
 

J. Basic. Appl. Sci. Res., 2(2)1197-1203, 2012 

© 2012, TextRoad Publication 

ISSN 2090-4304 
Journal of Basic and Applied  

Scientific Research 
www.textroad.com 

 

*Corresponding Author: Peyman Gholami, Young researchers Club, Arak Branch, Islamic Azad University, Arak, Iran. Email: 
peyman711@gmail.com 

 

A New Method for Filtered Attribute in Data Mining Using Entropy 
 

Peyman Gholami 1,* , Azade Bazle2 , Meysam Eftekhary3, Payam Gholami4 
 

Young researchers Club, Arak Branch, Islamic Azad University, Arak, Iran 
2,3  Department of Industrial Engineering, Arak Branch, Islamic Azad University, Arak, Iran 
4 Department of Mechanic Engineering, Arak Branch, Islamic Azad University, Arak, Iran 

  
  

ABSTRACT 
 

Filtered Attribute (feature ranking) is one of the main tasks that data mining algorithms have been proposed 
and the feature ranking algorithms have been used to determine the importance and ranking features. The 
entropy is one of the multi-criteria decision making techniques when the decision maker cannot find the 
weights for criteria and the entropy is offered weighting the criteria. Entropy in this paper using a new 
method for ranking features in the two and multiple class datasets and proposed method was implemented on 
7 dataset and finally, the accuracy of the results by the correlation coefficient between the proposed methods 
and other ranking algorithms has been examined in respect to the high correlation coefficient. We have 
concluded that the proposed method is an appropriate method for ranking. 
KEY WORDS: data mining, correlation coefficient, feature ranking algorithms, multi- criteria decision 

making, entropy. 
 

INTRODUCTION 
 

Data mining and knowledge discovery (DMKD) has made predominant progress during the past 
decades [16]. It uses algorithms, and techniques from many disciplines, including statistics, databases, machine 
learning, pattern recognition, artificial intelligence, data visualization, and optimization [15].  

One of the most important data mining tasks is to determine the importance (rating) of features. That 
much research has been done in this respect and different algorithms to rank the features have been offered that 
can be pointed to Fisher Score and CFS and Gain Ratio algorithms. But so far decision making algorithms in 
determining the importance of features are not used.  

In MCDM problems, since that the evaluation of criteria leads to diverse opinions and meanings, each 
attribute should be imported with a specific importance weight[1], question rises up here and that is ‘‘how this 
importance weight should be calculated’’? In literature, most of the typical MCDM methods delegate this part to 
decision makers, while sometimes it would be useful to engage end-users into the decision making process. 
To obtain a better weighting system, we may categorize weighting methods into two categories: subjective 
methods and objective methods [2]. While subjective methods determine weights solely based on the preference 
or judgments of decision makers, objective methods use mathematical models, such as entropy method or 
multiple objective programming, automatically without considering the decision makers’ preferences. 

The approach with objective weighting is particularly applicable for occasions where reliable 
subjective weights cannot be obtained [3]. 
Later research has applied this measure to a wide range of applications including: 
- Spectral analysis [18]; 
- Language modeling [6]; 
- Economics [7]. 
Materials and Methods: 

In This section we investigate 3 common algorithms that have been used in feature ranking and 
Shannon entropy and our proposed method. 
 
Gain ratio:                                                                                          

The gain ratio was introduced by Quinlan in [2]. A function of this metric is that it can efficiently 
assess the correlation of an attribute to the class conception. The larger the gain ratio is, the more connection the 
attribute has with the class conception. It is efficiently used to compute the correlation of attributes with respect 
to the class conception of an incomplete data set in [5].So, frequencies of missing values are distributed across 
other values in proportion to their frequencies. Here we accept the method in [5]  

Theorem1. Given the contingency table M = (mij) k _ l of an attribute. A with respect to the class 
variable C, the gain ratio Gr(A,C) of A with respect to C can be computed: 
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Where: 

  (2) 
 

The process of computing the gain ratio Gr(A, C) of an attribute A with respect to the class variable C 
of an incomplete data set D can be described as follows.                                                    
1) Count the following frequencies:                                          
 

  
(2) Compute the following summations with frequencies That demanded in step(1) 
 
 

                                                                                                                                  

                                                                                                                                  

                                  (3)                                                                                                                       
where k is the number of all values A may take on and l is the number of all classes. 

(3) Construct the contingency table M = (mij) of A with respect to C, where mij can be computed by distributing 
frequencies of missing values across other values in proportion to their frequencies 
 

  
 

  

 
 

  
 
 

 

    
 Compute Gr(A,C) with formula (1) and (4) in Theorem 1. 

In order to count the frequencies in step (1), the data set needs to be seen only once. So, the 
computation of gain ratio can be very efficient and measurable for very large data sets with many samples. 
Furthermore, because the frequencies of missing values are scattered across other values in proportion to their 
frequencies, the statistic information involved in these frequencies can be utilized completely. And so, we 
selected gain ratio to evaluate the correlation of attributes with respect to the class conception of an incomplete 
data set. 
 
Fisher score 

To evaluate the discrimination power of each feature, we have been using the statistical criteria of 
Fisher scores that are defined as follows:     

 
                                                         (5) 

(4) 
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Where ni is the number of samples in ith class, µi is the mean values of a feature in ith class, σi is the 
variance values of a feature in ith class, µ is the mean values of a feature in total samples. Suppose xij is the 
values of jth feature in ith class, then µ, µi, σi are defined as following: 

 

 
 

 
(6) 
 
 
(7) 
 
 
 
(8) 

 
When the difference between μ value and μi value is high or σi value is very small, the Fisher score 

would be great. If a feature has similar property values in the same class and has very different values in other 
classes, the Fisher score would be very large. In this case, the features for discriminating samples from different 
classes are very distinct and use the scores for weighing the features would be very useful. [9] 
 
CFS (Correlation based Feature Selection):                                                                                                              

CFs algorithm based on correlation coefficient has been established and are based on a subset of the set 
of k features are selected and the average correlation coefficient between the features are computed and put 
equal      . Then calculate average correlation coefficient between features and classes and put equal        and 
then put in following equation and each subset that had the greatest amount, it's features will be selected[8]. 

 

                   (9) 
 

Shannon entropy and objective weights: 
Shannon and Weaver (1947) proposed the entropy conception, which is a measure of uncertainty in 

information formulated in terms of probability theory [13]. Since the entropy concept is well suited for 
measuring the relative contrast intensities of criteria to represent the average intrinsic information transmitted to 
the decision maker (Zeleny, 1996), conveniently it would be a proper option for our purpose.[14]  
Shannon developed measure H that satisfied the following properties for all pi within the estimated joint 
probability distribution P [10]: 
H is a continuous positive function; 
If all pi are equal,  , then H should be a monotonic increasing function of n; and, 

3. For all, , H( )                      (10) 

He showed that the only function that satisfied these properties is: 

                         (11) 
Shannon’s conception is capable of being deployed as a weighting method [11, 12]. Through the following 
steps[17]: 
Step 1: Normalize the evaluation index as: 

                                                 (12) 
Step 2: Calculate entropy measure of every index using the following equation: 

                                 (13) 
Where  

Step 3: Define the divergence through: 

                                                (14) 
the more the divj is, the more important the criterion jth is 
Step 4: Obtain the normalized weights of indexes as: 
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                                             (15) 

Proposed method: 
This paper has proposed a method for filtered Attributed hat has 4 stages, which is as follows: 
1. Datasets based on the classes are separated. 
2. Entropy value of each features in each class are calculated. 
3. Entropy value obtained in each class for each of the features is pulsed together. 
4. Entropy value obtained for each features are normalized by the linear normalization.   
 

RESULTS 
 

Shannon entropy is used for weighting the features. At first we selected the appropriate dataset.                                                 
The data used in this study are 7 public-domain data sets from 7 application domains that have been shown in 
table 1. 
 

Table 1 (the attributes of 7 public- domain datasets used for this paper) 

Number of Classes Number of samples Features number Data set 
2 57 14 Labor 
7 1500 19 Segment 
19 683 35 Soybean 
3 2126 21 Cardiotogoraphy 
2 699 9 Breast cancer 
2 155 19 Hepatitis 
2 351 34 Ionosphere 

  
The next step is to weight each of the features in each dataset with our method and different methods.  

We selected seven feature ranking algorithms, which results in Tables 2 to 8 are: 
 

Table 2(filtered attribute of the first dataset using chi-square algorithm and entropy) 

 
Table 3 (filtered attribute of the second dataset using gain ratio algorithm and entropy) 

The importance  based on the entropy The importance based on the gain ratio algorithm Feature number 
0.02 0.08 1 
0.07 0.39 2 

0 0 2 
0 0 4 

0.03 0.11 5 
0.03 0.2 6 
0.02 0.17 7 
0.02 0.2 8 
0.03 0.22 9 
0.08 0.52 10 
0.09 0.55 11 
0.08 0.47 12 
0.09 0.5 13 
0.08 0.38 14 
0.06 0.4 15 
0.06 0.43 16 
0.08 0.51 17 
0.09 0.41 

 
18 

0.1 0.56 19 

 
 

The importance  based on the entropy The importance based on the chi-square algorithm Feature number 
0.49 40.7 1 

0 0 2 
0 0 3 
0 0 4 
0 0 5 
0 0 6 
0 0 7 

0.26 20.7 8 
0 0 9 

0.01 0 10 
0 0 11 

0.01 0 12 
0 0 13 

0.25 27.2 14 
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Table 4 (filtered attribute of the third dataset using the one feature evaluator algorithm and entropy) 

The importance  based on the entropy The importance based on the One feature evaluator algorithm Feature number 
0.03 26.06 1 
0.03 24.45 2 
0.03 22.98 3 
0.03 24.74 4 
0.02 20.64 5 
0.02 18.59 6 
0.03 26.50 7 
0.03 29.86 8 
0.03 27.52 9 
0.03 22.98 10 
0.04 28.55 11 
0.01 16.98 12 
0.04 30.30 13 
0.04 30.45 14 
0.02 30.89 15 
0.02 27.81 16 
0.02 23.86 17 
0.03 27.37 18 
0.03 28.55 19 
0.03 25.76 20 
0.04 32.35 21 
0.04 35.87 22 
0.03 28.55 23 
0.03 26.94 24 
0.01 16.69 25 
0.02 25.18 26 
0.01 18.74 27 
0.04 36.60 28 
0.05 39.97 29 
0.04 27.37 30 
0.03 26.20 31 
0.02 26.35 32 
0.02 26.64 33 
0.03 26.64 34 
0.03 27.67 35 

 
Table 5 (filtered attribute of the fourth dataset using the symmetrical uncert algorithm and entropy) 

The importance  based on the entropy The importance based on the symmetrical uncut algorithm Feature number 
0.04 0.08 1 
0.06 0.13 2 
0.01 0.02 3 
0.03 0.07 4 
0.1 0.18 5 
0.1 0.18 6 
0.1 0.19 7 

0.03 0.08 8 
0.02 0.05 9 
0.01 0.01 10 
0.08 0.18 11 
0.05 0.09 12 
0.05 0.09 13 
0.01 0.02 14 
0.01 0.01 15 

0 0 16 
0.06 0.12 17 
0.07 0.16 18 
0.06 0.13 19 
0.06 0.11 20 
0.01 0.02 21 

 
Table 6 (filtered attribute of the fifth dataset using the algorithm relief attribute eval and entropy) 

The importance  based on the entropy Importance based on  relief attribute veal algorithm Features number 
0.04 0.08 1 
0.06 0.13 2 
0.01 0.02 3 
0.03 0.07 4 
0.1 0.18 5 
0.1 0.18 6 
0.1 0.19 7 

0.03 0.08 8 
0.02 0.05 9 
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Table 7 (filtered attribute of the sixth dataset using filtered attribute (Fisher Score)  

algorithm and entropy) 
The importance  based on the entropy Importance based on filtered attribute 

(Fisher Score) algorithm 
Features number 

0.15 0.08 1 
0 0 2 
0 0 3 

0.01 0 4 
0.05 0.03 5 

0 0 6 
0 0 7 
0 0 8 
0 0 9 
0 0 10 

0.06 0.03 11 
0.16 0.09 12 
0.17 0.09 13 
0.22 0.1 14 

0 0 15 
0 0 16 
0 0 17 

0.13 0.08 18 
0.01 0 19 

 
Table 8 (filtered attribute of the seventh dataset using info gain and entropy) 

The importance  based on the entropy The Importance based on the info gain algorithm Features number 
0.02 0.17 1 

0 0 2 
0.04 0.38 3 
0.03 0.32 4 
0.05 0.46 5 
0.04 0.44 6 
0.03 0.35 7 
0.03 0.36 8 
0.03 0.28 9 
0.02 0.19 10 
0.03 0.27 11 
0.03 0.29 12 
0.03 0.36 13 
0.02 0.22 14 
0.03 0.31 15 
0.03 0.31 16 
0.02 0.30 17 
0.01 0.19 18 
0.03 0.25 19 
0.04 0.18 20 
0.02 0.37 21 
0.03 0.34 22 
0.03 0.32 23 
0.02 0.18 24 
0.02 0.28 25 
0.01 0.16 26 
0.02 0.32 27 
0.03 0.27 28 
0.03 0.39 29 
0.01 0.11 30 
0.04 0.34 31 
0.01 0.16 32 
0.03 0.40 33 
0.04 0.37 34 

 
     The proposed method is compared with other conventional methods by examining the correlation 
coefficient between these algorithms and our method that is shown in Table 9. 
 

Table 9 (check the correlation coefficient between feature ranking algorithms and entropy) 
Average 7 6 5 4 3 2 1 Dataset 

0.93 0.78 0.99 0.99 0.98 0.81 0.96 0.99 Correlation coefficient 
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DISUSSION 
  

The approach used in this paper a new approach that was not previously used. The results of correlation 
coefficient of the proposed algorithm with other algorithms indicates that the Filtered Attribute of our proposed 
algorithm has a high correlation with other algorithms so that proposed algorithm has the highest correlation 
coefficient (99%) with chi-square algorithms, relief attribute veal and filtered attribute. It also has a 98% 
correlation coefficient with the symmetrical uncut algorithm and a correlation coefficient of 96% with Gain 
Ratio algorithm too. Other researchers are advised to implement other used techniques in multi-criteria decision 
making heightening techniques and compare the results with results obtained in this paper. The researchers also 
recommended that the implementation of the approach to take on a greater number of datasets. The researchers 
also recommended to attention to sensitivity analysis of our proposed method and others algorithms. 
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