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1 Fuzzy mutual information

Here the concept of fuzzy mutual information (FMI) [1] is described. 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
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where, MA is a d × t matrix,
d∑

u=1
µA
uv = 1, ∀ v, µA

uv ∈ [0, 1], represents the

membership of the vth object (say, x̄v) in the uth fuzzy equivalence class Fu.
Each row of the matrix MA represents a fuzzy equivalence class in U and each
column represents an object in U . Therefore, Fu can be represented as
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where, the ‘+’ sign represents the union operator. Now, the cardinality of Fu

can be calculated as ∣∣Fu

∣∣ =

t∑
v=1

µA
uv. (3)

The entropy of the Fuzzy attribute set A is given as

H(A) = −
d∑

u=1

λFu
logλFu

(4)
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where, the fuzzy relative frequency is represented by λFu and it is defined as

λFu
=

∣∣Fu
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t
. (5)

From Eq. 3 and Eq. 4, H(A) can be rewritten as
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Consider, P and Q are two subsets of A. The numbers of fuzzy equivalence
classes generated by P and Q are p and q, respectively. The ath and bth fuzzy
equivalence classes of P and Q are represented as Pa and Qb, respectively. The
joint relative frequency of Pa and Qb is given as (|Pa ∩Qb|)/t, where,

∣∣Pa ∩Qb
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Q
bc). (7)

Here, µP
ac represents the membership value of the cth object in the ath fuzzy

equivalence class, µQ
bc represents the membership value of the cth object in the

bth fuzzy equivalence class and t is the total number of objects in both of the
fuzzy attribute sets P and Q. Therefore joint entropy H(P, Q) can be written
as
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The Fuzzy mutual information (FMI) between the two fuzzy sets P and Q is
given as

I(P,Q) = H(P ) +H(Q)−H(P,Q). (9)

Using Eqs. 6 and 8, Eq. 9 can be rewritten as
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Fig. 1 Block Diagram of the Proposed Method

2 Block diagram

The block diagram of FMIMS is shown in Fig. 1. It has three steps. In the
first step, the miRNAs are initially grouped by SVM. Note that, the number
of groups is automatically determined by the grouping algorithm.

In the second step, the relevance of each miRNA (with respect to a deci-
sion), for a given group, is calculated by FMI. The most important group is
then selected according to the highest average relevance value of the miRNAs
in a group.

In the final step, for each miRNA, the redundancies with respect to other
miRNAs (in the most relevant group) are calculated separately and the average
of all the redundancies is considered as the redundancy of that particular
miRNA. This procedure is repeated for all miRNAs in the most relevant group
and the miRNAs are ranked according to their redundancy. Highly redundant
miRNAs can be removed according to the user defined criterion. Note that
the user can skip the redundancy removal process and proceed for further
experiments with all relevant miRNAs.
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3 Description of the data sets

In this investigation six data sets, viz., breast [2], renal [3], colorectal [4], lung
[5], melanoma [6] and prostate [7] cancer data sets, are used to test the per-
formance of the proposed methodology, FMIMS. The breast, renal, colorectal,
lung, melanoma and prostate cancer data sets consist of 98 (5 normal and
93 cancer), 24 (12 normal and 12 cancer), 66 (8 normal and 58 cancer), 36
(19 normal and 17 cancer), 57 (22 normal and 35 cancer) and 24 (12 normal
and 12 cancer) samples and 309, 12033, 352, 866, 866 and 12033 miRNAs,
respectively. The summary of the used data sets is presented in Table 1.

Table 1 Summary of the data sets

Cancer Total No. of No. of
Type No. of Normal Cancer

miRNAs Patients Patients
Breast cancer 309 5 93
Renal cancer 12033 12 12

Colorectal cancer 352 8 58
Lung cancer 866 19 17

Melanoma cancer 866 22 35
Prostate cancer 12033 12 12

4 Measures for performance evaluation

In this section we will define sensitivity, specificity, F score and accuracy.
These are defined as

Sensitivity =
true positives

true positives+false negatives
, (11)

Specificity =
true negatives

true negatives+false positives
and (12)

F =
2× Sensitivity× Specificity

Sensitivity+Specificity
. (13)

Accuracy(%) =
No. of correctly classified samples

Total samples
× 100, (14)

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 expressions, for a cancer sample. True negative implies the
number of correctly detected normal miRNA expressions and false positive
implies the wrongly detected cancer miRNA expressions.
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5 Calculation of membership values

Here we describe the way of calculating membership values used in fuzzy
mutual information (FMI). The membership values can be calculated by any
function, such that, the membership value of a data point with respect to a
class, is non-decreasing with its closeness (in terms of distance) to that class
center. Consider, Xk

h as the hth expression value (normal or cancer, anything)
of the kth miRNA and 1 ≤ h ≤ (N +M), ck1 and ck2 as the average expression
values of normal and cancer classes (i.e., the centers of the two classes) of the
kth miRNA, respectively. Here, the membership value (µk

eh) of the hth sample
of the kth miRNA in eth class is calculated as

µkeh = 1/
[
(cke −Xk

h)2/(ck1 −X
k
h)2 + (cke −Xk

h)2/(ck2 −X
k
h)2
]

(15)

where, e = 1, 2 (as there are two classes, normal and cancer). Some properties

of Eq. 15 are (i) µk
eh ∈ [0, 1], (ii)

2∑
e=1

µk
eh = 1, ∀h, (iii) the value of µk

eh increases

as the closeness of Xk
h to eth group center increases, i.e., |cke−Xk

h | decreases and
(iv) if the hth sample coincides with any class center (i.e., the distance of the
sample from that class center is 0) then the value of µk

eh for the corresponding
class will be 1, and the value will be 0 for the other class. Note that in Eq. 15,
0
0 is considered as 1 as lim

n→0

n

n
= 1.

6 Comparison with variable set of miRNAs

In this section we compared the performance of FMIMS with related algo-
rithms by varying the number of selected miRNAs. Here the percentage of
top miRNAs is varied from 10 to 70, in steps of 10, for various methods. The
experimental results using k -NN are shown in Figs. 2(a)-2(f). In these figures,
the performance of FMIMS is shown by a straight line parallel to the x axis
as it is constant for a particular data set where the miRNAs are automati-
cally selected through the most relevant group. It is observed that our method
achieved the best F score for all the data sets, as compared to other meth-
ods, using variable number of top miRNAs. It is also observed that all other
methods show their best performance within top 10%-30% of miRNAs. Similar
curves are also obtained by using SVM as a classifier, though not reported.
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(a) Comparison using Breast cancer

(b) Comparison using Renal cancer
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(c) Comparison using Colorectal cancer

(d) Comparison using Lung cancer
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(e) Comparison using Melanoma cancer

(f) Comparison using Prostate cancer

Fig. 2 Comparison using various set of miRNAs
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7 Other Comparisons

So far, the most relevant group of miRNAs, obtained by FMIMS, is considered
as the selected set of miRNAs. The selection process can also be performed
using two other ways. In the first approach, groups can be obtained using
SVM in a similar fashion and the representative of each group can constitute
together the set of resulting miRNAs. Let this method be called grouping and
selecting group representatives (GR). This method establishes the importance
of the most relevant group. In the second approach, the output of the first
block (shaded in Fig. 1) can be considered to rank the miRNAs simply based
on similarity measure and a percentage of the top ranked miRNAs can be
selected. Let this method be referred as normalized distance based ranking
(NDR). The method also demonstrate the effectiveness of grouping. These
two methods are described in the following paragraphs.

Table 2 F score of GR and NDR method

Cancer
No. of miRNAs F score F score

Obtained by SVM Obtained by k-NN

type FMIMS GR NDR FMIMS GR NDR FMIMS GR NDR

Breast 2 13 30 0.86 0.72 0.49 0.67 0.33 0.33
Renal 2 360 1203 0.83 0.52 0.52 0.83 0.47 0.47

Colorectal 2 20 35 0.74 0.58 0.51 0.70 0.29 0.45
Lung 3 68 86 0.79 0.55 0.55 0.79 0.42 0.40

Melanoma 4 76 86 0.76 0.59 0.60 0.72 0.56 0.53
Prostate 2 383 1203 0.72 0.46 0.40 0.76 0.47 0.44

GR: The way of selecting the group representatives in GR is as follows.
Let, G1, G2, ..., Gf , ..., Gs be the groups of miRNAs. The average expression
profile of miRNAs in the group Gf (say Ḡf ) is calculated as

Ḡf =

[
1

L′

L′∑
k=1

Xk
1 , ...,

1

L′

L′∑
k=1

Xk
h , ...,

1

L′

L′∑
k=1

Xk
N+M

]
(16)

where, 1 ≤ h ≤ (N + M), N and M are the total number of normal and
cancer samples, respectively, Xk

h is the expression value (i.e., normal or cancer)
corresponding to the hth sample of the kth miRNA and L′ is the total number
of miRNAs in the group Gf . The miRNA nearest to the Ḡf , is considered as
the representative of the group Gf . The process is followed for all the groups.

NDR: In our experiment 10% of the top ranked miRNAs, as obtained from
the output of shadded region of Fig. 1 on the basis of highest value of αk (See
Eq. 13 in main article), is selected.

Table 2 shows the classification performance of the miRNAs, selected by
FMIMS, GR, and NDR as obtained by both SVM and k-NN. It is observed
that the miRNAs, selected by the FMIMS, perform better than other two
methods in terms of F score. For example, while the F score of the FMIMS
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varies from 0.72 to 0.86 (using SVM as classifier) and 0.66 to 0.83 (using k -
NN classifier), it varies from 0.46 to 0.72 (using SVM as classifier) and 0.33 to
0.56 (using k -NN as classifier) for the GR method. For NDR method, the F
scores vary from 0.40 to 0.60 for SVM and 0.33 to 0.53 for k -NN, depending
on various data sets. Therefore it can be said that our method provides better
results than other two methods.

8 Overall Performance

In our experiment, it is seen that the average F scores, over all methods,
achieved by FMIMS (0.79 and 0.74 for SVM and k -NN classifiers, respec-
tively) are highest among all other average F scores obtained with different
methods. The second highest F scores (0.69 and 0.64) are achieved by FRSIM
[1] algorithm for both the classifiers. The time requirements to execute the se-
lection process by different methods are also compared and are shown in Fig.
3. All the methods are implemented in Matlab 2012Ra and executed on a com-
puter having Intel core i7 2nd generation processor with 16 GB of RAM. The
time scale shown in the figure is the log value with base 2 of the actual execu-
tion time calculated in seconds. For example FMIMS takes 141.13 seconds to

Fig. 3 Execution time for different methods

complete the selection process for renal cancer data set, and the corresponding
log2 value (7.14) is shown in the figure. It is observed that, although SVMRFE
and SVMRFE with MRMR take much higher time than FMIMS, the selected
miRNAs by FMIMS provides better classification performance. The methods
MRMR, FRSIM and GR take less or marginally higher time as compared to
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FMIMS, but FMIMS performs best for most of the data sets. As expected,
the NDR method takes the lowest computational time among all the methods
as it is based on only interclass and intraclass distances of individual miRNA,
but its performance is considerably inferior to the proposed method.
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