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 Rough Set   is a mathematical tool to find patterns hidden in data with uncertainty.  

 A major step for reduction of high dimension data, present in various forms, is selection of 

appropriate features. 

 In this work we propose a new indiscernibility relation based on clusters, and compare its 

effectiveness with that of classical Rough Set based indiscernibility. 

 In particular, we study the proposed Rough Set based scheme for feature set reduction. 

 Rough-Cluster (RC) based approximate algorithms are proposed. 

Motivation



Motivation

 The major advantage of these algorithms over the classical method is that

they work well even without data discretization.

 The accuracy, measured in terms of the proportion of correctly

classified data samples, is obtained on various standard data sets.

 The results are found to be on par with those obtained through classical

Rough Set based technique for the problem of feature selection.



Feature Selection

 Reduction of high dimension data, present in various forms, is performed by

selection of appropriate features.

 Feature Selection is an important pre-processing step towards data mining.

Feature Selection [11, 12, 13] is classified into following types [6].

 Filter methods. These methods, in general, use basic mean, covariance,

gain ratio based approaches.

 Wrapper methods. These techniques [4, 9] require the use of classifiers as

wrapper to improve feature selection capabilities.

 Embedded methods. These methods are intrinsically different as here the

feature selection is embedded in the classifier itself. Some relevant examples

in this regard are Quadratic Programming [18], SVM [1] among others. An

embedded method selects features, and also classifies the objects

simultaneously.



 Over the last few decades Rough Sets [16]  have been used for the problem of 

feature selection. 

 Zhao-Tusang [21] have proposed Rough Sets based feature selection and have  

experimented on various UCI datasets viz. tae, glass, wine, bupa having 5, 10, 

13, 6 features, respectively. 

 Khan-Revett [16] have worked on PIMA dataset. Concern in feature selection 

is how to handle large sized datasets. 

 In this regard,  Maji [13] have proposed  Rough hypercuboid based method for 

feature selection. The work focuses on several benchmark datasets of UCI and  

Kent Ridge Bio-Medical Data Set Repository. The results obtained have been 

found to be an improvement over classical methods. 

FEATURE SELECTION



Rough Sets

 Originated by Zdzislaw Pawlak in 1980’s.

 The methodology is concerned with the classificatory analysis of imprecise,

uncertain and incomplete information expressed in terms of data acquired from

experience.



Classical Rough Set based techniques suffer 

from several problems. 

 Firstly, the problem of discretization, data need to be discretized before 

application of Rough Set based algorithms. 

 Secondly, each discretization process brings in some unintended errors. 

Further, it will have as associated overhead of complexity of discretization. 

 Thirdly, the indiscernibility relation may become sparse as the number of 

attributes increases. 



PROPOSED ROUGH SET TECHNIQUE

 Two techniques have been proposed for Rough Set based feature selection, 

namely, 

 Rough-Cluster K means (RCK),  

 Rough-Cluster Hierarchial (RCH). 

 The novelty of the approach is that here equivalence classes are formed by 

clusters instead of attributes as in conventional Rough Set based approach.  

 Advantage of using the proposed techniques is that they do not require the 

overhead of discretization. 

 The attributes that improve the aggregate degree of dependency are chosen 

as they contain higher discerning ability.  



 In this work we propose a new indiscernibility relation that partitions the 

objects of Universe into classes of similar objects through clustering process. 

 Clustering is performed using K means and hierarchical clustering approach. 

 The advantage is that by specifying the number of clusters the data can be 

partitioned into equivalence classes without the problem of sparseness. 

 Euclidean distance is used  for computing the similarity. 

 This is in fact a partition of the universe based on cluster knowledge. Below 

we define the related concepts used in this work.

PROPOSED ROUGH SET TECHNIQUE



 We define the Rough-Cluster indiscernibility relation for a set of  attributes A as:            

INDCluster(A) = {(x,y) ∈ U x U: x ∈ ClusterA(i) , y ∈ ClusterA(i), for some 1≤ i ≤ K}

 ClusterA(i) = ith cluster formed by using attribute subset A of the original features.  

U/ClusterA denotes the classes of INDCluster(A). 

 K denotes the number of clusters.

 We define the Rough-Cluster based positive region mathematically as: 

 POSCluster
A(Q) = ∪ {AX:  X ∈ U/ClusterQ}.

 The degree of dependency of an attribute set A measures the importance of A in 

classifying objects of  classes of U/ClusterQ. We define the degree of dependency 

mathematically as: 

 Cluster
A(Q) =  |POSCluster

A(Q)| / |U|. 

PROPOSED ROUGH SET TECHNIQUE



Reduct

A subset Q of P is said to be a Reduct of P if 

Q is independent and IND(Q)=IND(P)

There may be more than one Reduct.

The set of all indispensable relations in P is called   the Core of P

Note:  CORE(P)  =    ∩ RED(P)

where RED(P) is the family of all reducts of P



QUICKREDUCT ALGORITHM

The QUICKREDUCT algorithm yields a reduct for a dataset without forming all subsets of C, 

the set of conditional attributes.



QUICKREDUCT(C,D)

Input: C, the set of all conditional attributes; D, the set of decision attributes. 

Output: R, the attribute subset reduct, R ⊆C 

(1) R ←{} 

(2) do 

(3) T ← R 

(4) for each x ∈ (C − R) 

(5) if γR∪{x}(D) > γT(D) 

(6) T ← R∪{x} 

(7) R ← T 

(8) until γR(D) = γC(D) 

(9) return R



QUICK_CLUSTER_REDUCT(C,D)

Input: C, the set of all conditional attributes; D, the set of decision attributes. 

Output: R, the attribute subset reduct, R ⊆C 

(1) R ←{} 

(2) do 

(3) T ← R 

(4) for each x ∈ (C − R) 

(5) if γCluster
R∪{x}(D) > γClusterT(D) 

(6) T ← R∪{x} 

(7) R_Old ← R;  

(8) R ← T 

(9) until γClustrerR(D) = γCluster
R_OLD(D) 

(10) return R



Rough Cluster Reduct

 The proposed algorithms for feature selection are evaluated on standard datasets. 

 Accuracies are computed using SVM and KNN [2]. 

 The datasets used for evaluation are: 

 colon, 

 svmguide3, 

 sonar, 

 leukemia, 

 duke data, 

 mushroom, 

 Ionosphere,

 satimage from UCI and LibSVM. 



Rough Cluster Reduct Experiments

 Experiments were performed with varying values of K, the number of clusters 

in the Rough-Cluster reduct algorithm.  

 All experiments were done on random samples of the dataset with 5 fold cross 

validation.



Data set 

Data Set Number 

of 

Objects

Number 

of 

Features

Number 

of classes

Leukemia 72 7129 2

Colon 62 2000 2

Satimage 6435 36 6

Ionosphere 351 34 2

Wine 178 13 3

Sonar 208 60 2

Duke Data 44 7129 2

Svmguide3 1284 21 2

Lung Cancer 32 56 2



Results 

with

SVM



Results with KNN 

DataSets QR RCK

K=5

RCH

K=5

RCK

K=7

RCH

K=7

RCK

K=10

RCH

K=10

RCK

K=11

RCH

K=11

Svmguide3 82.61 80.11 81.36 84.37 80.74 80.85 79.68 84.37 79.68

Leukemia 85.71 80.71 76.42 80.00 77.14 77.85 80.00 80.14 76.42

Colon 78.83 76.66 77.50 76.67 75.83 78.33 82.50 78.33 80.00

Satimage 90.58 88.52 86.27 88.95 86.82 86.52 87.04 87.99 87.35

Ionosphere 88.84 84.57 89.28 84.57 86.57 84.57 88.57 84.57 87.57

Wine 87.29 94.00 90.28 94.00 94.00 92.85 92.85 93.14 89.42

Iris 96.00 97.33 93.66 96.66 95.67 97.66 96.00 97.33 96.00

Lung Cancer 66.66 70.00 76.66 75.00 65.00 70.00 75.00 73.33 78.33

Duke 71.25 78.75 66.25 75.00 66.25 66.25 65.00 76.25 66.25



Results: Features Selected

DataSets QR RCK

K=5

RCH

K=5

RCK

K=7

RCH

K=7

RCK

K=10

RCH

K=10

RCK

K=11

RCH

K=11

Svmguide3 17.3 4.0 4.5 3.8 4.4 3.6 4.3 4.0 4.7

Leukemia 2.4 22.9 24.9 21.2 23.5 21.8 23.2 21.0 23.1

Colon 3.1 15.1 16.3 14.0 15.1 15.8 17.8 16.3 18.2

Satimage 36 9.3 10.0 12.8 14.0 8.6 9.5 11.0 11.7

Ionosphere 10.5 2.8 3.0 3.6 3.8 2.2 2.4 2.3 2.5

Wine 5.3 4.9 5.3 6.1 6.6 5.8 6.2 6.2 6.7

Iris 3.9 3.8 3.4 3.9 3.4 3.9 3.9 3.9 3.9

Lung Cancer 3.8 3.8 4.2 5.0 5.4 4.7 4.9 5.1 5.3

Duke 2.4 15.6 17.2 15.7 17.0 12.6 13.9 13.3 15.0



Results 

 The following points briefly describe the major observations from the experiments:

 Satimage data has 36 features and QR selects all 36 features while RCK and RCH on an 

average selects 8 to 14 features.  The accuracies vary marginally for quick reduct 

(89.91%) and RCK algorithms (90.17%) for SVM.  While for KNN QR the accuracy 

obtained is  90.58% and for RCK with K=7 the obtained accuracy is 88.95%.    

 Ionosphere data set has 34 features. QR selects on an average 10.5 features. However, 

for RCK and RCH the average number of selected features lie in the range of 2.2 to 4.  

The KNN classification accuracy of QR i.e. 88.84 is less than the best given by RCH 

method viz. 89.28. For SVM, a marginal  difference in accuracy between QR (91.71) 

and RCH  method (91.11).  



Results 

 For svmguide3 RCK (83.94%) performs better than QR (83.47%) for SVM classifier 

with a vast difference in the number of features selected. 

 We observe that for lung cancer QR achieves 71.66% accuracy for SVM, while the 

accuracy is 78.33% for RCH, K=11. The KNN classifier accuracy is 78.33% for RCH, 

K=11 which is better than QR accuracy. 

 The Colon data has 2000 features. The RCK for K=11 is performing best for the SVM 

classifier giving 85.83% accuracy while QR gives 78.33%. For KNN classifier RCH for 

K=10 is performing best with 82.50% accuracy and QR giving 78.83% accuracy.   

 It can be seen in the results obtained are at par with the results obtained with QR 

method barring a few cases.



Conclusion 

 In this paper we have shown that the proposed Rough Set based feature selection 

techniques RCK, RCH result in good accuracies when tested on standard classifiers of 

SVM and KNN. 

 We have experimented on various cluster sizes for several data sets. The method has an 

advantage that it does not require discretization. 

 However, one important area that needs exploration is to determine the how many 

clusters should be used for a particular dataset.   

 At present with the proposed algorithm the number has to be given as an input.

 However, in a fully automated system we aim at removing this human intervention. 



Future work 

 In future we plan to improve on this shortcoming of the proposed techniques using 

dynamic clustering algorithms (Dynocs Algorithm).

 Moreover, in order to establish the efficacy of our algorithm the testing needs to be 

extended for other data sets.  

 For our future experiments we target  large data sets such as kdd2010 (algebra and 

bridge to algebra) which contains large number of features.  

 Another important aspect of the future direction is to work with  large number of 

decision classes which is missing from our current experiments.
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