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Abstract  Feature Selection is one of the approach for solving dimensionality problem. Numerous feature selection filter evaluation measures 
are used to produce good feature subset. This paper presents the comparison of Information Gain, Correlation and Gain Ratio filter measures 
to verify the performance of different filter evaluation measures on high dimensional datasets. Computational time required to evaluate dataset 
with respect to Naïve Bayes classifier is calculated by using filter measures. Experimental results on different datasets demonstrate that 
Correlation measure is favourable in terms of computational time than other measures.
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Introduction

Technology development in different fields such 
as information retrieval, image analysis and text 
categorization not only contains complex and large 
amount of data but also these data have more number of 
attributes (or features). To extract such high dimensional 
data is challenging issue in data mining task. To solve this 
dimensionality problem feature selection approach are 
useful. Feature selection selects optimal feature subset by 
eliminating irrelevant and redundant data from original 
datasets [1].  

To reduce dimensionality problem most of paper used 
evaluation measures. Feature subset is produce by using 
evaluation measures. Evaluation measures are classified 
into three kinds such as uncertainty measures, distance 
measures, and dependence measures. The data intrinsic 
category includes distance, entropy, and dependence 
measures. Recent research say that evaluation function 
is classified into five categories distance, information, 
dependence, consistency, and classier error rate [2]. 
There are many potential benefits of feature selection 
such as reducing computational time, facilitating data 
visualization and data understanding, minimize storage 
space, defying the curse of dimensionality to improve 
prediction performance.
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 In this paper different evaluation measures are compared 
with respect to Instance based classifier (IBK). We have 
calculated the computational time required to build the 
datasets by using Correlation, Information gain and Gain 
Ratio evaluation measure on UCI datasets. Experimental 
work performed on four different datasets which are from 
Text and Microarray domain. 

Rest of paper is organized as follows. Detail description 
of Filter Evaluation measures are discussed in Section 2. 
Section 3 of this paper presents the analysis and results. 
Section 4 presents the concluding remark. 

Evaluation Measures

In this section detail description of evaluation measures 
are discussed. 

Correlation Filter Measure

Correlation  is a bivariate analysis that measures the 
strengths of association between two attributes and the 
direction of the relationship.   In terms of the strength 
of relationship, the value of the correlation coefficient 
varies between +1 and -1 [4].   When the value of the 
correlation coefficient lies around ± 1, then it is said 
to be a perfect degree of association between the two 
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variables.   As the correlation coefficient value goes 
towards 0, the relationship between the two variables will 
be weaker.  The direction of the relationship is + indicates 
the positive relationship between the attributes and – 
indicates a negative relationship between the attributes.  
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     Where r is correlation coefficient, N is number of 
value in each data set, ∑ xy  is sum of the products of 
paired scores, ∑x is sum of x scores, ∑y is a sum of y 
scores, ∑x2 is sum of squared x scores and ∑y2 is a sum 
of squared y scores .Pearson r correlation is the most 
widely used correlation statistic to measure the degree of 
the relationship between linearly related variables.

Information Gain Filter Measure

Information gain is the amount of information that’s 
gained by knowing the value of the attribute, which is 
the entropy of the distribution before the split minus the 
entropy of the distribution after it. The largest information 
gain is equivalent to the smallest  entropy. Information 
gain is a simplest attribute ranking measure which gained 
the amount of information by knowing the value of the 
attribute [3]. 

This measure is widely used in different applications 
such as text categorization, DNA analysis and image 
data analysis. Eq. (2) and (3) shows the information gain 
calculation. Consider A is an attribute and C is the class, 
then information gain is defines as [9],

Information gain= (Entropy of distribution before the 
split) -  (Entropy of distribution after it)

IGi = H(C) −H(C|Ai)
                                 

           (2)
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Gain Ratio Filter Measure

C4.5 a successor of ID3 uses an extension to information 
gain known as gain ratio [7]. It overcomes the bias of 
Information gain. It applies a kind of normalization to 
information gain using a split information value. The split 
information value represents the potential information 
generated by splitting the training data set D into v 
partitions, corresponding to v outcomes on attribute A
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High split Info when partitions have more or less the same 
size, Low split Info when few partitions hold most of the 
tuples.

Gain Ratio is defined as 
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The attribute with the highest gain ratio is selected as the 
splitting attribute [8].

Results and Analysis

In this section datasets and results are discussed. For 
experimental work four well-known Text and Microarray 
datasets used. SRBCT, Lymphoma, Tr12 and Oh5, these 
four datasets are used for study [5]. Summary of datasets 
are presented in table 1. Weka tool is used for analysing 
the data [6].

Table  1: Summary of Datasets

Datasets Features Instances Domain
SRBCT 2308 83 Microarray
Oh5 3013 918 Text
Lymphoma 4026 62 Microarray
Tr12 5803 313 Text

SRBCT is a Gene’s data which contains 2308 features and 
83 samples. It is taken from the microarray experiments 
of Small Round Blue Cell Tumors (SRBCT).  Out of 
83 samples 63 is training samples and 25 test samples. 
Lymphoma is a broad term encompassing a variety of 
cancers of the lymphatic system.  It contains total 4026 
genes and the samples are 62. There are all together 
three types of lymphomas.   The first category, Chronic 
Lymphocytic Lymphoma, the second type Follicular 
Lymphoma and the third type Diffuse Large B-cell [10]. 

Text dataset tr12 is multi-class (1-of-n) attributes contains 
5803 features and 313 records and Oh5 is multiclass text 
datasets have 3013 features and 918 samples [10]. 

Table  2: Comparison of Evaluation Measures 

Datasets Computational Time in seconds
Information 

Gain 
Correlation Gain Ratio

SRBCT 0.24 0.09 0.19
Oh5 3.4 1.91 3.88
Lymphoma 0.28 0.13 0.21
Tr12 2.77 1.57 3.8
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High dimensional data is big challenge in data mining 
task. We evaluated the computational time required to 
execute data by using Information Gain, Correlation 
and Gain Ratio filter measures on different datasets. 
Computational time is calculated in seconds with respect 
to Naïve Bayes Classifier.  To execute microarray datasets 
information gain measure takes more time than other two 
measures. Whereas executing text datasets Gain Ratio 
measure takes more time. 

Correlation measures takes less time for evaluating text 
and microarray datasets as compared to other measures. 
Graphical representation of comparison results are shown 
in fig.1. 
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time is calculated in seconds with respect to Naïve Bayes 
Classifier.  To execute microarray datasets information 
gain measure takes more time than other two measures. 
Whereas executing text datasets Gain Ratio measure takes 
more time.  
 Correlation measures takes less time for 
evaluating text and microarray datasets as compared to 
other measures. Graphical representation of comparison 
results are shown in fig.1.  

 

Fig.1. Comparison of Filter measures with respect to Naïve Bayes 
Classifier 

4. Conclusion 

In this paper we have evaluated the computational time 
required to evaluate datasets by using Correlation, 
Information Gain and Gain Ratio filter evaluation 
measures. Microarray and Text datasets are used for 
empirical study. Computational time is calculated with 
respect to Naïve Bayes classifier. Based on results we 
found that Correlation measure is efficient for evaluating 
Microarray and Text datasets as compared to other 

evaluation measures. Further plan is to evaluate different 
evaluation measures on high dimensional datasets. 
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