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Abstract: For processing of health data Rough set is an important tool. It can handle uncertainty and impreciseness 

without any additional or prior information about data. Though, it cannot deal with continuous data perfectly. Fuzzy sets 

can handle vagueness and it can also deal with continuous data perfectly. By hybridization of Fuzzy set and Rough set 

new concept Fuzzy-Rough set has been introduced.  It can deal with imprecision and uncertainty for discrete as well as 

continuous data more precisely. To handle uncertainty more perfectly, vagueness of Fuzzy set and Indiscernibility 

concept of Rough set are merged in Fuzzy-Rough sets. Crisp equivalence classes are the main concept of Rough set. Fuzzy 

equivalence classes are the major ideas of Fuzzy-Rough set. In this paper it has been shown that Fuzzy-Rough set is an 

emerging tool for pre processing of data in applications like attributes reduction, missing value imputation etc. 
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1. Introduction  

Collections of raw data have been increased rapidly in current era of E-technology but finding 

useful information from such data collections is a challenging issue since most of the data 

mining algorithm is based on ideal data. Most of the data modelling algorithms hamper due to 

missing attribute values, extraneous data and attributes. Inadequate treatments of these data 

seriously affect the data mining and classification accuracy.  Fuzzy-Rough set approach is a 

useful technique to handle missing attribute values, extraneous data and attributes.   
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Rough set approach [1] can be used as pre-processing tool to handle missing values, extraneous 

data and attributes. The main feature of rough set is that it does not require any additional or 

prior information about data. But it cannot handle continuous data perfectly. To handle 

vagueness, Fuzzy sets are also important tool and it can deal with continuous data. So new 

concept Fuzzy Rough set [2] are introduced by hybridization of Fuzzy set and Rough set and it is 

more power full to deal with imprecision and uncertainty for discrete as well as continuous data. 

Indiscernibility concept of Rough set and vagueness of Fuzzy set are merged in Fuzzy-Rough 

sets to deal with uncertainty more precisely [3-4].  

A directed fuzzy rough set model has been proposed to better captures of inherent uncertainty for 

distribution of sample comparing the traditional models [5]. It has been shown that a Fuzzy 

rough set is a valuable tool for feature selection. A fuzzy rough set model has been introduced 

which prevents samples misclassification. A greedy forward algorithm for feature selection has 

been design using fuzzy rough set [6].  It has been shown that fuzzy rough set model widely used 

in medical diagnosis for image processing, information fusion, and classification problems as it 

can handle continuous and uncertain information [7]. Overlap function-based variable precision 

fuzzy rough set (OVPFRS) has been proposed and used for practical tumor classification. In 

Rough set, crisp equivalence classes are the main concept. In hybridization process of Fuzzy-

Rough set, Fuzzy equivalence classes are key concept. Fuzzy Rough set is an emerging tool for 

data modelling applications 

 Organization of the paper is as follows: Section 2 is devoted to overview of Rough set. Section 3 

deals with Fuzzy-Rough set theory. In section 4 it has been shown that applications of Fuzzy-

Rough set have been discussed. 

2. OVERVIEW OF ROUGH SETS 

Pawlak's rough set theory [1] is an important tool important to analyze inexact, uncertain and 

vague knowledge. The rough sets theory can be used to deal with vague and imprecise data. 

Objects with the same information are indiscernible considering available information.  

Information system can be presented as four tuple (U,A,V,f) , here U  is a non empty finite 

set of objects, A is a non empty finite set of attributes,  ∀ a∈ A: Va   is the domain of attribute a,  

V= ∪ Va is the domain of A, f  is a mapping  f: U×A→V, f(x, a) ∈ Va   is the value that x holds 
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on a.  Any subset B of A determines a binary relation I(B) called indiscernibility relation defined 

as:   

I(B)={( x i, x j)∈ U×  U| ∀ a∈ B, a(xi)=a(xj)}              (1) 

If (x i, xj) ∈ I(B) , then x୧		and		x୨ are indiscernible by attributes from B. The equivalence 

classes of indiscernibility   relation B are denoted by [x୧]୆   and computed as: 

[xi]B ={ x j ∈ U|( x i, x j)∈ I(B)}       (2) 

Let  X⊆U , B-lower and B-upper approximation of a set can be defined as: 

B X={ x i |[xi]B ⊆  X}      (3) 

     B X={ x i |[xi]B ∩ X ≠  ∅ }       (4)  

      Order pair  ( B X, B X)    is called rough set of   X.  If P and Q be equivalence relations 

over U, then positive region can be defined as: 

 POSP(Q)=∪ X∈ U/Q P X   (5) 

     Positive region contain all objects that can be classified to classes of U/Q using the 

information of P.  If   P, Q ⊆ A,   then Q depends on P in a degree k (0≤  k ≤  1), determined by   

k= γP(Q) = 
|U|

| (Q)POS| P            (6) 

k=1 signify, total dependency of Q on P.  0<k<1 signify, partial dependency of Q on P.  k=0 

signify, no dependency of Q on P. If an attribute is removed from conditional attributes then by 

using change in dependency degree, significance of the attribute can be obtained.  If an 

attribute		a ∈ 		P, significance of the attribute a on Q is determined by 

σP(Q,a)= γP(Q) - γP-a(Q)          (7) 

     Reduction of dimension of data sets is an important application of Rough Set. If removing 

of some attributes does not affect classification of the dataset then these attributes are redundant. 

If attribute  a ∈ B and I(B)=I(B-{a})    then ‘a’ is dispensable, otherwise ‘a’ is indispensable. In 
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a subset containing minimum number of attributes that maintain same partition as whole set of 

attributes is called Reduct. Set of all indispensable attributes of the Universe is called Core; also 

it may be defined as intersection of all reduct. 

To compute reduct and core discernible matrix may also be used. Discernible matrix M(B) of 

B is a   n×  n matrix defined as : 

C୧୨ = {a ∈ 	B:		a(x୧) ≠ 	a൫x୨൯}							for	i, j = 1,2, . . n.               (8) 

 C୧୨ is the set of all attributes that discern object xi  and xj.  

Core is the set of all single element entries of the discernible matrix M(B). 

Core(B) = ൛a ∈ 		B, C୧୨ = {a}, for	some	i, j	ൟ            (9) 

     Discernibility function [5]   f is a boolean function of m boolean variables      aଵ∗ , . . . , a୫∗   

(corresponding to the attributes			aଵ, . . . , a୫)     computed from discernibility matrix  M(B) , may 

defined as: 

f(aଵ∗ , . . . , a୫∗ ) =∧ {∨	c୧୨∗ |1	 ≤ 		j	 ≤ 		i	 ≤ 	 |U|, 	C୧୨ ≠ 	∅		}           (10) 

where  c୧୨∗ = {a∗|a ∈ 	C୧୨}. 

All minimal reduct of a system may be found by simplification of discernibility function, 

using boolean laws of boolean algebra. Core may also be found by intersections of all reduct. 

Suppose a decision system with ‘A’ as the attributes set where ‘C’ is the conditional attribute 

set and ‘D’ is the decision attribute set with no intersection. 

If C’⊆ C   is a D-reduct of C then C' is minimal subset of C such that  γ(C,D)=γ (C',D).   

   Minimum subset with γc' (D)=1  is the minimal reduct. After computation of dependency 

for all possible subset of C, it may be possible to determine minimal reduct but for large data set 

it is not applicable. 

If data sets have discrete attribute values then rough set may be used for attribute reduction 

using the concept of reduct. If data sets have real attribute values then it cannot be handled by 
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rough set. This problem may be solved by discretization but information will be lost. Due to 

noise, same value may differ slightly but it will be treated as different value in rough set.  

3. OVERVIEW OF FUZZY-ROUGH  SETS 

In current era, Fuzzy rough set is an emerging tool for data analysis. It is frequently used in 

pattern recognition and machine learning. Dubois and Prade [2] first proposed the concept of 

fuzzy rough set.  Fuzzy rough set theory extended further [5-15] in terms of property and axioms. 

Fuzzy rough set has significant applications in attribute reduction for crisp as well as real valued 

attribute data sets. Vagueness of fuzzy set and Indiscernibility of Rough set have been merged in 

Fuzzy-Rough sets to deal with uncertainty more precisely.  

Crisp equivalence classes are key concept of rough set.  In similar way fuzzy equivalence 

classes are the key concepts of fuzzy-rough set [2-4]. A fuzzy binary relation of a fuzzy set R on 

a non empty set U, is called fuzzy equivalence relation if it satisfies 

 1) Reflexivity: µR(x,x)=1 ∀x∈ U    

 2) Symmetry:        µR(x,y)=µR(y,x) ∀x,y∈  U 

  3) Transitivity:    µR (x,z) ≥  supy min{µR (x,y), µR (y,z)} ∀ x,y,z∈ U 

From fuzzy equivalence relation, fuzzy equivalence class 
RX ][  for objects close to x may be 

defined as: 

 y)x,()(][ RX y
R

  , y∈ U  (11) 

The fuzzy P-lower and P upper approximation are defined as: 

i x)}(x),(1max{inf)(
X

 XFiXP i
F 

   (12) 

    
i x)}(x),(min{sup)(

X
 XFiXP i

F 
       (13) 

  Where Fi  denotes a fuzzy equivalence class belonging to U/P.  According to above 

definition crisp upper and lower approximations are same as individual object’s membership to 
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the approximations are not explicitly available. So fuzzy lower and upper approximations are 

herein redefined [16] as: 

 y)}}(y),(1{max inf x),(min{sup)(
UyUF

XFF
P

XP X  


  (14)     

 y)}}(y),({min sup x),(min{sup)(
UyUF

XFF
P

XP X 


                  (15) 

The tuple 〈 P X, P X  〉 is called a fuzzy-rough set.  If only crisp equivalence classes are 

present then these definitions degenerate to traditional rough set. 

4. APPLICATIONS OF FUZZY-ROUGH SETS     . 

 

cases temperature headache cough Flu 

X1 'High' '*' 'no' 'yes' 

X2 'veryhigh' 'yes' 'yes' 'yes' 

X3 '*' 'no' 'no' 'no' 

X4 'High' 'yes' 'yes' 'yes' 

X5 'High' 'yes' *' 'no' 

X6 'Normal' '*' '*' 'no' 

X7 'Normal' '*' 'yes' 'no' 

X8 '*' 'yes' 'yes' 'yes' 

X9 'veryhigh' '*' '*' 'yes' 

X10 'Normal' 'no' 'no' 'no' 
Table 1: Incomplete Information Discrete value 

 

 

Object a b c d 

1 -0.4 -0.3 -0.5 No 

2 -0.4 0.2 -0.1 Yes 

3 -0.3 -0.4 -0.3 No 

4 0.3 -0.3 0 Yes 

5 0.2 -0.3 0 Yes 

6 0.2 0 0 No 

7 ? -0.3 -0.5 No 

8 -0.4 ? -0.1 Yes 

9 0.2 -0.3 ? Yes 

10 -0.1 -0.4 ? No 
Table 2: Incomplete Information with Real value 

 

 

In real world application, databases may have extraneous attributes and objects. Irrelevant 

attributes or objects may degrade performance of machine learning and pattern recognition.  

Irrelevant attributes or objects can hamper the task of data mining by increasing time and 

misguiding information.  Noisy information can be removed to improve overall performance. It 
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is also expensive to analyze and store unwanted data. Redundant attributes can be removed by 

maintaining same classification efficiency. 

Table 1 shows incomplete information which can be changed to complete information using 

Rough set or Fuzzy Rough set but Table 2 shows real valued data set for which Fuzzy Rough set 

approach is the better choice. 

Fuzzy-rough dependency function and fuzzy-rough quick reduct algorithm for computing 

reduct first proposed by Jensen and Shen[13-15]. Using fuzzy positive region of a fuzzy set 

(where A= C∪ D), membership of an object X∈ U may be defined as: 

 x)}({sup)(
UX

)( XC
D

DPOS X
C




   (16) 

 and dependency function may be defined as: 

          
)()(

)('  UX
)(

)(

U

X

U

X
Q

DPOS
DPOS

p

C
C





  (17) 

In crisp case, U/P contains set of objects grouped together that are indiscernible. In 

traditional rough set, if R(⊆  A) is a reduct of attribute set A then  γ(A)  and γ (R)  are identical and 

equal to 1 if data set is consistent. But in fuzzy-rough set it may not be as object may belongs to 

many fuzzy equivalence classes, so reduce total dependency. With this issue fuzzy-rough quick 

reduct algorithm [16] has been proposed.  It starts with an empty set. It add one by one attribute 

that effect maximum increasing of fuzzy-rough dependency function γ'. Algorithm was tested 

and shown better performance with some real life data sets.  

5. CONCLUSION 

 In this paper, Fuzzy-Rough set approach for pre-processing of data has been discussed.  Fuzzy 

Rough set is the most effective technique to deal with all type of data sets. Attribute reduction 

and imputation of missing value has been discussed using fuzzy rough set approach. Fuzzy-

Rough set can be effectively used for discrete as well as continuous data. Fuzzy-Rough set 

method can be used for different type of applications with any data sets. Real life data sets have 
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to be pre processed to use most of the data mining algorithms so Fuzzy-Rough set based pre 

processing approach is the best choice. 
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