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    Abstract----Feature Selection Is A Process Commonly Used In 

Machine Learning. Based On Binary Cuckoo Optimization 

Algorithm (Bcoa) And Information Theory, This Paper Proposes A 

New Filter Feature Selection Method For Classification Problems. 

The Proposed Algorithm Is Based On Bcoa And The Mutual 

Information (Mi) Of Each Pair Of Features, Which Determines The 

Relevance And Redundancy Of The Selected Feature Subset. 

Different Weights For The Relevance And Redundancy In The 

Fitness Functions Of The Proposed Algorithm Are Used To Further 

Improve Their Performance In Terms Of The Number Of Features 

And The Classification Accuracy. In The Experiments, An Artificial 

Neural Network (Ann) Is Employed To Evaluate The Classification 

Accuracy Of The Selected Feature Subset On The Test Sets Of Six 

Datasets. The Results Show That Proposed Algorithms Can 

Significantly Reduce The Number Of Features And Achieve High 

Classification Accuracy In Almost All Cases.  
 

Keywords—Feature selection, Mutual information, Binary 

cuckoo optimization, filters. 

 

1. INTRODUCTION 
 

ANY practical applications of classification involve a 

large volume of data and/or a large number of 

features/attributes. Since these datasets are usually 

collected for reasons other than mining the data (e.g. 

classification), there may be some redundant or irrelevant 

features [1]. This is especially important when a large number 

of features exist and there are comparably few training sample 

data points, making feature vector dimensionality reduction an 

imperative. Feature selection involves finding a subset of 

features to improve prediction accuracy or decrease the size of 

the structure without significantly decreasing prediction 

accuracy of the classifier built using only the selected features 

[2]. Methods for feature selection have been essentially 

divided into two categories: filters and wrappers [3]. In a 

wrapper approach, a learning algorithm is used as part of the 

evaluation function to determine the fitness of the selected 

feature subset. Wrappers can usually achieve better results 

than filter approaches, but the main drawbacks are their 

computational deficiency and loss of generality. In a filter 

approach, feature selection is done as a preprocessing 

procedure and the search process is independent of a learning 

algorithm.     
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Therefore, the performance of a filter approach relies mainly 

on the goodness of the evaluation criterion. Many different 

criteria have been used in filter approaches, including 

information measures [4], dependency measures [5], 

consistency measures [6], and distance measures [7]. 

Compared with wrappers, filter approaches are argued to be 

computationally less expensive and more general [1]. The 

search strategy can significantly influence the results of a 

feature selection approach. Many search techniques have been 

applied in feature selection such as greedy search, but most of 

them usually suffer from the problem of becoming stuck in 

local optima and/or high computational cost. Therefore, a 

computationally cheap global search technique is needed to 

develop a good feature selection algorithm. 

Evolutionary computation techniques are well-known for 

their global search ability, and have been applied to feature 

selection problems. These include particle swarm 

optimization (PSO) [8, 9], genetic algorithms (GAs) [6], 

genetic programming (GP) [10] and COA [11]. Compared 

with GAs and GP, COA is easier to implement, has fewer 

parameters, computationally less expensive, and can converge 

more quickly [12]. Due to these advantages, COA has been 

used as a promising method for feature selection problems.  

 

II. BACKGROUND 
 

2.1. Cuckoo Optimization Algorithm 
 

The parasite behavior of some species of Cuckoo is 

extremely intriguing. These birds can lay down their eggs in a 

host nests, and mimic external characteristics of host eggs 

such as color and spots. In case of this strategy is 

unsuccessful, the host can throw the cuckoo’s egg away, or 

simply abandon its nest, making a new one in another place. 

Based on this context, Yang and Deb [13] have developed a 

novel evolutionary optimization algorithm named as Cuckoo 

Optimization Algorithm (COA), and they have summarized 

COA using three rules, as follows: 

 Only one egg at a time is laid by cuckoo. Cuckoo 

dumps its egg in a randomly chosen nest. 

 The number of available host nests is fixed, and nests 

with high quality of eggs will carry over to the next 

generations. 

 In case of a host bird discovered the cuckoo egg, it 

can throw the egg away or abandon the nest, and 

build  a completely new nest. 

Algorithmically, each host nest   is defined as an agent 

which can contain a simple egg   (unique dimension 

problem) or more than one, when the problem concerns to 
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multiple dimensions. COA starts by placing the nest 

population randomly in the search space. In each algorithm 

iteration, the nests are updated using random walk via L´evy 

flights: 

 

 1) )    
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Where   is step size, and       is the step size scaling 

factor/parameter. Here the entry wise product   is similar to 

those used in PSO, and   
     

 stands for the        h egg 

(feature) at nest   (solution),               and    
          . The L´evy flights employ a random step length 

which is drawn from a L´evy distribution. Therefore, the CS 

algorithm is more efficient in exploring the search space as its 

step length is much longer in the long run [6]. Finally, the 

nests which have eggs with the lowest quality are replaced to 

new ones according to a probability           . 
In traditional COA, the solutions are updated in the search 

space towards continuous-valued positions. Unlike, in the 

BCOA for feature selection, the search space is modeled as a 

  dimensional boolean lattice, in which the solutions are 

updated across the corners of a hypercube. In addition, as the 

problem is to select or not a given feature, a solution binary 

vector is employed, where 1 corresponds whether a feature 

will be selected to compose the new dataset and 0 otherwise. 

In order to build this binary vector, we have employed the 

equation 4, which can provide only binary values in the 

boolean lattice restricting the new solutions to only binary 

values: 
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In which                  and   
     

 denotes the new 

egg’s value at time step  .  

 

2.2. Entropy and Mutual Information 
 

Information theory developed by Shannon [14] provides a 

way to measure the information of the random variables with 

entropy and mutual information. The entropy is a measure of 

the uncertainty of random variables. Let X be a random 

variable with discrete values, its uncertainty can be measured 

by entropy     , which is defined as 

 

(5)         ∑                 

   

 

 

Where               is the probability density 

function of X. Note that entropy does not depend on actual 

values, but just the probability distribution of the random 

variable. For two discrete random variables X and Y with their 

probability density function       , the joint entropy 

      is defined as 

 

(6)         ∑                 

       

 

 

When a certain variable is known and others are unknown, 

the remaining uncertainty is measured by the conditional 

entropy. Assume that variable Y is given, the conditional 

entropy    |   of X with respect to Y is 

 

(7)    |    ∑              |  

       

 

 

Where    |   is the posterior probabilities of X given Y. 

From this definition, if X completely depends on Y, then 

   |   is zero, which means that no more other information 

is required to describe X when Y is known. Otherwise, 

   |        denote that knowing Y will do nothing to 

observe X.  

The information shared between two random variables is 

defined as mutual information. Given variable X, how much 

information one can gain about variable Y, which is mutual 

information       .  

 

(8) 

               |  
         |  

  ∑              |  

       

 

 

According to equation 8, the mutual information        
will be large if two variables X and Y are closely related. 

Otherwise,          if X and Y are totally unrelated.  

 

III. METHODOLOGY 
 

In this section, the BCOA filter based feature selection 

approach is proposed, where the entropy and mutual 

information are applied to calculate the relevance and 

redundancy in the feature selected subsets.  

Mutual information is defined as the information shared 

between two random variables, which can be used in feature 

selection to evaluate the relevance between features and class 

labels. However, in feature selection, because of the 

interactions between features, the combination of m 

individually good features may not be the best combination of 

m features. Therefore, it is necessary to reduce the redundancy 

among features and select a subset of features with minimal 

redundancy to each other and maximal relevance to class 

labels. For this reason, both relevance and redundancy are 

included in the fitness function to guide BCOA to search for 

the best feature subset, which can be represented by Equation 

9. 
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Where X is the set of selected features and c is the class 

label. Each selected feature and class labels are related as 

discrete random variables.   uses pair wise calculations to 

calculate labels, which determine the relevance of the selected 

feature subset to the class labels.   evaluates the mutual 

information shared by each pair of selected features, which 

indicates the redundancy contained in the selected  feature 

subset. Fitness is a maximization function to maximize the 

relevance    and simultaneously minimize the redundancy   

in the selected feature subset.   is a constant value and 

        .   shows the relative importance of relevance in 

fitness function.       shows the relative importance of the 

reduction of redundancy. As the relevance is assumed to be 

more important than the redundancy,   is set to be larger 

      than in fitness function.  

The proposed algorithm shows the pseudo-code of using 

BCOA evaluation for feature selection. The representation of 

a cuckoo in BCOA is a n-bit binary string, where n is the 

number of available features in dataset and also the 

dimensionality of the search space. In the binary string “1” 

represents that the feature is selected and “0” otherwise.  
 

 
Algorithm: The BCOA based feature selection algorithm 

 
1begin 
2      divide Dataset into a Training set and a Test set; 

3       initialize the population of n host nests              ; 

4        while (                or stop Criterion) do;  

5           move a cuckoo randomly via Lévy flights;         

6                      evaluate its fitness according to equation 9 on training set; 

7               randomly choose nest among n available nests (for example j); 
8                    If (                   

9                    Replace j by the new solution 

10              End if 

11           Abandon a fraction (  ) of worse nests 

12           build new ones at new locations via equations 1and 2; 

13              keep the best solution; 

14              Rank the solutions and find the current best; 

15       end while; 
16      calculate discrete values according to equation 3, 4; 

17      calculate the classification accuracy of the selected 

        feature subset on the test set; 

18     return the training and test classification accuracies;   

20 end 

 

IV. EXPERIMENTAL DESIGN 
 

The data sets in this study consisted of six gene expression 

profiles, which were downloaded from http://www.gems 

system.org, which can be seen in Table I. The datasets were 

selected to have different numbers of features, classes and 

instances as the representative samples of the problems that 

the proposed approaches can address. In all datasets instances 

are randomly divided into two sets: 70% as the training set 

and 30% as the test set. The proposed algorithms firstly run on 

the training set to select feature subsets and then the 

classification performance of the selected features will be 

calculated on the test set by a learning algorithm. There are 

many learning algorithms that can be used here, such as K-

nearest neighbor (KNN), NB, and ANN. An ANN learning 

algorithm is selected in this study to calculate the 

classification accuracy of the selected features according to 

Equation 12: 

(12)          
     

           
 

 

Where TP, TN, FP and FN stand for true positives, true 

negatives, false positives and false negatives, respectively. 

The parameters of BCOA are set as follows: Number of initial 

cuckoos=5, Maximum number of iterations=1000, Maximum 

number of living cuckoos=30, Maximum number of Eggs laid 

by each cuckoo=4. Five different values for   used in the 

experiments, which are 0.9, 0.8, 0.75, 0.6 and 0.5. For each 

dataset, the proposed approach has been conducted for 20 

independent runs. 
TABLE I 

DATASET 
Genes Classes Samples Dataset 

2308 4 83 SRBCT 

5726 9 60 9_Tumors 

10367 4 50 Brain_Tumor2 

12533 11 174 11_Tumors 

12600 5 203 Lung Cancer 

15009 26 308 14_Tumors 

 

V. RESULTS AND DISCUSSIONS 
 

Experimental results are shown in Tables II. In this table 

“Genes selected” compares the number of the genes (features) 

that selected in different methods. “Classification accuracy” 

shows the average test accuracy of the selected feature subsets 

in the 20 runs. According to the results shown in Table II, it 

can be seen that in almost all the datasets, the feature subset 

selected reduces at least 93% of the available features.  
 

TABLE II 
EXPERIMENTAL RESULTS OF PROPOSED ALGORITHM 

Classification 

accuracy 

Genes selected 

Dataset 

MI 

+BCOA 

+ANN 

BCOA 

+ANN 

MI 

+ANN 

MI 

+BCOA 

+ANN 

ANN 

100 88.90 56 521 603 SRBCT 

88.00 53.67 49 1179 146 9_Tumors 

94.63 68.80 458 998 3997 Brain_Tumor2 

95.57 79.58 420 4030 3002 11_Tumors 

98.01 89.86 1906 1634 8159 Lung Cancer 

76.23 60.20 791 4543 2023 14_Tumors 
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VI. CONCLUSION 
 

We present a filter based feature selection method based on 

BCOA and information theory to select a smaller number of 

features of high dimensional datasets and achieve similar or 

even better classification performance. This goal was 

achieved by developing a new feature selection algorithm 

based on BCOA and two information measures, namely 

entropy and mutual information. The results suggest that the 

proposed approach can significantly reduce the number of 

features whilst achieve similar or even better classification 

accuracy in almost all cases.  
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