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Abstract 
             Feature selection techniques have 
become an obvious need for researchers in 
computer science and many fields of science. 
Whether the target research is in medicine, 
agriculture, business, or industry, the 
necessity for analyzing large amount of data 
is needed. Addition to that, finding the most 
excellent feature selection technique that best 
satisfy a certain learning algorithm could 
bring the benefit for the research and 
researchers. Therefore, a new method has 
been proposed for diagnosing breast cancer 
on a combination of learning algorithm tools 
and features selections techniques. The idea 
is to obtain a hybrid approach that combines 
between the best performing learning 
algorithms and the best performing features 
selections techniques. The experiment result 
shows that assemblage between correlation 
based features selections method along with 
Naïve Bayes learning algorithm can produce 
a promising results. However, no single 
feature selection methods that best satisfy all 
datasets and learning algorithms. Therefore, 
machine learning researchers should 
understand the nature of datasets and learning 
algorithms characteristics in order to obtain 
better outcomes.  
 
Keywords: WBC, K-NN, Naïve bayes, 
Decision Tree 

 
Introduction: 
      The advancement of information 
technology, the growing number of social 
networks websites, electronic health 
information systems, and other factors have 

flooded internet with data. The amount of 
data posted daily on internet is increasing 
daily. At the same time, not all data are 
important or even needed. Therefore, data 
mining researches started using the term 
features selections or data selections more 
often. Feature selection or attribute subset 
combination is the process of identifying 
and utilizing the most relevant attributes and 
removing as many redundant and irrelevant 
attributes as possible [2]. In addition, 
features selections mechanisms do not alter 
the original representation of data in any 
way. It just selects an optimal useful subset. 
Recently, the inspiration for applying 
features selection techniques in machine 
learning has shifted from theoretical 
approach to one of steps in model building. 
Many attribute selection methods use the 
task as a search problem, where each result 
in the search space groups a distinct subset 
of the possible attributes. Since the space is 
exponential in the number of attributes 
which produce lots of possible subsets, this 
requires the use of a heuristic search 
procedure for all data sets. The search 
procedure is combined with an attribute 
utility estimator in order to evaluate the 
relative merit of alternative subsets of 
attributes .This large number of possible 
subsets and the computation cost involved 
necessitate researchers to conduct a 
benchmark feature selection methods that 
produce the best possible subset in regards 
to more accurate results as well as low 
computation overhead. Feature selection 
techniques could perform better if the 
researcher chooses the right learning 

343 
 

http://www.ijiset.com/


IJISET - International Journal of Innovative Science, Engineering & Technology, Vol. 3 Issue 2, February 2016. 

www.ijiset.com 

ISSN 2348 – 7968 

 

algorithm. Therefore, a new approach 
proposed which combines a promising 
feature selection technique and one of well-
known learning algorithm. In the current 
work, we have focused on publicly available 
diseases datasets (Breast cancer) to evaluate 
the proposed approach.  
 
II. Feature Selection Techniques  
             The literature showed many 
methods for selecting subset of features 
concentrate in Correlation based Feature 
Selection (CFS), Information Gain (IG), 
Relief (R), Principle Components Analysis 
(PCA), Consistency based Subset 
Evaluation (CSE), and symmetrical 
uncertainty (SU). CFS aims to find subsets 
that contain features that are highly 
correlated with the class and uncorrelated 
with each other [5]. IG is one of the simplest 
attribute ranking methods that rank the 
quality of attribute according to the 
difference between prior and post entropy 
[6]. R objective is to measure the quality of 
attributes according to how their values 
distinguish instances of different classes [3]. 
PCA is probably the oldest feature selection 
method. It is aim is to reduce the 
dimensionality of a data set in which there 
are a large number of correlated features and 
keeping the uncorrelated features present in 
the data set [4]. CSE try to obtain a set of 
attributes that divide the original dataset into 
subsets that contain one class majority , 
while SU is a modified information gain 
method that compensate the information 
gain bias [2].  
 
III .The Experiment Methodology  
Different sets of experiments were 
performed to evaluate benchmark attributes 
selections methods on well-known publicly 
available dataset from UCI machine learning 
repository, Wisconsin Breast Cancer dataset 
(WBC) [1]. For obtaining a fair judgment, as 
possible, between feature selection methods, 

this work considered three machine learning 
algorithms from three categories of learning 
methods. The first algorithm is k-nearest 
neighbors (k-NN) from lazy learning 
category. k-NN is an instance-based 
classifier where the class of a test instance is 
based upon the class of those training 
instances alike to it. Distance functions are 
common to find the similarity between 
instances. Examples of distance functions 
are Euclidean and Manhattan distance 
functions .The second algorithm is Naïve 
Bayes classifier (NB) from Bayes category. 
NB is a simple probabilistic classifier based 
on applying Bayes' theorem. NB is one of 
the most efficient and effective learning 
algorithms for machine learning and data 
mining because the condition of 
independency (no attributes depend on each 
other) [7]. The last machine learning 
algorithm is Random Tree (RT) or 
classification tree. RT is used to classify an 
instance to a predefined set of classes based 
on their attributes values. RT is frequently 
used in many fields such as engineering, 
marketing, and medicine . After applying 
features selections techniques and the 
learning algorithms on the dataset and 
obtaining classification accuracy results, a 
hybrid method will be constructed that 
combines the advantages of best performed 
feature selection technique and the advantages 
of best perform learning algorithm as shown 
in Figure1.  
 

 
 

Figure1: Hybrid method of feature selection 
technique and a learning algorithm 

 
The software package used in the 

present paper is Waikato Environment for 
Knowledge Analysis (WEKA). Weka 
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provides the environment to perform many 
machine learning algorithm and feature 
selection methods. Weka is an open source 
machine learning software written in JAVA 
language. WEKA contains some data 
mining and machine learning methods for 
data pre-processing, classification, 
regression, clustering, association rules, and 
visualization [8].   

 
IV. The Experimental Results  

The notations “+”, “-”, and “=” are 
used to show the feature selection methods 
classification performance in compared with 
the original dataset (before performing 
feature selection methods); where “+” 
denotes to improvement, “-” denotes to 
degradation, and “=”denotes unchanged. 
The experimental results of using Naïve 
Bayes (NB) as a machine learning algorithm 
on WBC dataset is shown in Table 1.  
 
Table 1: Results for Attributes Selection 
Methods with Naïve Bayes. 
 

Method WBC 
Original Dataset  95.99%  
Correlation based feature 
selection(CFS)  

95.99%=  

Information Gain (IG)  95.99%=  
Relief (R)  95.99%=  
Principle Components 
Analysis (PCA)  

96.14%+  

Consistency based Subset 
Evaluation (CSE)  

96.28%+  

Symmetrical Uncertainty (SU)  95.99%=  
 

 
Table 1 shows the results of applying 

WBC dataset on Naïve Bayes learning 
method and some features selections 
techniques. It showed that classification 
accuracy of using Naïve Bayes on original 
WBC dataset is 95.99%, where it showed 
improvement by applying features selections 
methods Principle Components Analysis and 

Consistency bases Subset Evaluation. The 
best result was performed by Consistency 
bases Subset Evaluation technique about 
96.28% of classification accuracy, while 
classification accuracy stayed the same by 
using correlation based feature selection, 
information gain, Relief, and Symmetrical 
Uncertainty. Figure 2 illustrates the results 
on Table 1. 

 
 

Figure2: Attributes selection methods with Naïve 
Bayes 

 
The second machine learning 

classifier for testing features selections 
methods is k-NN. The experimental results 
of using k-NN as a machine learning 
algorithm on WBC is shown in Table2.  

 
Table2: Results for Attributes Selection 
Methods with k-NN  
 

Method WBC 
Original Dataset  95.42%  
Correlation based feature 
selection(CFS)  

95.42%=  

Information Gain (IG)  95.42%=  
Relief (R)  95.42%=  
Principle Components Analysis 
(PCA)  

95.42%=  

Consistency based Subset 
Evaluation (CSE)  

95.85%+  
 

Symmetrical Uncertainty (SU)  95.42%=  
 

Table 2 shows that the classification 
accuracy of using k-NN on the original 
WBC is 95.42%, where it shows 
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improvement by applying the features 
selections method Consistency based Subset 
Evaluation (CSE). On the other hand, other 
features selections methods produced the 
same classification accuracy as the original 
dataset. Figure 3 illustrates the results on 
Table2.   
 

                              
 

Figure3: Results for attributes selection methods 
with k-NN 

 
The last machine learning classifier 

in our experiment is Decision Tree (DT). 
The experimental results of using DT as a 
machine learning algorithm on WBC is 
shown in Table 3 
 

Table3: Results for Attributes Selection 
Methods with Decision Tree 

 
Method  WBC  
Original Dataset  94.56%  
Correlation based feature 
selection(CFS)  

94.56%=  

Information Gain (IG)  94.56%=  
Relief (R)  94.56%=  
Principle Components 
Analysis (PCA)  

94.85%+  

Consistency based Subset 
Evaluation (CSE)  

93.56%-  

Symmetrical Uncertainty 
(SU)  

94.56%=  

 
In Table 3 shows improvement in 

classification accuracy by applying the 
features selections PCA. There is a decline 
in classification accuracy by using CSE, 
where the classification accuracy is not 

changed using CFS, IG, R, and SU. Figure 4 
illustrates the results on Table 3. 

Figure 4: Results for attributes selection methods 
with Decision Tree 

 
V. Conclusion: 
          According to the results obtained by 
the current work on WBC, Naïve Bayes has 
performed the supreme in regard to 
classification accuracy. K-NN and DT have 
performed just better on dataset after 
applying features selections methods. In 
general, features selections methods can 
improve the performance of learning 
algorithms. However, no single features 
selections method that best satisfy all 
datasets and learning algorithms. Therefore, 
machine learning researcher should 
understand the nature of datasets and 
learning algorithm characteristics in order to 
obtain better outcomes as possible. Overall, 
CSE features selection method performed 
better than IG, SU, R, CFS, and PC. The 
study also found that IG and SU performed 
typically because SU is a modified version 
of IG. 
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