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Abstract: A major part of current research in data mining is the ground of medical diagnosis. In the present learning 
with the Breast cancer Wisconsin data sets, a feature selection algorithm Modified Support Vector Machine Feature 
Selection (MSVMFS) predicts together diagnosis and prognosis by comparing several data mining classification 
algorithms. In the proposed approach, in level one of feature selection, features are selected based on rough set 
among different starting values of feature reduction. In level two features are selected since the reduced set based 
on the Correlation Feature Selection (CFS). Experiments show the proposed method is valuable by comparing 
through others in terms of number of preferred features and classification performance. 
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I.  INTRODUCTION 
Data mining is the procedure of extracting functional and 

related information form a database. Feature Selection (FS) 

is an essential concept in pattern recognition with data 

mining. It aims to select the unique features as of a set of 

features and eliminating pointless features. Rough set theory 

be able to used as a tool toward reduce unnecessary features 
and to deal with elusiveness and uncertainty in datasets. The 

main model in rough set theory is to define the necessity of 

features. The measures of necessity are calculated by the 

functions of approximation. Rough set have been used to 

improve the efficiency and usefulness of classification and 

applied for classification within various applications [2]. 

Breast cancer is considered like a major health issue for 

women. For the diagnosis of malignant ones in the 

Wisconsin Diagnostic Breast Cancer (WDBC) data set since 

for the recurrence of breast cancer in the Wisconsin 

Prognostic Breast Cancer (WPBC) data set, many 
techniques has been discussed [3], [4], [5] and [6]. 

In the present learning both Breast cancers Wisconsin 

Diagnostic with Prognostic datasets are used. Two levels of 

characteristic feature reductionions are proposed support for 

breast cancer detection and prognosis problems. In level one 

of feature feature reductionion, minimal feature subset is 

selected based on rough set and in level two features are 

selected starting the minimal feature subset obtained from 

level one based scheduled the correlation feature selection. 

Furthermore, special classification techniques are used to 

study the impact of the special features. 

 

II. MATERIALS AND METHODS 

 

 2.1Rough Set Feature Selection 
Rough set theory was introduced by Pawlak in 1982 [7]. In 

rough set theory, an information table is defined as I = 

(U,C∪ D,V,f) everyplace U is the universe of primitive 
objects and C a set of condition attributes, D a set of 

decision attributes, V a set of values of attributes in C as 

well as f:C→V a description function. For any P⊆C, there is 

an equality relation IND (P) as follows: 

IND (P) = { ( x,y) } € U |ᵿ a € p a(x) = a(y) } 

 

If (x,y)∊ IND(P), x and y are indiscernible by attributes 

from P. Assuming P and Q are equivalence associations in 

U, the significant concept positive region is defined: 

POSp(Q) = U x€u/Q Px 

The positive region contains all items of U can be classified 
with certainty into classes of U/Q using attributes from P. 

 

Modified Support Vector Machine algorithm [8] is 

frequently used in the direction of generate minimal feature 

subset. This algorithm uses the degree of dependency 

 

It starts among an empty set of attributes. The greatest of 

novel attributes is determined and added to the set iteratively 

with the above dependency. The process is repeated until the 

dependency of feature reduction candidate equals to 1. 

 

2.2Correlation Feature Selection (CFS) 
It evaluates to worth a subset of attributes by considering the 

entity predictive ability of every feature along through the 

degree of redundancy between them. That is subsets of 

features so as to be highly correlated with the class while 

have low inter association are preferred. In this paper greedy 

search approach is used for WDBC data set and random 

search is used for WPBC data set. 

 

2.3Wisconsin Diagnostic and Prognostic datasets 
The Breast Cancer Wisconsin Diagnostic dataset (WDBC) 

and the Breast cancer Wisconsin Prognostic (WPBC) dataset 
were obtained to the UCI Machine Learning Repository [9]. 

Features are computed from digitized image of a Fine 
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Needle Aspiration (FNA). The WDBC consists of 569 
instances and 30 real valued input features where WPBC 

consists of 198 instances and 33 features. The attributes of 

two datasets are nearly the same so far the WPBC 

Table 1. Attribute information of the Breast Cancer 

Wisconsin datasets 

 
 

III.  PROPOSED METHOD 
MSVMFS is a two-level feature feature reductionion 
algorithm. The aim of this algorithm is achieve a feature 

subset with smallest number of features provided that 

efficient classification exactness.  

 
Figure 1. Proposed MSVMFS Method 

 
In composed of two feature feature reductionion algorithms. 

Rough set Modified Support Vector Machine algorithm is 

useful initially to obtain minimal feature subset. Then 

second algorithm CFS is used to do further feature 

reductionion in minimal feature subset. Usually in Modified 

Support Vector Machine algorithm, the initial feature 

reduction set say R starts with an empty set but in our 

proposed method R is initialized with three different values 

in high correlation feature, regular correlation feature with 

low correlation feature and decision attribute (class label). 

Because to starting point in the attribute space influences the 
direction of exploration. Then CFS  functional to the union 

of all the features of those three feature reduction sets. The 

data sets are discretized for the reason of rough set by using 

equal incidence with number of intervals 5 before applying 

feature selection algorithms 

 

Algorithm: 
Input: Data set D with all features. 

 

Output: Optimum feature subset R 

 
Step 1: Discretize the data set using equal frequency with 

number of intervals 5 

Step 2: Apply rough set feature selection algorithm with an 

initial value of the feature reduction set R1= {attribute 

which has high correlation value}. 

Step 3: Apply rough set feature selection algorithm with an 

initial value of the feature reduction set R2= {attribute 

which has average correlation value}. 

Step 4: Apply rough set feature selection algorithm with an 

initial value of the feature reduction set R3= {attribute 

which has low correlation value}. 

Step 5: Combine all the features from R1, R2 and R3 and 

obtain R. i.e., R=R1∪ R2∪ R3 

Step 6: CFS is applied for the reduced set R to get further 

feature reductionion in the features. 

 

IV.  RESULT 
The proposed methods have been implemented using 
MATLAB (Version 7.12). It is used eliminate the 

insignificant in addition to redundant features. The reduced 

attribute set obtained for WDBC dataset is: {11, 17, 22, 24, 

25, 26, 28, and 31}. The reduced attribute set obtained for 

WPBC is {3, 27, and 35}. In this paper WEKA toolkit is 

implemented and to analyze the datasets with the data 

mining algorithms [10]. Table 2 shows three different 

feature reduction sets obtained using rough set and table 3 

shows the final feature reduction sets of WDBC and WPBC 

datasets after applying CFS 

Table 2. Features sequentially selected against different 

initial values 

Data set 
Feature 

reduction R1  

Feature 

reducti

on R2  

Feature 

reduction 

R3 

WDBC 31,17,25,8,22  
25,26,2
8,22,14  

18,24,29,2
5,14,11 
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WPBC 27,9,32,15,3  
28,6,3,3
5,31  

3,19,35,16
,13 

  
Table3. Feature subsets selected on the 

breast cancer datasets 

    

Data set  

Combine all three 

feature reductions 

R1,R2 and R3 

Apply CFS to 

get final feature 

reduction R 

WDBC  

8,11,14,17,18,22,24,25,

26,28,29,31 

11,17,22,24,25,26

,28,31 

WPBC  

3,6,9,13,15,16,1
9,27,28,31,32,3
5  

3,27,
35  

 

 

The data mining algorithms such as Bayes net, Naïve bayes, 

Multilayer perceptron, RBF network, IBK, J48 and Simple 

cart are used to classify WDBC and WPBC datasets through 

all the features with optimum features selected via our 

projected method. The results are shown in Table 4 and 

Table 5. To obtain high accuracy of a prediction model, 

optimal parameter setting play an essential role. In this 

paper to evaluate the appropriate algorithmic parameters of 
all the mentioned eight data mining algorithms and use 80-

20 training-testing detachment of the data. In our results 

demonstrate the projected method improves to the 

classification accuracy almost all the data mining 

algorithms. The graphical demonstration of the performance 

to the classification algorithms WDBC and WPBC are 

portrayed in Fig. 2 and Fig. 3 respectively. 

 

Table 4. Classification Accuracy on WDBC dataset 

S.

No 

Data 

Mining 

Considering all 

the features. 

MSVMFS 

feature 

subset 

 Algorithm (Accuracy %) 
(Accuracy 

%) 

1 Bayes Net 94.7368 94.7368  

2 

Naïve 

Bayes 90.3509 94.7368  

3 MLP 96.4912 100  

4 RBF 92.9825 99.1228  

5 SMO 97.3684 97.3684  

6 IBK 95.6140 98.2456  

7 J48 92.9825 96.4912  

8 

Simple 

Cart 92.1053 94.7368  

 

Table 5. Classification Accuracy on WPBC dataset 

S.

No 

Data 

Mining 

Considering all 

the features. 

MSVMFS 

feature 

subset 

 
Algorith

m (Accuracy %) 

(Accuracy 

%) 

1 Bayes Net 77.5 82.5 

2 

Naïve 

Bayes 72.5 82.5 

3 MLP 72.5 82.5 

4 RBF 75 82.5 

5 SMO 77.5 85 

6 IBK 72.5 80 

7 J48 75 82.5 

8 

Simple 

Cart 77.5 80 

Figure 2.Classifier performance before and after feature 

selection on WDBC data set 

 

 
 

Figure3. Classifier performance before and after feature 

selection on WPBC data set 

 

 
 

Comparing the accuracies in Table 4 and 5, it is establish the 

MSVMFS improves to accuracy of all the data mining 

algorithms. Multilayer perceptron has been produced 100 

percent accuracy in classifying the WDBC dataset and SMO 

is the greatest performing classification algorithm on the 

WPBC dataset which provides 85 percent classification 

accuracy Classification accuracy of MSVMFS algorithm 
and other methods for WDBC and WPBC from literature are 

summarized in Table 6 

Table 6. Accuracy rate comparison of MSVMFS with 

other approaches from existing researches on WDBC 

and WPBC datasets. 
 

Classifier Data set 

Accuracy 

(%) 

CART with feature selection 

(Chi-square) [11] WDBC 92.61% 

   

Hybrid WDBC 95.96% 

Approach [12]   
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Jordan Elman neural 
network[13] WDBC 98.25 

 WPBC 70.725% 

Rough set K-Means 

Clustering[14] WDBC 99.12% 

   

Proposed method(MSVMFS) WDBC 100 

 WPBC 85 

 

 

V.  CONCLUSION 
In this paper MSVMFS feature selection algorithm is 

proposed for breast cancer datasets. In a two level attribute 

feature reductionion algorithm with combination of rough 

set and CFS. In the goal of this algorithm is select minimum 

number of features given that high classification accuracy. It 

is observed that our proposed model achieved highest 

classification accuracy compared to additional feature 

selection methods. MLP classification algorithm created 100 
percent accuracy classifying the WDBC dataset. It also 

affirms that the SMO algorithm is the best performing 

algorithm on the WPBC dataset which provides85 percent 

classification accuracy. 
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