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Abstract Data analytics in granular computing framework

is considered for several mining applications, such as in

video analysis, bioinformatics and online social networks

which have all the characteristics of Big data. The role of

granulation, lower approximation and r–f information

measure is exhibited. While the lower approximation over

a video sequence signifies the object model for unsuper-

vised tracking, it characterizes the probability (relative

frequency) of definite regions in ranking miRNAs for

normal and cancer classification. For neural learning, the

information on definite region is used as the initial

knowledge for encoding while generating the networks

through evolution. Granules considered are of different

sizes and dimensions with fuzzy and crisp boundaries. The

tracking method is effective in handling different

ambiguous situations, e.g., overlapping objects, newly

appeared object(s), multiple objects in different directions

and speeds, in unsupervised mode. The ranking algorithm

could find only 1% miRNAs to result in significantly

higher F-score than the entire set. Fuzzy–rough commu-

nities detected over the granular model of social networks

are suitable in dealing with overlapping virtual communi-

ties in Big data. The knowledge encoding based on fuzzy–

rough set provides superior performance than that of rough

set. Future directions of research and challenges including

the significance of z-numbers in precisiation of granules are

stated. The article includes some of the results published

elsewhere.

Keywords Granular computing � Fuzzy–rough sets �
Data mining � Bioinformatics � Video tracking �
Social network analysis � Neural networks � z-Numbers �
Granulated deep learning

1 Introduction

With the evolution of various modern technologies, huge

amount of data are being constantly generated and col-

lected around us. We are in the midst of what is popularly

called information revolution and are living in a so-called

world of knowledge. This huge amount of data, broadly

characterized by three Vs—large volume, velocity and

variety—is popularly known as ‘‘Big data.’’ Analysis,

access and storing of these data are now central to various

scientific innovation, public health and welfare, public

security and so on. Since Big data is highly complex in

nature, mining them is not straight forward. Most of the

information is heterogeneous, time varying, redundant,

uncertain and imprecise. To reason, understand and mine

the useful knowledge from these data have become a great

challenge.

Big data analytics (BDA), i.e., analytics over Big data,

has tremendous promising role in several fields such as

commerce and business, biology, medicine, public

administration, material science and cognition in human

brain, just to name a few. Its objective, as it stands, is to

develop complex procedure running over large-scale

enormous-sized data repositories for—extracting useful

knowledge hidden therein and delivering accurate predic-

tions of various kinds within a reasonable time period.

While analytics over big data has a leading role, there has

been a significant shortage of deep analytical talent

globally.
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Mining of Big data can be made effective with

methodologies that can deal with their characteristics, such

as heterogeneity, dynamism or time varying, redundancy,

uncertainty and impreciseness. Heterogeneity in data

comes from the characterization of information in different

ways, such as using numerical, categorical, text and image

or audio/video data. Dynamism in data is due to the

mechanism that generates related data changes at different

times or different circumstances, which adds new uncer-

tainty and difficulties for analysis. High dimensionality is

due to the inappropriate collection of data for a task.

Although a large candidate set of attributes is provided,

most of them are often irrelevant or redundant. These

superfluous attributes deteriorate the learning performance

of decision-making algorithms.

Granular computing (GrC) is a nature-inspired infor-

mation processing paradigm [1] that works with the process

of information granulation/abstraction, and where the

computation is performed using information granules

rather than the data points (objects). In the recent past, GrC

has evolved as a forefront research area due to the need and

challenges from various domains of applications, such as

data mining, document analysis, financial gaming, organi-

zation and retrieval of huge data bases of multimedia,

medical data, remote sensing and biometrics. GrC, based

on technologies like fuzzy sets [2], rough sets [3, 4] and

computing with words [5], provides powerful tools for

multiple granularity and multiple-view data analysis, which

is of vital importance for understanding the complexity in

Big data. There are some other applications which may

require understanding of Big data at different levels of

granularity. That means, GrC has significance both in

processing and decision-making levels.

The present article describes the significance of granular

computing in several mining applications, such as in video

analysis, bioinformatics and online social networks which

are considered to have all the aforesaid characteristics of

Big data. Section II briefly mentions the salient features of

GrC and the relevance of fuzzy sets and rough sets therein.

Section III explains the concept of lower and upper

approximations of a cluster (class of patterns) in the

framework of rough set theory and the associated uncer-

tainty. Sections IV and V describe the generalized rough

set and rough information granule, respectively. General-

ized rough set involves the incorporation of the concept of

fuzziness into its set and/or granules and provides a

stronger paradigm for handling uncertainties arising from

overlapping classes/concepts as well as from granularity in

the domain of discourse. On the other hand, rough infor-

mation granules have the inherent characteristics of

dimensionality reduction. Sections V to VIII demonstrate

the application of GrC in problems like unsupervised video

tracking, miRNA ranking for cancer detection and

community detection in social networks, respectively. Here

the roles of granule, rough lower approximation and

rough–fuzzy information measure are highlighted. The

unsupervised tracking system uses various neighborhood

granules as obtained from the object model which, in turn,

is extracted from the lower approximation of video frames.

The system has the capability of handling efficiently dif-

ferent ambiguous situations, like tracking multiple objects

moving in different directions with different speeds,

overlapping objects, objects of similar color and newly

appeared object while tracking some others. In the problem

of miRNA ranking, fuzzy lower approximations of normal

and cancer classes are used to find the probability (relative

frequency) of definite and doubtful regions for entropy

computation. A granular model, named fuzzy granular

social network (FGSN), is illustrated in Section VIII for

community detection. Section IX explains, in short, the

basic principles of designing granular neural networks

based on information granules, as extracted from lower

approximation of classes. The merits of fuzzy–rough sets

over rough sets in encoding knowledge are demonstrated.

Section X finds conclusions and future directions of

research.

2 Granular Computing: Why Rough and Fuzzy
Sets?

Granular computing (GrC) has basically three components,

namely granulation, granules and computing with granules.

Granulation means natural clustering which replaces a fine-

grained universe by a coarse-grained one, more in line with

human perception. This can be viewed as a process like—

self-organization, self-production, morphogenesis and

Darwinian evolution—that is abstracted from natural phe-

nomena. Clusters or segments so formed by granulation

(natural clustering) are called granules. That is, a granule

may be defined as a clump of indiscernible entities (drawn

together, say, by similarity, proximity or functionality)

with respect to given attributes. Granulation is therefore a

process of formation and representation of granules.

Granular computing (GrC), as stated before, provides an

information processing paradigm that works with the pro-

cess of information granulation/abstraction, and where

computation is performed using information granules and

not the data points (objects). Since granules refer to com-

pressed information and operations are performed on them,

GrC leads to have both data compression and gain in

computation time, and therefore finds wide applications in

data analytics.

In many situations, when a problem involves incom-

plete, uncertain and vague information, it may be difficult

to differentiate distinct elements and one may find it
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convenient to consider granules [1]. On the other hand, in

some applications though detailed information is available,

it may be sufficient to use granules in order to have an

efficient and practical solution. From a more practical point

of view, the simplicity derived from granular computing is

useful for designing scalable data mining algorithms.

Further, varying the size and shape of granules, one may

determine different levels of granularity, characterize a

specific aspect of the problem, represent the model dif-

ferently and finally regulate the decision-making tasks by

utilizing them for problem solving. Therefore, formation of

granules plays a significant role in GrC. For further refer-

ence, one may cite [6, 7].

It may be noted that the concept of granulation is

inherent in theories of both fuzzy sets (FS) and rough sets

(RS). Membership function (which is the building block of

fuzzy set theory) practically granulates the features,

thereby producing fuzzy granulation of feature space. On

the other hand, rough set theory concerns with a granulated

domain where a crisp set is defined thereon. Subsequently,

fuzzy sets and rough sets became most successful tech-

nologies for GrC. Between the two, rough set theory has

enriched the literature of GrC significantly. This is evident

also from a recent survey [8].

While the theory of fuzzy sets is pivoted on the concept

of membership function characterizing the degree of

belonging of an element to a set representing an imprecise

concept, the rough set theoretic approach is based on the

principles of granular approximation of a set from its inner

and outer sides concerning the belonging of granules to it.

These approximations which represent the groups of

granules ‘that definitely’, and ‘definitely and possibly’

belong to the set are called lower and upper approxima-

tions, respectively. A nice tutorial on rough sets and its

rudiments can be found in [9, 10].

Let us now explain the meaning of lower and upper

approximations of a cluster or a pattern class and the

associated uncertainty for machine learning problems.

3 Lower and Upper Approximations of a Cluster

Let us consider a cluster b defined over a granulated

domain (Fig. 1). Here white granules inside the cluster,

which have no doubt of their belonging to it, constitute

what is called lower approximation of b. The shaded

granules, on the other hand, are the boundary granules

about which we have doubt on their belonging to the

cluster b. These boundary granules together with those in

the lower approximation constitute what is called upper

approximation of b. Roughness of b is defined as:

Roughness of b ¼ 1 � Lowerj j= Upperj j ð1Þ

|Lower| and |Upper| denote the number of granules in lower

and upper approximations, respectively. When

|Lower| = |Upper|, b = 0. That is, if there is no granularity

in the domain, there is no roughness in the cluster.

In Fig. 1, both the cluster and the granules are crisp.

However, in real life either or both of them could be fuzzy.

In that case, the lower and upper approximate regions

would also be fuzzy, characterized by respective mem-

bership functions. This leads to the definition of General-

ized Rough Sets which provides a stronger model of

uncertainty handling. It is stronger in the sense that it

models the uncertainty arising from both overlapping

character of clusters and granularity in the domain.

Let us now explain the lower and upper approximations

of generalized rough sets [11].

4 Generalized Rough Sets: Lower and Upper
Approximations

In Pawlak’s rough set theory [3], both the set X and

granules or equivalence relation R are considered to be

crisp. However, in real-life problems, they could be fuzzy

too. Generalized rough sets are defined based on this pre-

mise where the expressions for the lower and upper

approximations of a set X depend on the type of relation R

and whether X is a crisp or a fuzzy set. These are described

as follows:

Case 1 R denotes a crisp equivalence relation and X is a

crisp set. The expressions for the lower and upper

approximations of the set X are given as

RX ¼ fuju 2 U : ½u�R � Xg;
RX ¼ fuju 2 U : ½u�R \ X 6¼ ;g;

ð2Þ

Here ½u�R denotes the granule to which the element u

belongs. The pair of crisp sets RX;RX
� �

is referred to as

the rough set of X and U;Rh i is a crisp equivalence

approximation space.

Fig. 1 A cluster b with lower and upper approximate regions
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Case 2 R denotes an equivalence relation and X is a

fuzzy set. The lower and upper approximations of the set X

are expressed as

RX ¼ u; inf
z2½u�R

lXðzÞ
� �

ju 2 U

� �
;

RX ¼ u; sup
z2½u�R

lXðzÞ
 !

ju 2 U

( )

;

ð3Þ

Here lX is the membership function associated with X. The

pair of fuzzy sets RX;RX
� �

is referred to as the rough–

fuzzy set of X and U;Rh i is a crisp equivalence approxi-

mation space.

Case 3 R refers to a fuzzy equivalence relation, that is,

the belongingness of every element (u) in the universe (U)

to a granule Y 2 U=R is specified by a membership func-

tion, say, mY , that takes values in the interval ½0; 1� such

that
P

Y mYðuÞ ¼ 1. In such a case, when X is a crisp set,

the lower and upper approximations of X are defined as

RX ¼ u;
X

Y2U=R

mYðuÞ � inf
u2U

maxð1 � mYðuÞ;CÞ

0

@

1

Aju 2 U

8
<

:

9
=

;
;

RX ¼ u;
X

Y2U=R

mYðuÞ � sup
u2U

minðmYðuÞ;CÞ

0

@

1

Aju 2 U

8
<

:

9
=

;
;

ð4Þ

where

C ¼ 1; u 2 X

0; u 62 X

�
ð5Þ

Symbols
P

(sum) and � (product), respectively, represent

specific fuzzy union and intersection operations. (One may

consider any fuzzy union and intersection operation instead

of the sum and product operations depending on applica-

tions.) The pair of fuzzy sets RX;RX
� �

is referred to as the

fuzzy rough set of X and U;Rh i is a fuzzy equivalence

approximation space.

Case 4 In Case 3 of R referring to a fuzzy equivalence

relation, when X is a fuzzy set, the expressions for the

lower and upper approximations of X are

RX ¼ u;
X

Y2U=R

mYðuÞ � inf
u2U

maxð1 � mYðuÞ; lXðuÞÞ

0

@

1

Aju 2 U

8
<

:

9
=

;

RX ¼ u;
X

Y2U=R

mYðuÞ � sup
u2U

minðmYðuÞ; lXðuÞÞju 2 U

0

@

1

A

8
<

:

9
=

;
:

ð6Þ

The pair of fuzzy sets RX;RX
� �

is referred as the fuzzy

rough–fuzzy set of X and U;Rh i is again a fuzzy

equivalence approximation space.

It is clear from the above discussion that the expressions

for lower and upper approximations in Cases 1–3 are

special cases of those of Case 4. Pictorial diagram of lower

and upper approximations for Case 4 is shown in Fig. 2.

Given the fuzzy lower and upper approximations of the

generalized rough sets X, one can determine the roughness

value of X with Eq. (1) where |Lower| and |Upper| would

denote fuzzy cardinalities. Using logarithmic gain function

or exponential gain function, an entropy measure can be

defined [11] based on roughness measures of X and its

complement Xc in order to quantify the incompleteness of

knowledge about a universe.

This entropy measure can be used for mining and ana-

lyzing any kind of data, be it, say, biological, or astro-

nomical or video, wherever the uncertainty arises from

overlapping concepts/classes, as well as from granularity in

the domain of discourse. The uncertainty due to random-

ness in the occurrence of events has not been considered

here. Significance of generalized rough sets and entropy in

defining various image ambiguity measures for image

analysis is described in [11, 12].

In the following section, we explain f-information

granulation using rough sets and its significance in

dimensionality reduction. Then, we demonstrate some

applications of granular computing in handling three types

of Big data problems, namely miRNA selection in bioin-

formatics, video tracking and social network mining. These

are followed by granular neural net design for efficient

learning.

5 Rough F-Information Granulation
and Dimensionality Reduction

Development of information granules using rough set

theory has been made by several researchers. The theory is

used in [9] to obtain dependency rules which model various

informative regions in fuzzy granulated feature space. The

fuzzy membership functions corresponding to these infor-

mative regions constitute what are called rough

Fig. 2 Pair RX;RX
� �

is referred to as fuzzy rough–fuzzy set of X
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information granules. These granules may involve a

reduced number of relevant features, thereby resulting in

dimensionality reduction. For example, given the object

region in Fig. 3, rough set theory can, whether supervised

or unsupervised mode, extract the rule F1M _ F2M (i.e.,

feature F1 is M AND feature F2 is M) to encode the object

region. This rule which represents the rectangle (shown by

bold line) provides a crude description of the object region

and can be viewed as its information granule. Though both

the features F1 and F2 have appeared here in the rule, in

practical scenario with large number of features, the rough

rules corresponding to various regions may not contain all

of them.

For example, consider IRIS data with three flowers viz,

Setosa, Versicolor and Virginica having, four features viz,

sepal length, sepal width, petal length and petal width, and

50 samples from each category. From the scatter plots

taking two features together, two flower classes are seen to

be overlapped while the other one well separated. So,

intuitively one may need all the four features to segregate

mostly the ovelapping flowers, but definitely not for the

other flower which is well separated. That is, on an average

the number of features required to characterize/represent a

flower class would be less than four. This is what is

reflected in Fig. 4 where the aforesaid rough–fuzzy infor-

mation granulation needs only about 2.5 features on aver-

age to store a flower (case) from each class instead of 4, as

required by IB3, IB$ and random selection methods [13].

Even with this reduced number of features, the classifica-

tion accuracy by 1-NN classifier is maximum. The retrieval

time (tret), as expected, is minimum. Generation time

(tgen) is next to random selection method which needs

almost no time to pick up a representative flower from each

category.

Its application in information retrieval for mining large

data sets has been adequately demonstrated [13]. In [14],

the concepts of rough sets are also employed for generating

multi-granulations, based on multi-equivalence relations. A

neighborhood type of information granule is developed in

[15]. Here, a neighborhood rough set defines the granule

and its size is controlled by a distance function. Informa-

tion granulation using covering-based rough set is provided

in [16].

In the following sections, we demonstrate the develop-

ment of analytics using GrC for three types of Big data,

namely videos, miRNA expressions and online social net-

work data. Example tasks considered are unsupervised

video tracking, miRNA ranking in cancer detection and

community detection, respectively. The challenging issues

in the respective domains are addressed. Apart from per-

formance, the results exhibit the role of

• Granules

• Lower approximation

• r–f information (entropy) measure.

6 Video tracking

Tracking of moving object(s) from video sequences is one

of the basic steps of video processing [17–19]. Object

tracking is required in several fields of computer vision,

e.g., surveillance and gesture recognition [18]. This prob-

lem has been studied over the decades. Some of the

approaches are partially supervised where the initial object/

background model is known, while some others are unsu-

pervised. One may note that in video tracking the complete

information is not available. This makes the prediction task

difficult as it involves several uncertainties due to, e.g.,

change in shapes/sizes of moving object(s), change in

motion of the object(s) and change in numbers of object(s).

Here we describe an unsupervised method of tracking

[19] using adaptive rule generation in granular computing

framework based on rough rule base and granular flow

graph. The flow graph enables in defining an intelligent

technique for rule base adaptation where its characteristics

in mapping the relevance of attributes and rules in deci-

sion-making system are exploited. These techniques are

performed in neighborhood granular level. The rough flow

graph-based adaptive granular rule-based system, produced

for unsupervised video tracking, is able to overcome the

incompleteness in information that arises without the initial

manual interactions and in providing superior performance

while gaining in computation time. The cases of partial

overlapping of objects and their unpredictable changes are

handled efficiently.

The major characteristics of the method are as follows:

Fig. 3 Rough set theoretic rules for an object. L, M and H represent

low, medium and high, respectively
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• Neighborhood granules in RGB-D space are used.

Granules are of three types, viz, 3-d spatiotemporal, 2-d

spatio-color, 1-d color, which are formed by region

growing using color and spatial similarity of pixels.

Granules thus generated are of arbitrary shape, i.e.,

natural granules.

• Granules are extracted from Lower Approximate Object

Model which is obtained in the median frame using

temporal information in D-space.

• Involves granular level rule-based decision, i.e., uses

granules, instead of pixels, for object-background (O/B)

partition.

• Updating of rule base is done automatically with flow

graph.

• Deals with ambiguous tracking situations (e.g., over-

lapping objects, newly appeared object, objects merged

with similar color, multiple objects moving in different

directions and speed) in unsupervised mode.

6.1 Lower Approximate Object Model

Let us now explain the lower approximate object model.

Given P frames ft, ft-1,…fp,…ft –P-1 of a video, com-

pute the absolute difference frames {sp-

V p [ 1,2,…,P - 1} w.r.t. ft in D-space to find temporal

(changed) information. Then, performing intersection (\)

and union ([) operations as follows

• \{sp V p [ 1,2,…,P - 1} denotes the common moving

regions of sp over P - 1 frames and provides an

estimation of Lower approximation (Olow) of the

moving object(s) in temporal domain. This may be

termed as the object model in D-space.

• [{Olow, sP} = [{Olow, | ft - fP-1|} (basically sP)

denotes an estimation of Upper approximation (Oup)

of the moving object(s) in temporal domain.

Values of the features (RGB-D, Temporal) contained in

the set Olow are the core values of the object model. Values

of these features in the set {Oup - Olow}, i.e., the boundary

region, determine the extent to which the values in the

object model are allowed. These approximations are shown

in Fig. 5 for P = 4 where a girl is doing exercise by

moving her hands.

6.2 Formation of Granular Rule Base

Formations of 2-d spatio-color granules, 1-d color granules

and finally 3-D spatiotemporal granules are shown in

Fig. 6. First, 2-D spatio-color granules are extracted in the

lower approximate object model in smedian frame. Then, 1-d

color granule corresponding to the representative location

of a 2D spatio-color granule is formed using the temporal

information from the sP…s1 planes, where sP = |ft - fP-1|.

These two types of granules together constitute the 3-d

spatiotemporal granules of the object model. These are

called neighborhood granules as they use neighborhood

pixel information while forming.

In Fig. 6, three such 1-d granules consisting of 2, 3 and

1 points (as shown connected by solid lines) are marked as

examples. Once these points are obtained in s-plane, find

the corresponding point locations in f-plane and their RGB

0
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Fig. 4 Performance of different

case generation schemes for the

IRIS data with 3 classes, 4

features and 150 samples
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and D values. Given the {RGB, D, s} feature information

of a1-d granule Gc, determine the range of each of these

features considering a possible deviation d, say equal to 2.

These three ranges, say RGBN, DN and Sp-TempN, are then

presented to the rule base as input to characterize the range

of the object model with respect to Gc.

6.3 Methodology

The block diagram of the method of unsupervised tracking

is shown in Fig. 7. Here the rule base is updated using a

granular flow graph. It is called granular flow graph as it

maps the decision paths of the granular rule base. The

method of updating is intelligent in the sense that neither

the ranges of all the features for an object, nor the ranges of

all objects need to get updated at a go (simultaneously).

Updating is done for a particular feature(s) only when

required, instead of every time. For details on the func-

tioning of flow graph, one may refer [20].

Figure 8 demonstrates, as an example, the capability of

the system in tracking multiple objects moving in different

directions with different speeds. Here the frames per

sec = 15, and P = 6. Similarly the system could handle

efficiently the ambiguous situations like tracking overlap-

ping objects, objects of similar color and newly appeared

object while tracking some others. Further, as it uses

granules rather than pixels for object-background partition,

the tracking is fast. The details are available in [19]. Other

approaches of video tracking in granular computing

framework, e.g., using fixed rule base without flow graph,

using rough entropy with spatiotemporal granules and

using neighborhood rough filter and intuitionistic entropy,

are reported in [21–23]. Readers may also consult [24–34]

for some important tracking algorithms based on tech-

nologies, other than granular computing.

7 Micro-RNA Ranking in Cancer Detection

Let us now consider an important problem in bioinfor-

matics, namely identifying MicroRNAs (miRNAs), which

are responsible for cancer detection. MicroRNAs are non-

coding RNAs, and they work on messenger RNAs (mRNA)

to inhibit protein translation by degrading the mRNAs.

They act as a major biomarker of cancer. However, all

miRNAs in human body are not equally important for

cancer identification, and the role of various miRNAs is

Fig. 5 Extraction of temporal information and lower approximate

object model (in D-space, P = 4)

Fig. 6 3-d spatiotemporal granules extracted in lower approximate

object model in smedian frame
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diverse for different types of cancers. Further, the presence

of any irrelevant miRNA may decrease the classification

accuracy and increase both the biochemical and computa-

tional costs. Therefore, selection of most informative

miRNAs is important for identifying the condition of a

sample/patient.

It may further be mentioned that in miRNAs expression

data, the number of training samples is usually very small

compared to large number of miRNAs involved in the

experiments. And among this large amount, only a small

fraction is effective for a certain task. So, the process of

selecting informative miRNAs concerns basically a small

sample, large dimension problem, unlike the conventional

feature selection techniques in pattern recognition and

machine learning where the number of samples is very

large than that of features.

Here we describe the salient features and results of a

recent method [35] for identifying a reduced set of most

relevant miRNAs through their ranking. The method uses a

fuzzy–rough entropy measure (FREM) to determine the

relevance of a miRNA in terms of separability between

normal and cancer classes. While computing the FREM for

a miRNA, fuzziness takes care of the overlapping between

normal and cancer expressions, whereas rough lower

approximation determines their class sizes. MiRNAs are

sorted according to the highest relevance (i.e., the capa-

bility of class separation) and a percentage among them is

selected from the top ranked ones. FREM can also be used

to determine the redundancy between two miRNAs for

removal of the redundant ones from the aforesaid selected

set, if required.

Salient features of the algorithm are as follows:

In the framework of generalized rough sets (Sect. 4),

here the set is considered to be crisp (i.e., either cancer C or

normal N) and the granules fuzzy. Therefore, the associated

entropy is called fuzzy–rough entropy.

Fuzzy Lower Approx. of N and C classes are used to find

the probability (relative frequency) of definite and doubtful

regions for entropy computation.

Entropy minimization implies higher relevance of a

miRNA.

Top 1% selected miRNAs provide significant improve-

ment over the entire set in terms of F-score.

Before the results are described, we explain the FREM

with respect to a miRNA.

Fig. 7 Block diagram of

unsupervised tracking

Fig. 8 Tracking multiple persons moving in different directions and

speeds

Fig. 9 1-d fuzzy granules of normal (N) and cancer (C) classes for a

miRNA
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7.1 Fuzzy–Rough Entropy

Figure 9 shows, as an example, the pictorial diagram of 1-d

fuzzy granulation formed by normal and cancer patients

with respect to a miRNA, say M1 where the decision region

is crisp, i.e., either normal or cancer.

Let lN(p) be the membership values of a patient p to

normal class (N) with respect to a miRNA M1, and lC(p) be

the same for cancer class (C) where lN(p) ? lC(p) = 1.

Then, the membership values of p to lower approximate

regions of N and C are defined as in [35].

llowN pð Þ ¼ min lN pð Þ; hf g; h ¼ 1 if p 2 N; and 0 if p 2 C

llowC pð Þ ¼ min lC pð Þ; hf g; h ¼ 1 if p 2 C; and 0 if p 2 N

llowN(p) and llowC(p) denote the degree of being sure to be

a N patient and C patient, respectively.

Relative frequencies (normalized cardinalities) of these

lower approximate regions are therefore:

klowN ¼ 1=jNjð ÞRpllowN pð Þ
klowC ¼ 1=jCjð ÞRpllowC pð Þ

Here |N| and |C| denote the total number normal and cancer

patients, respectively.

One may then compute the following:

Mean relative frequency of the lower approximate

regions of N and C as

k1 ¼ klowN þ klowCð Þ=2

Relative frequency of the overlap region between N and

C as

k2 ¼ 1 � k1

Fuzzy–rough entropy of the system with respect to

miRNA-M1

FREM1 N; Cð Þ ¼ �
X

i

kilog2ki; i ¼ 1; 2:

7.2 Relevance of a miRNA

Decrease in FREM1 implies increase in the distance

between lowN and lowN regions, i.e., increase in separation

of N and C classes, and hence the increase in relevance of

the miRNA M1 for cancer classification.

Increase in the overlap of N and C regions implies

increase in the closeness of k1 and k2 values, i.e., increase

in FREM1.

FREM1 attains the maximum value (= 1) when

k1 = k2 = 0.5.

7.3 Results

The experiment involves computation of relevance of each

miRNA using the aforesaid FREM1 measure, ranking them

based on this, and selecting a set of most relevant ones, as

per the necessity. Figure 10 provides some sample results

in terms of F-score obtained by 1% miRNAs, thus selected,

for six normal-cancer data sets when the classification was

done using SVM (support vector machine). Results are

compared with those obtained by the entire sets of miR-

NAs. Higher value of F-score implies higher possibility of

detecting cancer patients as cancer and normal patients as

normal, as it should be.

As seen from the figure, only 1% selected genes result in

significantly higher F-score than the entire set. This means,

that 1% is only effective while the others are irrelevant as

far as cancer detection is concerned. These irrelevant

miRNAs not only affect the classification accuracy, but

also increase the computational and other costs.

For example, the breast, colorectal, lung, melanoma,

pancreas and nasopharyngeal data sets have total number

of 309, 352, 866, 864, 847 and 887 miRNAs, respectively.

Out of them, only 10, 7, 4, 6, 16 and 5 number of selected

ones are effective for detecting the respective cancers.

Size of the set of miRNAs, thus selected based on their

relevance, can be further reduced, if required, by removing

the redundancy, if any, within its constituting miRNAs.

Redundancy of Mi with respect to another miRNA Mj,

i = j, can be computed similarly by the aforesaid FREM

measure where one needs to consider M1 and M2 as two

separate classes instead of N and C, and the number of

samples in each of those classes would be equal to the total

number of N and C patients. Here lower value of FREMi

(Mi, Mj) i = j indicates larger separability (i.e., larger

redundancy) of Mj with respect to Mi, and hence stronger

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1

Fig. 10 F-scores for six types of normal-cancer data sets
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likelihood for removal of Mi. The details of the method-

ology can be found in [35].

The aforesaid algorithm of selecting the relevant miR-

NAs is based on the ranking of miRNAs as per their

individual relevance. Methods are also available [36, 37]

where the selection is made depending on the relevance of

miRNAs in a group, rather than their individual ranking.

Since the literature on gene selection is much richer than

that of miRNA, readers may refer to [38–46] which include

some relevant methods and measures for gene selection as

well as some well-known algorithms for feature selection

in large data sets, in general.

8 Community Detection in Social Networks

Let us now consider another example of Big data, namely

online social networks which is highly voluminous,

dynamic and complex. Detecting communities in such a

data is a challenging task. This problem is addressed here

in granular computing framework.

Social networks have following characteristics [47]:

• The degree distribution of social networks is skewed,

following the power law or truncated geometric

distribution.

• Diameter of the social network is found to be very small

compared to the size of the network, and

• Social network possesses high concentration of edges in

its certain parts forming groups.

This last feature, i.e., forming groups with high internal

edge density within themselves and low between them

characterizes the community structure (or clustering) of the

network.

8.1 Why Community Detection?

In a society, one can find groups that naturally form, such

as families, co-workers’ circles, friendship circles, villages

and towns. Similarly, in an online social network, we can

find virtual groups which live on the web. Detecting these

groups (communities) has practical significance. For

example, in WWW this helps in optimizing the internet

infrastructure. In a purchase network, this can boost the sell

by recommending appropriate products. In computer net-

work, it helps to optimize the routing table creation. In

citation network, it finds researchers of similar fields.

Detecting these communities also helps in identifying the

special actors. The central nodes of the clusters or nodes in

the boundary region (which act as a bridge between com-

munities) are called special actors as they play different

important roles within the society.

8.2 Why Fuzzy Granules?

A social network is viewed as a collection of relations

between social actors (nodes) and interactions between

social actors. These actors are often indistinguishable in

some problem-solving tasks. This signifies the relevance of

dealing them with the concept of Granules. Further, the

relations/interactions between nodes and clusters of nodes

do not often lend themselves to precise definition. For

example, in friendship networks, suppose x and y were

initially direct friends. Later on another person z became a

friend of x through y. In that case, the degrees of friendship

between x & y and x & z may not be the same, though they

are all friends. This can be modeled in the notion of fuzzy

set theory by describing Fuzzy granules and boundaries.

Consider, for example, the Zachary Karate Club net-

work (Fig. 11). This network shows the friendship relations

between 34 members of a US Karate club in the 1970s

(links indicate ‘friendship’ between club members). Let us

now construct a granule with (virtual) radius of 1 hop

distance around each node (or actor). The actor around

which the granule is constructed is referred as the center

(representative) of that granule. Because of the dense

structure of the network, these granules would be

overlapping.

If we consider such granules centered at nodes 1 and 3,

one can see that nodes such as 4, 8, 2 and 14 belong to both

the granules. Fuzzy membership can therefore be used to

represent the degree of multi-class belonging of nodes.

Based on the aforesaid concept of granulation, undi-

rected social networks can be represented by a triple:

S ¼ C;V:Gð Þ

where V is the finite set of nodes of the network, C ( V is

a finite set of granule representatives and G is the finite of

all granules.

This model is called fuzzy granular social network

(FGSN) [48].

Fig. 11 Zachary karate club network with a virtual granule of radius

of one hop distance around node no 1
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8.3 Fuzzy–Rough Community Detection in FGSN:

Principle

A community is formed when nodes are densely connected

compared to the other parts of the network. In the knowl-

edge representation of FGSN, one may find out densely

connected granules. The network in Fig. 11 appears to

have two communities, likely overlapping.

The basic steps of detecting communities in FGSN are

[49]:

• Identify the dense granules.

• Merge them if they are nearby.

• Form a meaningful fuzzy community by discarding the

weakly coupled granules.

• Form fuzzy–rough representation of the output com-

munity structure.

Dense granules are those whose granular degree exceeds

a threshold. Merging enables identifying the dense granules

belonging to the same community. Weakly coupled gran-

ules are those whose granular embeddedness is less than a

threshold.

Communities, so identified, have fuzzy boundaries.

Rough set theoretic representation of a fuzzy community

structure means the following: The nodes belonging to

lower approximations of the constituting communities have

membership value l = 1, as they definitely belong to the

respective communities. Nodes in boundary (i.e., upper–

lower approximations) region have membership value

0\ l\ 1, as they possibly belong to the communities.

The output thus generated is called Fuzzy–rough

Community.

Note that, in the process one may generate orphans. A

node is said to be an orphan if it not a member of any

community. The details of the method are explained in

[49].

8.4 Results

Figure 12 shows some example results demonstrating the

effectiveness of the algorithm on LFR benchmark data of a

undirected friendship network variation of the normalized

fuzzy mutual information (NFMI) between two sets of

communities with mixing parameters g and On, which

reflect different degrees of overlapping between them, is

exhibited. The figure shows a comparison of the aforesaid

algorithm (FRC-FGSN) with three well-known graph the-

oretic methods.

NFMI measures [49] the goodness of a detected com-

munity structure, given the actual one. Higher value of

NFMI signifies larger similarity (or relevance) between two

communities. g denotes the average fraction of edges

shared with other community with respect to those within

communities. On represents the fraction of nodes belonging

to overlapped regions. Therefore, overlapping between

communities increases with the increase in their values.

Centrality-based method [50] and modularity optimiza-

tion method [51] for community detection produce crisp

(disjoint) communities. k-clique percolation method [52]

produces overlapping communities, but a node in over-

lapped region has ‘‘full’’ membership to each of the

intersecting communities.

For a given set of g, On, network size, and maximum

and minimum number of nodes in a cluster (i.e., commu-

nity size), a network with specified (known) number of

clusters is generated in LFR benchmark data. In the

experiment, the network size (nodes) was considered as

1000 with minimum community size 150 and maximum

community size 250. The number of communities gener-

ated was seven or eight.

In Fig. 12a, variation with g is shown for On = 0.15,

whereas in Fig. 12b, the variation of On corresponds to

g = 0.4. As expected, NFMI decreases in all the cases

when g increases. For g[ 0.3, FRC-FGSN shows

Fig. 12 Variation of NFMI with a g and b On
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prominent improvement over the other methods. FRC-

FGSN performs superior for On ranging from 0.2 to 0.4 and

second best for On\ 0.2. Therefore, FRC-FGSN has a

strong promise for detecting various overlapping commu-

nities in Big data analysis. For other relevant references in

this area of research, one may cite the studies in [53–58].

9 Fuzzy–Rough Granular Neural Networks

9.1 Principle

Fuzzy sets are used to generate input vector in terms of

fuzzy granules (low, medium and high) and output vector

in terms of membership value and zeros.

Fuzzy–rough sets are used to extract the domain

knowledge from the data, which is then incorporated as the

initial parameters (connection weights) of an artificial

neural network for its formation.

The resulting network, involving an integration of arti-

ficial neural networks, fuzzy set theoretic granules and

fuzzy–rough set theoretic knowledge encoding, is termed

as fuzzy rough granular neural networks (FRGNN). This

network, based on fuzzy–rough knowledge encoding, is

found to be superior in handling uncertainty, reducing

complexity and in improving the performance as compared

to that based on rough set-based encoding.

9.2 Lower Approximation and Knowledge

Encoding

Using the concept of fuzzy–rough sets, here each class is

characterized by a pair of fuzzy lower and fuzzy upper

approximate regions. That is, the memberships of a pattern

to lower and upper approximate regions of different classes

are fuzzy. Since the input patterns are represented in terms

of fuzzy granules low, medium and high, the lower and

upper memberships have three components (corresponding

to low, medium, high of conditional attributes/input fea-

tures). Each of the components is determined from the

similarity matrix of patterns, defined over that component,

with respect to fuzzy decision attributes/class labels.

In other words, one can compute the membership values

of all the patterns to lower approx. regions of their own

classes based on the fuzzy similarity relation corresponding

to a conditional attribute low, medium or high. Therefore,

for a class c1 with n1 patterns, say, finding the degree of

membership of every pattern to lower approx. region of

that class corresponding to l.m.h components would result

in 3n1 lower approx. values for that class. These 3n1

membership values together constitute what is called the

‘‘fuzzy information granule’’ of class c1.

These membership values with respect to lower approx.

regions are used to compute the dependency factors of lth,

mth and hth components of a feature, which are then used

as the corresponding initial network parameters, as they

reflect the domain knowledge. This is what is called

knowledge encoding.

Note that for c-class problem, we split the training

samples in c parts and construct c decision tables based on

them. Accordingly, we configure c initial networks which

are then integrated and trained with back-propagation

based on the gradient decent method.

In a nut shell, the principle of forming FRGNN is as

follows:

• Detect lower approximation of classes.

• Find class information granules with lower approx.

membership values—called Knowledge.

• Form basic networks of the classes by encoding this

information.

• Grow these networks with samples of ‘‘upper–lower’’

regions to generate the final network.

That is, the initial network formation is based on pure

samples of lower approximate regions (core regions) about

which there is no doubt about their class belonging. These

networks are then evolved or grown by the samples of

upper-lower approximate regions, which are ambiguous

(not pure).

9.3 Performance Analysis

Figure 13 shows the performance of the FRGNN [59] with

three different weights for a speech data set for the fol-

lowing three conditions:

(a) FRGNN with weights within [0, 1].

(b) FRGNN with weights in crisp case.

(c) FRGNN with weights in fuzzy case.

The speech data contains six vowel classes of Indian

Telugu language. It has 871 samples with three features
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70%
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100%

Min. Acc. Max. Acc. Avg. Acc.

FRGNN with
weights within
[0,1]

FRGNN with
weights in crisp
case

FRGNN with
weights in fuzzy
case

Fig. 13 Performance of FRGNN in terms of maximum, minimum

and average accuracy
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obtained from the utterances of words in CVC (consonant–

vowel-consonant) format by three male speakers in the age

group of 30–35 years. Features are the first, second and

third format frequencies. Six vowel classes have significant

amount of overlapping. The results shown correspond to

tenfold cross-validation with ninefolds for training and

onefold for testing. Maximum, minimum and average

accuracy values, computed over ten such results, are plot-

ted. As expected, the results corresponding to the case

‘‘FRGNN with weights in fuzzy case’’ are superior in terms

of any of the aforesaid accuracy parameters. That is, the

consideration of fuzzy membership (instead of crisp) in

lower and upper approximate regions seems to be appro-

priate in modeling the uncertainty arising from overlapping

characters of the classes. Assigning random weights in [0,

1] provides worst performance.

Figure 14 depicts the comparison between FRGNN and

rough–fuzzy MLP [60] using the aforesaid accuracy mea-

sures. In FRGNN, fuzzy–rough sets are integrated with a

fuzzy MLP (fuzzy multi-layer perceptron), whereas in the

latter case it is rough sets which are integrated with a fuzzy

MLP. From the results, it is clear that the knowledge

encoding based on fuzzy–rough set is better than that of

rough set, thereby providing superior performance. This is

also verified in Fig. 15 which shows the variation of error

rate with the number of epochs during training of the

network. In both cases, as expected, the error rate decreases

with epoch. However, the amount of error has always been

less for FRGNN.

The aforesaid design is shown for pattern classification

in supervised mode. The similar concept can be used in

forming SOM (self-organizing map) [61, 62], and for

feature selection in unsupervised mode [63]. The recent

research monograph [64] may be referred for detailed

discussion. One may refer to [65–68] for other approaches

of designing granular networks and defining rough fuzzy

measures.

10 Conclusions and Discussion

The article addresses the significance of GrC in several

mining applications, such as in video analysis, bioinfor-

matics and online social networks which are considered to

have all the aforesaid characteristics of Big data. After

describing the basic components of GrC and the relevance

of fuzzy set and rough sets therein, it explains some salient

features such as generalized rough sets and rough infor-

mation granules which are significant for uncertainty

modeling and dimensionality reduction in mining large

data sets. Formation of information granules and lower

approximation (the sense of definite belonging) for the

aforesaid mining applications is illustrated. These are seen

to be effective, for example, in extracting the object model

from videos for unsupervised tracking, estimating the

definite and doubtful regions while ranking miRNAs for

cancer detection, detecting fuzzy–rough communities in

social networks, and in encoding domain knowledge for

designing granular neural network models. The resulting

systems exhibit superior performance as compared to other

related models.

The technologies and models described here basically

provide new machine learning modules. Although some

specific applications are demonstrated, they can be applied

to other real-life problems in data science [69]. As the

investigations suggest, the BDA (Big data analytics) can be

enriched by these modules from the points of uncertainty

management and granular mining points of view. However,
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Fig. 14 Comparison between FRGNN and rough–fuzzy MLP in

terms of maximum, minimum and average accuracy

Fig. 15 Comparison between FRGNN and rough–fuzzy MLP in

terms of error during training
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one may also look into the scalability and computational

aspects, in addition.

Besides, the aforesaid study has the immediate scope of

research in the following areas, among others:

• CTP (Computational Theory of Perception) [70]—

where the computation is performed based on percep-

tion, rather than the measurement. Because of the

limited resolution capability of human brain, the

boundaries of perceptions are imprecise (fuzzy) and

the attribute values that they can take are granules.

These fuzzy (f)-granularity characteristics of CTP can

be modeled using the aforesaid fuzzy–rough computing

concept.

For example, consider the concept of perception granule

of a statement—‘‘The flower is beautiful’’ in natural lan-

guage processing (NLP). Here the perception granule is:

{subject, predicate, belief} = {description of flower,

beautiful, how strongly one Believes to be beautiful}.

There are two levels of precisiation in this perception

granule. Level 1 precisiation is associated with the term

‘‘beautiful.’’ It means, how much (to what extent) beautiful,

e.g., very beautiful, more or less beautiful. Level 2 pre-

cisiation is associated with the words ‘‘how strongly one

Believes to be beautiful.’’ Here Belief means subjective

probability that the flower is beautiful. Belief could be

‘‘adverb,’’ or ‘‘adjective’’ or ‘‘adverbial phrase’’ [71].

Zadeh’s z-numbers [72] provide quantification of pre-

cisiation of such perception granules. And Z*-numbers

[73], which are augmented z-numbers, characterize the

subjectivity (e.g., context/semantics), in addition, for

abstraction of active thoughts for such a sentence. A model

for Z*-number-based thought processing is recently

reported [74] in connection with machine–mind

development.

• Natural Computing—this is an emerging area where the

processes and technologies involved are basically

abstracted from natural phenomena. Granulation is a

process like self-reproduction, self-organization, func-

tioning of brain, Darwinian evolution, group behavior,

cell membranes and morphogenesis—that are

abstracted from natural phenomena. Fuzzy granulation

or f-granulation is inherent in human thinking and

reasoning process and plays an essential role in human

cognition.

• Deep Learning—this is a costly process in terms of time

and resource requirement. Here the concept of granu-

lation can be incorporated, for example, at the input

convolution layer so that the scanning for the purpose

of filtering is made only over granules, instead of each

pixel, thereby reducing the computation time signifi-

cantly. However, in designing such a Granulated deep

learning framework, one should keep in mind a

balanced trade-off between speed and accuracy [75].
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