen by observing the results in bold 
font corresponding to the rows for different methods in the 
table. In summary, out of 48 (=6 datasets × 2 classifiers × 
4 performance measures) comparisons, only in seven cases 
the FMIMS performs inferior.

We also compared the performance of FMIMS with 
related algorithms by varying the number of selected miR-
NAs. The experimental results for breast cancer using k-
NN are shown in Fig. 1. Similar curves are also obtained 
from the other data sets and shown in Section 6 of the sup-
plementary file.

3.3 � Effectiveness of fuzzy mutual information

Let us now compare the effectiveness of FMI over some 
other fuzzy information measures and a non-fuzzy version 
of mutual information in selecting the most relevant group 
of miRNAs. Other fuzzy information measures consid-
ered are fuzzy V information measure (FVI) and fuzzy χ2 
information measure (FCI) [18]. In case of non-fuzzy ver-
sion, mutual information is computed with Parzen window 
method (PMI).

The comparisons among the miRNAs selected by FMI, 
FVI, FCI and PMI in terms of F scores corresponding to 
SVM and k-NN classifiers are shown in Fig. 2a, b, respec-
tively. It is evident from the figures that the best F scores 
for different data sets are obtained using FMI.

4 � Discussion

In this investigation, we have emphasized on the selec-
tion of important miRNAs. In this section, we discuss 
the significance of the miRNAs, selected by the proposed 
FMIMS (Table  2), to the related cancers. For example, 
in breast cancer, “hsa-mir-30a” and “hsa-miR-10a” are 
found as the important ones. Our computational findings 
are similar to those investigations by Ouzounova et  al. 
[23], Cheng et  al. [5] and Zhang et  al. [37] where they 
have pointed out that miRNA “hsa-mir-30a” targets the 
metadherin (MTDH), FOXD1 and AVEN genes and plays 

Table 2   Selected miRNAs for 
different data sets using FMIMS

The novel predictions for various data sets are marked in bold font

Data set

Breast Renal Colorectal Lung Melanoma Prostate

miRNA hsa-mir-30a
hsa-miR-10a

hsa-miR-15a
hsa-miR-519e

hsa-miR-103
hsa-miR-125a

hsa-miR-431
hsa-miR-200b
hsa-miR-22

hsa-miR-320c
hsa-miR-943
hsa-miR-199a
hsa-miR-127-3p

hsa-miR-505
hsa-mir-181b

Table 3   Classification 
performance after redundancy 
removal on some groups 
corresponding to different data 
sets

The F score values are found to be almost the same even after the removal of redundant miRNAs

Data set Group no. Before redundancy removal After redundancy removal

No. of miRNAs F score No. of miRNAs F score

SVM k-NN SVM k-NN

Breast 2 5 0.68 0.23 3 0.66 0.21

Renal 3 28 0.71 0.69 14 0.67 0.60

Colorectal 4 40 0.61 0.33 20 0.60 0.32

Lung 4 11 0.57 0.68 6 0.52 0.61

Melanoma 2 121 0.65 0.64 61 0.64 0.60

Prostate 8 4 0.53 0.52 2 0.50 0.47

Author's personal copy
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a major role in the growth of breast tissues. The involve-
ment of the miRNA “hsa-miR-10a” in amplifying the 
genes related to breast cancer is reported by Lund et  al. 

[17]. The miRNA “hsa-miR-15a” is selected as one of the 
responsible miRNAs for renal cancer, and our findings are 
in agreement with the investigation by Wulfken et al. [35]. 
The most relevant group for colorectal cancer data contains 
the miRNAs “hsa-miR-103” and “hsa-miR-125a.” Inter-
estingly, the investigation by Chen et  al. [4] revealed that 
“hsa-miR-103” regulates the expressions of DAPK and 
KLF4 genes and acts as a metastasis suppressor in colorec-
tal cancer, and upregulation of “hsa-miR-125a” is found to 
be responsible by Nishida et al. [22] for the same disease. 
Similarly for lung cancer, upregulation of “hsa-miR-22” is 
identified as one of the reasons by Keller et  al. [11]. The 
miRNA “hsa-miR-200b” plays an important role in lung 
cancer chemotherapy [29]. Upregulation of “hsa-miR-
199a” and “hsa-miR-943” [7, 19] and downregulation of 
“hsa-miR-127-3p” [36] are found responsible for mela-
noma. The investigations by Feng et al. [6] and He et al. [9] 
reported that upregulation of “hsa-miR-505” and “hsa-mir-
181b,” respectively, causes prostate cancer by promoting 
cell proliferation in prostate gland, and our miRNA selec-
tion methodology also identified them as the relevant ones.

FMIMS also predicted some miRNAs which target 
cancer-related genes. For example in the database [13] 
published by Laganá et  al, the miRNA “hsa-miR-519e” 
is reported as one of the responsible miRNAs for kidney 

Table 4   Comparison of classification performance among different miRNA/gene selection methods in terms of sensitivity, specificity, F score 
and accuracy using SVM and k-NN classifiers

For a data set, the best result achieved by any method is marked by bold font

Method Measures Breast Renal Colorectal Lung Melanoma Prostate

SVM k-NN SVM k-NN SVM k-NN SVM k-NN SVM k-NN SVM k-NN

FMIMS Sensitivity 0.83 0.95 0.87 0.87 0.65 0.64 0.79 0.79 0.75 0.71 0.75 0.92

Specificity 0.90 0.51 0.80 0.80 0.87 0.78 0.79 0.79 0.78 0.73 0.72 0.62

F score 0.86 0.66 0.83 0.83 0.74 0.70 0.80 0.79 0.76 0.72 0.72 0.76

Accuracy 86.67 73.46 83.33 83.33 74.68 70.45 79.00 79.00 76.55 72.50 73.11 77.08

MRMR Sensitivity 0.74 0.71 0.83 0.74 0.56 0.77 0.59 0.46 0.50 0.39 0.75 0.79

Specificity 0.60 0.48 0.62 0.77 0.50 0.56 0.57 0.79 0.86 0.84 0.71 0.75

F score 0.66 0.57 0.71 0.75 0.53 0.65 0.58 0.49 0.63 0.53 0.72 0.77

Accuracy 66.83 59.38 72.92 75.59 53.02 66.55 59.10 48.87 67.46 61.63 72.91 77.08

SVMRFE Sensitivity 0.24 0.90 0.58 0.37 0.52 0.84 0.51 0.41 0.66 0.57 0.33 0.54

Specificity 0.38 0.12 0.37 0.37 0.56 0.19 0.67 0.58 0.70 0.48 0.58 0.50

F score 0.29 0.21 0.46 0.37 0.54 0.31 0.58 0.46 0.68 0.53 0.42 0.52

Accuracy 30.88 51.57 47.91 37.00 53.90 51.18 58.82 50.18 68.56 53.09 45.83 52.08

SVMRFE with MRMR Sensitivity 0.53 0.62 0.56 0.54 0.69 0.32 0.36 0.59 0.54 0.56 0.45 0.55

Specificity 0.60 0.68 0.75 0.75 0.69 0.30 0.43 0.68 0.52 0.70 0.42 0.50

F score 0.56 0.65 0.64 0.62 0.69 0.31 0.39 0.63 0.53 0.62 0.43 0.52

Accuracy 56.45 65.20 65.41 64.58 68.86 31.11 39.56 63.57 53.26 63.20 43.70 52.62

FRSIM Sensitivity 0.60 0.90 0.63 0.72 0.78 0.67 0.60 0.66 0.74 0.70 0.74 0.74

Specificity 0.80 0.38 0.79 0.79 0.71 0.62 0.52 0.55 0.67 0.54 0.71 0.72

F score 0.69 0.53 0.70 0.74 0.74 0.64 0.56 0.60 0.71 0.61 0.72 0.72

Accuracy 70.10 53.44 71.45 75.50 74.36 64.50 56.10 60.52 71.82 62.00 72.40 72.40

Fig. 1   Comparison of classification performance in terms of F score 
for different methods using various percentage of miRNAs in breast 
cancer data set. The percentage of top miRNAs is varied from 10 to 
70, in steps of 10, for different methods. The performance of FMIMS 
is shown by a straight line (y =  0.66) parallel to the x axis as it is 
constant for a particular data set where the miRNAs are automatically 
selected through the most relevant group
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cancer by regulating the ABCG2 gene. Our investigation 
selects the same miRNA for renal cancer, the most com-
mon type of kidney cancer that originates in the lining of 
the proximal convoluted tubule. Similarly, in the same data-
base, “hsa-miR-431” and “hsa-miR-320c” are mentioned 
as responsible for targeting 12 and 4 genes for lung can-
cer and melanoma, respectively. Interestingly, the same 
miRNAs are also identified as the most relevant ones for 
the same cancers by FMIMS. Therefore, the miRNAs “hsa-
miR-519e,” “hsa-miR-431” and “hsa-miR-320c” may be 
viewed as novel computational predictions by FMIMS.

Among the six data sets used in our study, while the 
breast cancer data [2] deals only with early stage of can-
cer, the colorectal cancer data [1] consist of "Duke A" 
(early stage), "Duke B," "Duke C" and "Duke D" stages 
of cancer. The results of breast cancer data are already dis-
cussed before. Further, in a part of the investigation, we 
performed experiments only with Duke A stage of colo-
rectal cancer and found three miRNAs “has-miR-130b,” 

“has-miR-422b” and “has-miR-501” as important for early 
stage detection. The classification accuracies achieved by 
these miRNAs are 83.75 and 82.50  % corresponding to 
SVM and k-NN classifier. As our method is also capable of 
identifying the relevant miRNAs from these data sets (viz. 
breast and colorectal cancer), the algorithm is suitable for 
handling the cancers before metastasis.

The miRNAs identified by the proposed FMIMS are also 
evaluated for their involvement in disease-specific path-
ways by using the pathway analysis tools, namely DIANA 
[25, 33] and Starbase [15]. Given a miRNA, these tools can 
identify the pathways through the target genes. The tools 
provide a merged p value by combining all the p values 
of the target genes for a specific miRNA through Fisher’s 
combined probability method [33]. Out of 15 miRNAs 
identified by FMIMS, 12 miRNAs are found to be involved 
in disease-specific pathways. Among these 12, 8 miRNAs 
are identified with p value <0.01 for targeting genes and 
the remaining 4 are identified with p value ranging from 
0.06 to 0.09. For example, the miRNA “hsa-miR-22” is 
involved in lung cancer pathway where the target genes 
have the merged p value of 1.21× 10−5. In a similar way, 
the remaining miRNAs are also observed to be related with 
specific disease pathways with different p values, as men-
tioned in Table 5.

In our methodology, certain criteria are followed to 
achieve more accurate selection of miRNA than those in 
[8, 20, 21, 26] and [18]. For example, unlike the investiga-
tion by Navon et  al. [21], we used samples without con-
sidering any pair (pair: normal and cancer samples from 
the same patient) between them and considered a par-
ticular cancer for selecting miRNAs rather than selecting 
a group of globally deregulated miRNAs. Improvement 
is also made over the related investigations [18, 20, 26] 
by automatic selection of the most relevant miRNAs and 
optional removal of redundant miRNAs. Optional removal 
of redundancy helps the user to keep all the relevant miR-
NAs, if necessary. In our methodology, all the non-cancer-
ous patients (i.e., normal samples and benign tumors) are 
considered to form one class (normal) and all the cancer 
samples (i.e., different stages of cancers) as another class 
(cancer). Therefore, the miRNAs selected by our method 
will also be able to separate malignant tumors (as cancer 
class) from benign tumors (as normal ones), while classi-
fying these two classes.

As our target is to select a group of miRNAs which 
provides maximum class separability between normal and 
cancer expressions, initially the miRNAs are divided into 
several groups and then the most relevant group is selected 
in terms of class separability by using the FMI theory. So, 
the most relevant group should contain the optimum set of 
miRNAs for classification. However, there are two issues 
concerning the grouping:

Fig. 2   Comparison between FMI, FVI, FCI and PMI in terms of F 
score using the selected miRNAs for different data sets. a, b shows 
the performance of these information measures using SVM and k-
NN, respectively, a performance with SVM classifier, b performance 
with k-NN classifier
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1.	 The patients have labels (i.e., normal and cancer), 
but miRNAs do not. Therefore, grouping of miRNAs 
stands out to be an unsupervised task, where miRNAs 
are considered as patterns and patients are the fea-
tures. Further, a conventional unsupervised (cluster-
ing) method considers normal and cancer expressions 
within a single profile vector in order to compute the 
similarity between two miRNAs. Hence it would be 
unable to capture the existing class difference informa-
tion between normal and cancer which is required to 
classify an unknown miRNA expression finally.

2.	 Patients are of two types (normal and cancer) and their 
number in each type is different. Therefore, computing 
the similarity/distance between normal and cancerous 
classes is not feasible.
To address the first issue, one may need to use a super-
vised classifier which can take into account the class dif-
ference information during training and then group the 
unlabeled miRNAs accordingly. As the class difference 
information is preserved within the resulting groups, 
the miRNAs in the most relevant group is therefore 
expected to be most appropriate for classification of an 
unknown miRNA. Since SVM is efficient for two-class 
classification, it is used in our investigation. To address 
the second issue, we have considered point representa-
tives for each class, computed from all the expression 
values of that class. Moreover, the normal and cancerous 
expressions of a miRNA may overlap with each other. 
Similarly, expressions of two miRNAs may overlap. 
This is handled using FMI measures which takes care 
of the former overlapping in computing the relevance of 
a miRNA, while the latter one in computing the redun-

dancy between two miRNAs. Thus, the novelty of our 
method lies in demonstrating a way to handle unpaired 
samples using SVM and FMI for finding informative 
miRNAs associated with a cancer.

5 � Conclusions

In this investigation, a method for selection of cancerous 
miRNA is explained. It consists of three steps, grouping of 
miRNAs, selection of the most relevant group and removal 
of redundancy from the selected group. The number of 
groups is automatically identified by the grouping algo-
rithm. The miRNAs in the most relevant group are consid-
ered as the best group in terms of the separation between 
their normal and cancer expressions for a particular type of 
cancer. They also provide better classification accuracy as 
compared to the miRNAs in other groups. The most relevant 
miRNAs are ranked according to their redundancy which is 
used as a selection criterion, if the number of miRNAs in 
the relevant group is greater than the user-defined one.

The comparative study demonstrates the superiority 
of the FMI measure in terms of selection of the most rel-
evant group. It is also seen that the FMIMS performs bet-
ter than some other methods for most of the data sets. All 
the selected miRNAs by FMIMS are found to be relevant 
according to related biological investigations or database. 
It is evident from the breast and colorectal data sets, where 
expressions for early stage of cancers are also available, 
that our algorithm can identify the relevant miRNAs even 
before metastasis. There are various stages of cancer where 
FMIMS may be useful to diagnose them. In particular, it 
is very challenging and important to detect cancer before 
it metastasize. The experimental findings on multiple data 
sets and their relevance to those of biological experiments 
reveal the significance of this investigation.
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