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    Abstract---Rough set theory (RST) is a mathematical tool to deal 

with the analysis of vagueness. It is used in machine learning 

particularly in the areas of knowledge discovery, artificial 

intelligence, inductive reasoning and decision support systems. 

Feature selection (FS) is a process of identifying optimal attributes. 

Many feature selection methods have been developed and are 

reviewed critically in this paper, with particular emphasis on their 

current limitations. The applications of rough set theory are 

presented. The major challenges of rough set-based feature selection 

are having a constraint that all the data should be discrete. 
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I. INTRODUCTION 

Many problems in machine learning involve high 

dimensional descriptions of input features. It is therefore not 

surprising that much research has been carried out on 

dimensionality reduction [68, 38, 49, 21, 53].   

 Vagueness arises due to a lack of sharp distinctions or 

boundaries in the data itself. This is typical of human 

communication and reasoning. Rough sets can be said to 

model ambiguity resulting from a lack of information through 

set approximations. 

II. ROUGH SELECTION 

Rough set theory [1, 12, 23, 64, 35] is a conventional set 

theory that supports approximations in decision making. It 

possesses many features in common (to a certain extent) with 

the Dempster-Shafer theory of evidence [2] and fuzzy set 

theory [10, 50]. The rough set itself is the approximation of a 

vague concept (set) by a pair of precise concepts, called lower 

and upper approximations, which are a classification of the 

domain of interest into disjoint categories. The lower 

approximation is a description of the domain objects which 

are known with certainty to belong to the subset of interest, 

whereas the upper approximation is a description of the 

objects which possibly belong to the subset.  

Central to rough set theory is the concept of 

indiscernibility. An information system        ), having  a 

finite object  set   non-empty set (the universe of discourse)  

and     is a non-empty finite set of attributes such that 

         for every      .    is the set of values that 

attribute. 
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A. Indiscernibility 

 For any      there is an associated equivalence relation  
     )  
     )  {       )|         )     )}       (1) 

IF     )        )   then         are indiscernible by 

attributes from P. The equivalence classes of the P-

indiscernibility relation are denoted[ ]      . 

B. Lower and Upper Approximations 

Let         is subset of   , it is  approximated using only 

the data contained within P by constructing the P-lower and 

P-upper approximations of X: 

   ={ |[ ]    }       (2) 

  ={ |[ ]      }                         (3) 

It is such a tuple 〈       〉 that is called a rough set consider 

the approximation of concept. 

C. Positive, Negative and Boundary Regions 

Let P and Q be equivalence relations over  , then the 

positive, negative and boundary regions are defined by: 

      )  ⋃       ⁄           (4) 

      )    ⋃       ⁄          (5) 

      )  ⋃       ⁄  ⋃       ⁄         (6) 

D. Feature Dependency and Significance 

For     , it can be said that Q depends on P in a degree 

k (where  [   ]) denoted P ⇒k Q, if: 

      )  
|   

   )|

| |
                       (7) 

               )  ⋃       ⁄   is the positive region of the 

partition of the universe with respect to P (i.e. the set of all 

elements that can be classified uniquely into sets of the 

partition   ⁄  in terms of P). If    , Q is completely 

dependent on P,        Q is partially dependent (to a 

degree - k) on P.  

Accuracy of approximation coefficient can be defined by 

rough set of vagueness in numerical terms 

     )  
|  |

|  |
                                  (8) 

 

       | | denotes the cardinality of    and         )    

. If      )   ,   is crisp with respect to I (the concept   is 

precise with respect to I), and otherwise, if       )     , X is 

rough with respect to I (the concept X is vague with respect to 

I). 
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III.  REDUCTION METHOD 

A reduct is defined as a subset of minimal cardinality R of 

the conditional attribute set C such that for a given set of 

attributes D,    )      ) .R is a minimal subset 

   { }  )      ) for all     . This means that no 

attributes without affecting the dependency degree. 

The QUICKREDUCT algorithm (adapted from[3] attempts 

to calculate a reduct without exhaustively generating all 

possible subsets. The extensions of reducts can be 

REVERSEREDUCT, which employs backward e elimination 

of attributes. Variable precision rough sets (VPRS) [4] 

extended rough set theory by the relaxation of the subset 

operator. Their emphases is on recognizing data patterns 

which represent statistical trends but not functional. 

The objective of VPRS is to classify the objects based on 

small error rate when compared with predefined level. 

Reducts generated from an information system are 

sensitive to changes in the system. This can be seen by 

removing a randomly chosen set of objects from the original 

object set. Those reducts frequently occurring in random 

subtables can be considered to be stable; it is these reducts 

that are encompassed by dynamic reducts [5]. Relative 

Dependency Method is a feature selection method which is 

based on an alternative dependency measure is presented. The 

proposed technique facilitates computation of discernibility 

functions or positive regions with reduced cost without 

optimizations. 

Tolerance-Based Method is another way of attempting to 

handle imprecision is to introduce a measure of similarity of 

attribute values and define the lower and upper approximation 

based on these similarity measures. 

 
TABLE I 

FEATURE SELECTION FOR DECISION SYSTEM BASED ON THE ROUGH SET 

THEORY APPROACH 

Authors Purpose Description 

Golan 

and 
Ziarko 

[6] 

Feature 

selection 

Proposed rough set reduct methodology 

which used Datalogic/R 

Ruhe 
[40] 

 

Feature 
selection 

 

Applied the rough set approach for 
analysis of software engineering data 

which resulted from goal-oriented 

measurement 
Duntsch 

and 

Gediga 

[69] 

Feature 

selection and 

classification 

Developed a software system „GROBIAN‟ 

which performed rough set data analysis 

   

Starzik 
et al. 

[91] [70] 

Feature 
selection 

 

Presented an expansion algorithm which 
allowed the generation of all reducts in a 

much less time than the elimination 

method 
Fujimori 

et al. 

[25] 

Feature 

selection and 

classification 

Applied rough set theory to the discharge 

currents accompanied by tree 

 
 

Vinterbo 

and Ohrn 
[22] 

Feature 

selection and 
classification 

Presented a problem of simplification 

method that ensured a lower bound of the 
degree of approximation together with a 

genetic algorithm minimal cost 

approximate hitting sets discovery 
 

Bakar et Feature Presented an algorithm based on rough set 

al. [8] 

[67] 

selection approach and a dedicated decision related 

binary integer programming (BIP) to find 
minimum size reducts 

 

Vesa et 
al. [109] 

[51] 

Feature 
selection and 

classification 

Described preprocessing, rule generation 
and classification validation 

 

 
Yin et al. 

[65] 

Feature 

selection 

Described a new approach for data 

filtering which effectively reduced 

granularity of attribute measurement and 
improved the statistical significance of 

rules 
 

Beynon 

[62] 
 

 

Feature 

selection 
 

Presented an investigation of the criteria 

for a b-reduct within variable precision 
rough set (VPRS) model 

Galvez 
et al. 

[42] 

Feature 
selection and 

classification 

Presented ConjuntosAproximados con 
Incertidumbre (CAI) model, a new 

revision of the variable precision rough set 

(VPRS) model with stronger rules which 
used less number of attributes in their 

antecedents 

 
Diaz and 

Corchad 

[9] 

Feature 

selection 

Proposed a feature subset selection 

algorithm based on a greedy strategy that 

tried to maximize an information measure 
of entropy. It decreased the computation 

effort for inducing a classifier 

 
Hu] [61] Feature 

selection and 

classification 

Presented a new approach which used 

rough set theory and database operations 

to construct a good ensemble of classifiers 
 

   

Li and 
Liu 

[28] 

Feature 
selection 

Proposed the feature reduction algorithm 
and the conditional entropy to 

compute the relevance of attributes 

 

Haiying 

et al. [7] 

Feature 

selection and 

classification 

Presented the model and approach for 

hierarchical fault diagnosis for substation 

based on rough set theory 
 

   

Questier 
et al. 

[72] 

 

Feature 
selection 

Described the use of rough set theory to 
construct reducts in a supervised way for 

reducing the number of features in an 

unsupervised clustering 
 

Zhang et 

al. 
[39] 

Feature 

selection 
 

Proposed a novel heuristic algorithm based 

on rough set theory to find out the feature 
subset 

 

Swiniars
ki and 

Skowron 

[24] 

 

 

Feature 
selection 

 

Presented an application of rough set 
method for feature selection in pattern 

recognition 

Wei 
[41] 

Feature 
selection 

Presented a new approach for the selection 
of attributes for the construction of 

decision tree based on rough set theory. 

The results showed that the rough set-
based approach was a feasible way for the 

selection of nodes of decision tree 
 

Zhu and 

Wang 
[52] 

Feature 

selection 

Investigated some basic properties 

covering generalized rough sets. 
Constructed a set of axioms to characterize 

the covering lower approximation 

operation 
 

Muir et Feature Used binary decision diagram (BDD) for 
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al. [13] selection more efficient determination of the 

discernibility function 
 

Zhang 

and Yao 
[63] 

Feature 

selection 

Proposed two new rough set theory-based 

feature selection techniques like average 
support heuristics (ASH) and 

parameterized average support heuristic 

(PASH) 
 

Curry [8] Feature 

selection and 
classification 

 

Developed sampling theory using both the 

original rough set model and its 
probabilistic extension variable precision 

rough set (VPRS) model 
Kryszkie

wicz and 

Cichon 
[66] 

Feature 

selection 

 

Proposed a number of algorithms to 

discover all generalized reducts 

(preserving generalized decisions), all 
possible reducts (preserving upper 

approximations) and certain reducts 

(preserving lower approximations) 
Hu et al. 

[26] 

 

Feature 

selection 

Proposed a new rough sets model and 

redefined the core attributes and reducts 

based on relational algebra to take 
advantages of the very efficient set-

oriented database operations 

Chen et 
al. [71] 

 

Feature 
selection 

Proposed a reasonable definition of 
parameterization reduction of soft sets and 

compared it with the attribute reduction in 

rough set theory 
   

Thangav

el et al. 
[60] 

Feature 

selection and 
classification 

Proposed Modified Quickreduct 

Algorithm for feature selection compared 
with original Quickreduct and variable 

precision rough set (VPRS). The proposed 

algorithm generated minimal reducts as 
well as less number of rules 

Thangav

el et al. 
[27] 

Feature 

selection and 
classification 

 

Proposed an Accelerated Quickreduct 

algorithm to select the features from the 
decision 

 

IV. ROUGH SET THEORY EXTENSIONS 

The conceptual simplicity of the rough set approach is 

undoubtedly one of the main reasons for its success. The 

tolerance rough set model (TRSM)] [29] can be useful for 

application to real-valued data. TRSM employs a similarity 

relation to minimize data as opposed to the indiscernibility 

relation used in classical rough-sets. The variable precision 

rough sets (VPRS) approach [37] extends rough set theory by 

relaxing the subset operator. It was originally proposed in 

order to analyze and identify data patterns which represent 

statistical trends rather than those which are functional. The 

Dominance-based Rough Set Approach (DRSA) [30] is an 

extension of RST for multi-criteria decision analysis. In 

contrast to traditional RST, DRSA employs a dominance 

relation instead of an equivalence relation. This allows DRSA 

to deal with the inconsistencies which are typical of criteria 

and reference-ordered decision classes. In VQRS, it is 

implicitly assumed that the approximations are fuzzy sets, i.e. 

mapped from X to [0, 1], that evaluate the degree to which the 

associated condition is fulfilled. 

 
 

Fig. 1 Rough set theory extensions 

V. APPLICATIONS 

Rough set theory has been applied successfully almost in 

all the areas. One of the major limitations of the traditional 

rough set model in the real applications is the inefficiency in 

the computation of core attributes and the generation of 

reducts. In order to improve the efficiency of computing core 

attributes and reducts, many novel approaches have been 

developed. This section shows the various applications for 

feature selection and classification. These applications are 

summarized in Table II.  

 
TABLE II 

AN OVERVIEW OF APPLICATIONS 

Authors Application
s 

Methods Results 

An et al. [20] 

 

Water 

demand 
 

KDD-R 

 

Best error rate was 6.67% 

and average error rate 
prediction was 10.27% 

 

Komorowski 
and Ohrn [15] 

 

Cardiac 
patients 

 

ROSETTA 

Described decreasing the 

degrees of precision p, 
increases the accuracy. If  

p = 1.0, accuracy = 88.3% 

and if p = 0.5, accuracy = 
95.9% 

Nakayama et al. 

[36] 
 

Diabetic 

database 

Rough 

analysis 

Fitting rate 81.7% or 

84.9% (fuzzy inference) 
was high for supporting 

diagnosis of 

Macroangiopathy 
Kusiak et al.] 

[68] 

 

Solitary 

pulmonary 

nodules 
(SPNs) 

 

Primary and 

confirmation 

based on 
rough 

analysis 

 

Classification quality was 

91.3% with diagnostic 

accuracy 100% 

Kusiak et al. 

[58] 

 

SPN and 

engineering 

datasets 
 

Rough 

analysis 

 

Classification quality of 

SPN was 91.3% with 

diagnostic accuracy 100%. 
For Engineering dataset the 

classification quality was 

96.8% 
Breault [17] Pima 

Indian 

Diabetic 
Database 

 

ROSETTA 

 

The mean accuracy was 

73.8% with 95% CI where 

the previous researches 
produced 71.5% mean 

accuracy with 63.3% CI 
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Swiniarski 

[33] 

Face 

recognition 

PCA, LVQ Produced the classification 

accuracy of 97.3% for the 

test set 

Zhong and 

Skowron[123] 

[47] 

Slope-

collapse 

database 
 

Rough sets 

heuristics 

(RSH) and 
rough sets 

with boolean 

reasoning 
(RSBR) 

 

 

Among 24 attributes, 9 

were selected 

Hu and 

Cercone[38] 

[44] 

Market 

database 

DB Deci, Average prediction 

accuracy of DB Deci was 

73.8% whereas C4.5 was 
67.3% 

Vesa et al. [14] 

 

Test 

network 

Fuzzy C-

means 
clustering 

(FCM), rough 

sets 
 

In an average 95% of data 

are classified successfully. 
Rough sets generated 193 

rules whereas FCM 

produced 25 rules 

Midelfart et al. 

[31] 
 

Gastric 

tumors 
 

Dynamic 

reduct, IR 
classifier and 

genetic 

algorithm 
 

This method was examined 

with ROSETTA system. 
Most of the classifiers had 

a very good accuracy and 

high AUC value 

Jensen and 

Shen [48] 

Water 

Treatment 
Plant 

database 

Fuzzy-rough 

feature 
selection 

(FRFS) 

Fuzzy rough method 

selected fewer attributes 
and lower classification 

error than crisp rough set 

    

Shen and 

Chouchoulas 

[59] 
 

Water 

Treatment 

Plant 
database 

Quick reduct 

II  , RIA, 

C4.5 

RIA produced 

classification accuracy of 

97.3% while C4.5 
produced 96.8%. RIA was 

better than C4.5 

Tay and Shen 

[57] 

Multi-

cylinder 

diesel 

engine 

Rough 

analysis 

Distinguished the fault 

types or inspect the 

dynamic characteristic of 

the machinery 
Shen and 

Jensen [89] 

[43] 

Water 

Treatment 

Plant 
database 

 

Fuzzy-rough 

feature 

selection 
(FRFS), 

conventional 

entropy, 
PCA, 

random-based 

 

FRFS produced better 

accuracy (training accuracy 

83.3% and testing accuracy 
83.9%) than other methods 

Li et al.  

[19] 

 

Text 

categorizati

on 
 

Case-based 

reasoning 

(CBR) 
 

Proved that the 

performance of document 

reduction depends on the 
threshold „thr‟.  In an 

average if thr = 0.96, 

43.6% of 
documents were reduced 

Krishnaswamy 

et al 
[46] 

Data 

mining and 
high 

performanc

e 
computing 

 

Rough 

analysis 
technique 

Measured the error rate of 

San Diego Super 
Computing (SDSC) „95 

and „96. SDSC 95 was 

better than SDSC 96 on 
the average mean error 

Warren et al.  
[56] 

Solid waste 
managemen

t (SWM) 

 

Modified RS1 Enabled to handle larger 
datasets as previous RS1 

Zaluski et al.  

[16] 

 

Breast 

cancer 

LEM2, C4.5, 

CN2, 

Assistant86 

Accuracy of original 

dataset was 70.63% and 

standard deviation was 
8.4%. For reduced dataset, 

the accuracy was 71.5% 

and standard deviation was 

6.06% 

Hassanien 

[45] 

Breast 

cancer 

Rough 

analysis 

Rough set was a useful tool 

for inductive learning and 

valuable aid for building 

expert systems 

Hassanien and 

Ali [54] 

Mammogra

m dataset 

Rough 

analysis, 

decision trees, 
neural 

networks 

 

Classification accuracy of 

rough set was 93.1%, 

decision Trees 83% and 
neural networks 90.34% 

    

Li and Cercone 

[32] 

Geriatric 

dataset 

ROSETTA Generated rules with 

support = 30% and 

confidence = 80% 
Wilk et al.  

[55] 

Abdominal 

pain 

LEM2, 

explore 

Explore produced 83.99% 

classification accuracy 

whereas LEM2 produced 
74.07% 

Thangavel et al.  

[18] 
 

UCI 

medical 
dataset 

Improved 

Quickreduct, 
Quickreduct, 

C4.5 

 

Improved Quick reduct 

produced minimal reduct 
as well as minimal rule 

from the dataset containing 

large number of attributes 

 

VI. CONCLUSION 

    Feature selection is a dynamic field closely connected to 

data mining and other data processing techniques. This paper 

attempts to survey this fast developing field, show some 

effective applications, and point out interesting trends and 

challenges. Research is required to overcome imitations 

imposed when it is costly to visit large data sets multiple 

times or access instances at random as in data streams. In 

future work ,we use Big Data is becoming the new Final Frontier 

for scientific data research and for business applications in rough set 

analysis. 
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