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Abstract— Feature selection aims to determine a minimal 

attribute subset while preserving a suitably high accuracy in 

representing the original features. Rough set theory is an 

approach to deal with uncertainty and vagueness. It has been 

successfully applied to various fields. An important concept 

of rough set theory is an attribute reduct i.e. a subset of 

attributes that can fully characterize the knowledge in the 

database and are necessary for preserving the particular 

property of information table. Several researchers have 

provided the various algorithms for computing the reduct set 

(feature selection) for information table. This paper focuses 

on fundamental ideas behind Rough Set Theory based 

approaches and reviews related feature selection methods 

based on these ideas.      
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I. INTRODUCTION 

In almost every field imaginable, data is now collected and 

collated at a large pace. As the capability to process data 

increases, so too does the means to gather and record it. This 

has led to the storage and maintenance of huge amounts of 

data, of which a small percentage will ever be used to any 

advantage. There is therefore, a pressing need for the 

development of approaches and automated tools to assist 

humans in extracting useful information (knowledge) from 

these rapidly expanding mountains of data. Attribute 

reduction [1] is common in machine learning and it is also 

termed as feature selection. Feature Selection attempts to 

focus selectively on relevant features, whilst simultaneously 

attempting to ignore the contribution of irrelevant features. 

Feature selection algorithms may be classified into 

two categories based on their evaluation 

procedure .Algorithms that perform Feature Selection in 

isolation of a learning algorithm, are termed filter 

approaches. Essentially irrelevant attributes are filtered out 

prior to performing induction.  

 
Fig. 1: Filter Feature Selection [2] 

Wrapper methods [2], [3] in contrast to filter 

approaches are often used in conjunction with a learning or 

data mining algorithm, where the learning algorithm forms 

part of the validation process. This paper reviews filter 

based methods for feature selection based on rough set 

theory. 

 
Fig. 2: Wrapper Feature Selection [2] 

II. Rough set theory based feature selection 

Rough Set Theory has proven very useful for dimensionality 

reduction and has attracted much interest from researchers. 

The rough set theory was originally proposed by Zdzishaw 

I. Pawlak [4] along with some definitions. The initial theory 

was also referred as Pawlak rough sets. In many data 

analysis information and knowledge are stored in an 

information table where a set of objects are described by a 

set of attributes. An information table represents all 

available information. The rough set theory [5] a new 

mathematical approach to imperfect knowledge, is used to 

evaluate the significance of various attributes and also finds 

out the minimal set of attributes called reduct. Thus a reduct 

is a set of attributes that preserve the information table 

properties. It means that reduct is the minimal subset of 

attributes that enables the classification of elements of 

universe as the whole set of attributes. That is the attributes 

that do not belong to reduct are unnecessary for 

classification of the universe elements. The main advantage 

of Rough Set Theory is that it does not need any additional 

information about the data [6]. 

There are two main approaches to finding rough set 

reducts: those that consider the degree of dependency and 

those that are concerned with the discernibility matrix. This 

paper discusses the attribute reduction approaches based on 

the degree of dependency. 

A. Rough Set Attribute Reduction: 

The main concept of Rough Set Attribute Reduction 

(RSAR) [7] is indiscernibility relation. An information table 

is defined as a tuple: 

I= (U, A, Va  V) 

Where U is a non-empty set of finite objects, A is a 

non-empty set of attributes; V is the non-empty set of values 

of a A. 

Ia : U → Va is an information function that maps an 

object in U to exactly one value in Va. 

And A= C ∪ {D} 

Where C= Set of Condition attributes. 

           D= Decision attributes. 

Given a feature a, such that: 

 a: U →Va for a  A , Va  is called the  value set of  a . 

Let a  A, P A, the indiscernibility relation IND (P), is 

defined as follows: 

IND (P) = {(x, y) U  U:: for all a P, a(x) = a( y)} 

The IND (P) is called P-indiscernibility [8] 

relation. And the partition of U is a family of equivalence 

classes of IND (P) and is denoted by U/IND (P). 

Thus for any subset P of U, the lower and upper 

approximations are defined as: 

 Lower approximation and positive region: 
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Lower (P) ={x |[x]p  X} 

 Upper approximation and negative region: 

Upper (P) ={x | [x]p ∩ X ≠Ф} 

 Boundary region:  

Is given by difference of above two that is upper and lower 

approximation 

POSP (Q) = ∪LOWER (P) 

Using the definition of the positive region, the 

rough set degree of dependency of a set of attributes Q on a 

set of attributes P is defined in the following way: 

 k= γP (Q) =   |POSP (Q)| 

                           | U | 

1) Quickreduct Algorithm: 

QuickReduct [9] algorithm generates the reduct without 

exhaustively checking for all possible reducts. It starts with 

an empty set and an attribute is chosen to be added to the 

reduct set that result in greatest increase in the rough set 

dependency metric. According to the algorithm, the 

dependency of each attribute is calculated, and the best 

candidate is chosen. 

 Algorithm 

QUICKREDUCT(C, D) 

C, the set of all conditional features; 

D, the set of decision features. 

 

Step1: R← {} 

Step2: do 

Step3: T ←R 

Step4:x C – R) 

Step5: if γR {X} (D) > γT (D) 

Step6: T ←R {x} 

Step7: R← T  

Step8: until γR(D) == γC(D) 

Step9: Return R 

Fig. 3: Quickreduct Algorithm[9] 

B. Dynamic Reducts: 

Reducts generated from an information system are sensitive 

to changes in the system. The changes can be seen by 

randomly removing a set of objects from the original set. 

According to Bazan et al. [10] those reducts occurring in the 

random subtables can be considered to be stable. 

Let A = (U, C  d) be a decision table, then any 

system B = (U', C  d) (U' U) is called a subtable of A. If 

F is a family of subtables of A, then 

DR (A, F) = RED (A,d) ⋂     RED(B,d)} 

Defines the set of F-dynamic reducts of A. 

By introducing a threshold, 0 1, the concept of 

(F, ) -dynamic reducts can be defined: 

DRɛ (A,F) = {CRed (A,d) : SF (C) ≥ ɛ } 

Where 

Sf(C) = | {BF:CRED (B,d)}| 

                              |F|       

 

 

 

 

 

 

              

DynamicRed(A, ɛ, its) 

A, the original decision table; 

ɛ, the dynamic reduct threshold; 

Its, the number of iterations. 

 

Step1: R ← {} 

Step2:T ← calculateAllReducts(A) 

Step3:for j = 1…its 

Step4:Aj ← deleteRandomRows(A) 

Step5: R ←R calculateAllReducts(Aj) 

Step6: C T 

Step7:if sF(C,R) ≥ ɛ 

Step8:Output C 

Fig. 4: Dynamic Reduct [10] 

III. ANALYSIS 

In this paper, four techniques for calculating reducts are 

reviewed. A brief analysis of these techniques is outlined 

below with an identity of their major criteria’s for finding 

the reduct. The purpose here is to identify the direction of 

further improvements that can lead to an efficient 

mechanism for finding reduct with least complexities and 

desired outputs. 

QuickReduct [9] algorithm is a dependency 

function- based approach. And it attempts to calculate a 

reduct without exhaustively generating all possible subsets. 

However, it is not guaranteed to find a minimal subset. And 

it is a non-dynamic approach. 

Dynamic Reduct [10] takes into account the 

changes in the system. And it is a dynamic approach for 

finding all the possible reducts. A disadvantage of dynamic 

approach is that several decisions have to be made e.g. value 

of ɛ before the dynamic reducts can be found. Although it is 

a dynamic approach but this also increases the complexity of 

the approach. 

In order to avoid the need of calculating positive 

regions the traditional rough set degree of dependency was 

replaced by relative dependency measure by the Han et al. 

[11]. 

Das et al. [12] introduced an approach for finding 

the reduct based on the rough set theory and Graph theory. 

And it used as a similarity factor measurement for 

calculating attribute similarity set. However this approach 

results into the generation of multiple reduct (because there 

can be more than one spanning tree for a graph).and it is 

guaranteed to generate a minimal subset i.e. reduct. 

As pointed out above, QuickReduct and Dynamic 

Reduct are approaches based on dependency function for 

calculating reduct. Dynamic reduct is a dynamic approach 

that is an improvement over the QuickReduct approach 

where guarantee is concerned for finding a minimal subset. 

But the drawback of Dynamic Reduct is the increased 

complexity. An alternative approach was proposed in [11] 

that uses relative dependency for calculating reduct rather 

than using dependency. Further, in [12], another proposition 

was given for finding reducts using similarity factor rather 

than dependencies. This approach is non-dynamic but 

guarantees to generate reduct. But a drawback of this 

approach is that it generates more than one spanning trees 

for the graph representing attributes similarity measures and 

hence generates multiple reducts. Thus, it is analyzed here 
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that modifications to this approach are desired to yield 

single reduct. 

IV. CONCLUSION 

Rough set theory mainly deals with methods to classify 

imprecise, uncertain, and incomplete information or 

knowledge expressed in terms of data acquired from 

experience. It mainly differentiates between objects that 

may definitely be classified into a certain category and those 

that may possibly be classified. In this paper we have 

reviewed various approaches based on rough set theory to 

select more relevant features in order to perform the 

clustering and classification task optimally in the process of 

data mining. The analysis of reduct algorithms has been 

discussed. Several researchers have contributed various 

different algorithms for computing the reduct in a variety of 

different cases like information system with no decision 

attribute, multiple decision attribute of the decision system. 

The direction for future work in attribute reduction 

approaches might be the generation of single reduct. 
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