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ABSTRACT 
 

In recent years dimensionality reduction of data has gained a lot of interest from the machine learning community, 

partly due to the huge amount of data available for processing. Classical machine learning algorithms were designed 

to work with limited amount of data where more emphasis was given to the learning methodology of such 

algorithms e.g. learning crisp rules from a dataset. Recent explosion of data, proved detrimental to the accuracy of 

classification algorithms due to lowering storage costs and inexpensive processing power. Therefore, feature 

selection which is a key technique in dimensionality reduction has become an important frontier in machine learning 

research. In this paper, we propose a novel filter based feature selection method. Proposed method is based on Ant 

Colony Optimization (ACO), and maximum Relevance and Minimum Redundancy (mRMR) for efficient subset 

evaluation. Although wrapper methods frequently use ACO for feature subset generation but ACO is not thoroughly 

studied in the development of filter methods. Proposed method takes both feature relevancy and feature redundancy 

in account. Our research ensures selection of features which are highly relevant with the target concept, weakly 

redundantly with each other and useful predictor for classification algorithms. We have performed an extensive 

experimentation over eleven publicly available datasets and three popular machine learning classifiers. Experimental 

results of comparisons show that proposed method achieves higher classification accuracy and employ reduced 

number of features.  

KEYWORDS: Ant Colony Optimization, Feature Selection, Machine Learning, Wrapper Methods, Feature 

Relevancy and Feature Redundancy 

 

1. INTRODUCTION 

 

Data and information are increasing day by day and research suggests that data normally doubles after every 

couple of years. Currently, most of the data stored in digital format. We need different tools to manage, store and 

adjust huge bulk of data. Data mining plays an important role in copying such huge data and mange it in order to 

gain insights from it. Feature selection is one of the key techniques in dimensionality reduction. Its purpose is to 

extract the most useful data for the given data mining task e.g. data classification. Moreover, in recent years there 

has been a lot of thrust from computational intelligence community for developing heuristic based search algorithms 

which are very helpful to address problems that are inherently very complex, and can not be solved exhaustively in 

polynomial time. Feature selection is one such problem therefore a number of searching mechanisms have been 

proposed to generate efficient feature subsets. ACO is bio-inspired natural population and has successful 

applications in feature selection where it is mostly employed as part of wrapper methods [1, 4]. ACO is used to 

compute distance related traveling problems [3]. Wrapper methods are a type of feature selection which selects 

feature subsets on the basis of their classification accuracy on a given classifier [5]. These methods are relatively 

more accurate than filter methods since a classifier is used as an evaluator. But at the same time wrapper methods 

are computationally expensive and can not scale very well for very high dimensional datasets. On the other hand, 

filter methods are inexpensive but relatively less accurate.  

We have used three state-of-the-art classifiers or techniques C4.5, KNN and RIPPER to check the worth of 

subsets selected by our algorithm. The advantage of our proposed method is based on filter based Feature Subset 

Selection (FSS) and is computationally less expensive than most of the wrapper methods. There are three main 

advantages of feature selection. It enhances the predictive capability of the classifier; it provides fast and cost-

effective predictors; and it improves comprehensibility of the underlying processes. In this paper, we studied the 

application of ACO for filter methods. An efficient filter method is proposed which used ACO for feature subset 

generation and a comprehensive mRMR based measure, used to evaluate the generated subsets.  

This paper proposed a novel feature selection algorithms based on ACO and mRMR, where mRMR is used as 

a subset evaluator [2]. Filter methods are usually inferior to wrapper methods in terms of classification accuracy. We 

propose that if a better searching mechanism is employed which is able to search through all the key feature subsets 

and evaluate these subsets with a more comprehensive feature evaluation measure then filter methods can perform 

comparable to the wrapper methods. In today’s world we have a lots of features of the data and finding the right 
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number of features for a problem is a crucial step and it has been applied in many real world applications like 

agriculture, bioinformatics etc. 

 

Experimentation framework of our algorithm for ACO-mRMR compares selected features on three state-of-the-art 

classifiers C4.5, KNN and RIPPER. It is also based on comparison with other algorithms with full selected feature 

sets on same state-of-the-art classifiers. Summary of comparisons of ACO-mRMR with both full features and other 

algorithms is also included in experimentation. 

 

The rest of the paper is organized as follows; section 2 provides literature review to describe thorough relevancy of 

research, section 3 provides proposed methodology. Section 4 explains the experimentation and analysis 

comparisons of proposed technique with other techniques. Finally, section 5 concludes our research work with 

future work. 

 

2. LITERATURE REVIEW 

 

Feature selection divides into two categories which are, filter based and wrapper based feature selection [5, 

14]. Filter based selection accuracy depends on the inter class relevancy and in wrapper based selection algorithm 

accuracy depends on any type of learning algorithms. 

There are several algorithms using information gain to rank features in descending order. This means those 

features which have more information gain will came at the top. So there will be certain threshold suggested by 

algorithm or mentioned by user and those features with lower information gain value than the threshold will be 

removed. It is possible that threshold value will be same for all data sets or it changes from datasets to datasets. If 

we make a fix threshold then it will not depends on the number of features in any dataset and it may pick those 

features as well which are either redundant or irrelevant. For example, we create a formula or threshold equals to 

total feature divided by 2. Now in this formula almost half of the features selected each time despite of their 

importance. 

Ratanamahatana and Gunopulos [10] have a feature selection algorithm based on decision trees. The name of 

the method is Selective Bayesian Classifier (SBC). It is a two-step process; firstly 10% of the training datasets gives 

to c 4.5 classifier. Only those features which are present on the first three level of the decision tree are selected. 

After the selection of these features they now send to Naive Bayes to get the final classification accuracy. The main 

problem of this type of process is its computational cost and over fitting [9]. Also it selects on first three level of the 

feature which is same like fixed threshold for all data sets which we have mentioned earlier. 

Bai-Ning Jiang et al. have a hybrid feature selection algorithm. This algorithm also had two steps. Firstly 

Symmetric Uncertainty (SU) is used to get the features value. After SU those feature which has less value than a 

certain threshold will be removed. Secondly Genetic Algorithm as a searching mechanism used on those features 

which are selected on the basis of SU value. Naïve Base classifier used to predict the goodness of selected feature 

subsets. After that Naïve Base used with SU for Optimization of subset [6]. 

J. Zhou et al. have an algorithm with Mutual Information (MI) and ACO based feature selection. Mean 

squared error and Regression estimation are used to evaluate feature subsets. Classification accuracy and MI are 

used to optimize subsets [11]. 

There is another algorithm based on ACO and Mutual Information (MI) based FSS algorithm proposed by 

Chun-Kai Zhang et al. MI used in as a heuristic function and artificial neural network based classifier and it is used 

as an evaluator of feature subset. Both ANN and MI are used for subset optimization as well. [12]. 

R. Jenses et al. have an algorithm based on fuzzy rough set using ACO and C 4.5proposed a fuzzy-rough data 

reduction using any colony optimization and C4.5. Where ACO is used to find fuzzy-rough set. Where a fuzzy-

rough based measure is used as a stopping criteria. Once the maximum dependency reaches and it will stop creating 

solution [13].  

Xiangyang Wang et al. have an algorithm using Particle Swarm Optimization (PSO) with rough set based 

feature selection. As basic PSO is used as a standard PSO converted into binary PSO. Here PSO is used to find 

rough set and LEM2 is used for subset optimization and rule induction with the help of rough sets [14].  

M. H.Aghdam et al. proposed ACO based algorithm for text feature selection. They used accuracy of 

classifier as heuristics and also as evaluator of subset feature. Only KNN used as a classifier[8]. 

M. F. Zaiyadi et al. [15] also create ACO based text feature selector. In this algorithm they use IG as subset 

evaluator but they did not provide any comprehensive results to prove their theory. 

R K Sivagaminathan et al. have a hybrid algorithm. This algorithm based on ACO and ANN [16]. 

Shahla Nemati et al. algorithm based on ACO and GA based featured sub set selection to predict protein 

prediction. KNN used to evaluate subset [17]. 

Hai-Hua Gao at al. presents an ACO based feature selection algorithm to detect network intrusion Support 

Vector Machine (SVM) used as classifier [18]. 

Mohammad Ehsan Basiri et al. presents feature selection algorithm based on ACO and it will predict the post-

synaptic activity in proteins. KNN used to evaluate subsets and classification accuracy as heuristic. [19]. 

Yannis Marinakis et al. used an algorithm, applied feature selection on financial classification problem this 

algorithm based on ACO and PSO [21]. 
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A-R Hedar et al. present tabu search for feature selection in rough set theory. Tabu search is a mathematical 

Meta heuristic optimization technique. It labeled a feature as “Taboo” in memory once a feature visited. Tabu search 

works with in parameters specified. It stops the search when a stopping criterion met. This algorithm presents 

solution in binary format [22]. 

A Fast Clustering-Based Feature Subset Selection algorithm for high-Dimensional Data removes irrelevant 

features and constructing a minimum spanning tree from relative ones, and selecting representative features [31]. 

H. Liu et al. presents a feature sub selection technique by using consistency measure. It evaluates the feature 

subset on the basis of consistency in the value of class when the training instances are used on the subsets. During 

experimentation authors used standard GA for generation of feature subsets. [24]. Population based techniques are 

widely used in wrapper based selection methods but there are very few techniques where they used it in filter based 

methods. Our technique of feature selection gives a very decent accuracy on different classifiers. 

 

3. PROPOSED METHODOLOGY 

 

There are three main benefits of feature selection. Firstly, it increases the classifier’s capability for prediction. 

Secondly it is fast and cost effective. Thirdly, it improves comprehensibility of the process through which data is 

generated. So far data classification, feature selection is used to get subsets which are not redundant and more 

relevant. So that overall accuracy is either improved or retained while the size of dataset is decreased. 

In this paper, we use a Swarm Intelligence technique for FSS which is based on ACO. We here proposed that 

if a powerful searching method is used with filter based evaluation method it increased the accuracy of filter based 

method. 

Our research work employs ACO as a population-based FSS mechanism whereas selected subsets are 

evaluated on the basis of technique named as mRMR [3].Population based subset selection is used in wrapper based 

methods. Wrapper methods used learning algorithms to predict the likelihood of the feature selections. Whereas 

filter based methods depends on feature ranking to get the final feature set. In paper we will explain the role of Meta 

heuristics in filter based methods from feature selection. 

It has been discussed in earlier sections that feature selection is a discrete optimization problem [8], means an 

entire search space contains all the possible feature subsets. Figure 1 illustrates the proposed ACO. 

 
 

Figure 1: Flow Chart of ACO-Feature Selection. 

 

First the algorithm is to generate randomly placed ants on the graph and initialize the pheromone value. Before 

pheromone initialized search space constructs and each search space will be different for different data sets. Each 
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ant constructs a potential solution. Once all the solutions have been generated they stored in the local memories of 

the ants. After that each subset is evaluated using some evaluation function. When all solutions are evaluated then 

stopping criteria will be checked. In this paper the stopping criteria is the m-number of ant converges to a path or 

maximum number of epochs completed. If criteria do not meet pheromone then it will be updated and ants will 

generate for next generation. Figure 2 depicts main steps of the proposed algorithm. 

 
Figure 2: Algorithm of the proposed ACO-mRMR. 

 

3.1 Feature Importance Measures 

There are different subset evaluation techniques. Here, we discuss only those techniques which are relevant to 

our proposed technique. Wrapper based techniques are based on learning algorithm while filter based approaches are 

the techniques from the statistic domain. Mark A Hall used correlation based feature selection mechanism [25, 30]. 

Mark said that for classification tasks one can use correlation base measures. There are two types of correlation base 

measures which are Information theoretic measures and linear correlation measures. Some famous and important 

feature subset evaluation measures are: mutual information, symmetric uncertainty and information gain are the 

popular and efficient feature subset evaluation methods [6, 15, 17]. Whereas, linear correlation based measures are 

also used to evaluate and check redundancy among the features [7, 9].  

Ajay Kumar Tanwani et al. provided empirical results and proposed that information gain of a dataset is 

directly proportional to the classification accuracy. Moreover, it is also proposed that classification accuracy of an 

algorithm is related with the nature of the dataset rather than the algorithm itself [26]. It is also proposed that the 

nature of the dataset used has more strong influence on the classification accuracy rather than the selection of a 

learning algorithm [27]. 

 

3.2 Minimal-Redundancy-Maximal-Relevance (mRMR) 

In feature selection there are two important factors. Firstly, is to remove redundant data and secondly consider 

only relevant data. So this technique considers these two factors and it make feature selection on the basis of these 

two points. Maximum relevance implemented using mean value of mutual information of all feature with class. The 

formula of maximum relevance is given below. 

 

  …Eq. 1 

 

If we just implement relevance there are very bright chances that the dependency between features could be 

increased as shown in equation 1. That is why minimum redundancy should be implemented in such a way its 

relevance may not be disturbed. So following formula of minimum redundancy should be used to get minimum 

redundancy between features. 
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  …Eq. 2 

Combing both equations 1 and 2 will optimize. Following formula of equation 3 will depict the working of mRMR. 

    …. Eq. 3 

A search method can be used here with this technique e.g. incremental search to get best features. We are using 

ACO to get best features. 

 

3.3 Ant Colony Optimization and maximum Relevancy and Minimum Redundancy (ACO-mRMR) 
ACO-mRMR employs MI to measure redundancy between the features and relevancy with the class[3]. Feature 

subsets are generated through ACO. Following formula evaluates the worth of the selected subset evaluation. 

 

Merit (S’) = (N - |S’| * ( ∑ |���|�
��� 	 
∑ ∑ |���|������  )) / N … Eq. 4 

 

Where |Cir| is the feature-class correlation between feature i and class c, and |Cij| is the inter-feature correlation 

between feature i and feature j. α is the scaling factor as given in equation 4. Figure 3 depicts an algorithm for the 

ACO-mRMR. 

 
Figure3:  Algorithm of ACO-mRMR. 

 

As it is illustrated in the above figure 3, in first step dataset is loaded into the program. Once dataset is loaded, its 

Information gain is calculated for each attribute. All the parameters of ACO are including number of ants, α and β 

values of node transition probability, convergence threshold value, maximum number of generations and 

evaporation rate are initialized. Along with search space construction that takes place in the subsequent steps. Search 

space consists of nodes corresponding to the number of features in the dataset. Entire search space is represented 

using mesh topology. Each generation has a fixed number of ants representing candidate solutions in a generation. 

After each generation, candidate solution evaluation takes place.  Following formula equation 1 is used for 

evaluating a selected subset. Subset evaluator is based on a formula that computes IG between selected features and 

the class, and uses following formula of Fitness calculation of subset S' by ACO-mRMR to compute the merit of the 

selected subset. 
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Merit(S’) = 
����′��∗�∑ |���|

�
��� �

�
    … Eq. 5 

 

Where in equation 5, S’ is the current selected subset, N is the total number of features present in the dataset, |���| is 

the information gain of feature in the subset S’. For example, there are 9 features in a dataset three subsets are 

selected having 3, 4, and 2 features respectively. Suppose all the three subsets have the same IG e.g. 0.90. Then 

according to the above formula their merit will be computed as follows. 

 

Merit (3) = ((9-3)*(0.90))/9 = 0.60. 

Merit (4) = ((9-4) * (0.90))/9 = 0.50 

Merit (2) = ((9-2)*(0.90))/9 = 0.70 

 

As demonstrated, the above mentioned formula favors those subsets that have small number of features. 

Hence, the subset that has two features is preferable. Once subset evaluation of candidate solutions takes place, best 

solution of a generation is preserved. And stopping criteria is checked. Stopping criteria consists of two conditions 

i.e. maximum number of epochs reached or convergence threshold is met. Once stopping criteria is met algorithm 

stops. Otherwise, pheromone trial of each ant is updated according to the fitness value of its solution. Fitness value 

of an ant is computed using above mentioned formula. New set of ants are generated and entire process takes place 

iteratively until maximum number of epochs is reached or ACO convergence to a solution. Once algorithm has 

converged or reached to its maximum iterations, 10 best ants are gathered in a set, and the best subset is selected 

using majority voting. 

ACO-mRMR is developed to resolve the problems faced by traditional feature weighting and ranking 

algorithms that require a threshold value to select final subset. ACO-mRMR adaptively selects an optimal feature 

subset and no threshold value is required. Since a threshold value can be different for different datasets and in 

advance an optimal threshold value is not known therefore ACO-mRMR iteratively selects an optimal feature subset 

and hence can be applied on different datasets. 

Since filter based method employs independent statistical measures therefore classification accuracy of the 

selected subset is indirectly targeted. Our proposed method ACO-mRMR does not require any classifier and hence 

incur less computational cost. Moreover, feature subsets produced does not decrement accuracy of the classifier; in 

most of the cases it enhances classifier’s accuracy while substantially reducing the dataset. 

 

4. Experimentation and Analysis 

For the experimentation, we have used eleven datasets.  Following table 1, elaborates characteristics about the 

datasets used in the experimentation. All the datasets used are publicly available and taken from UCI repository 

[28]. 

 
NO. Dataset Total Features Instances Classes 

1  Iris 4 150 3 

2 Liver Disorder 6 345 2 

3 Diabetes 8 768 2 

4 Breast Cancer- W 9 699 2 

5 Vote 16 435 2 

6 Labor 16 57 2 

7 Hepatitis 19 155 2 

8 Colic-Horse 22 368 2 

9 Ionosphere 34 351 2 

10 Lymph 18 148 4 

11 Lung Cancer 56 32 3 

Table 1: Sample Datasets 
 

The proposed algorithm works with categorical attributes therefore continuous attributes needto be discretized in a 

preprocessing step. We used unsupervised discretization filter ofWeka-3.6 machine learning tool for discretizing 

continuous attributes. Filter firstcomputes the intervals of continuous attributes from the training dataset and then 

usesthese intervals for discretization. 

 

4.1 Experimentation Framework for ACO-mRMR 

The number of ants is equal to the number of features in the dataset. All the other parameters of ACO are that of a 

standard ACO i.e. α and β are 1. Maximum number of epochs is 1000. Path convergence threshold is 200.In the 

experimentation, worth of a FSS algorithm is evaluated on two key measures, i.e. predictive accuracy of the selected 

subset and number of features selected. 

We have implemented ACO-mRMR in Matlab 2010. We have used standard implementation of [7, 10, 13, 14, 23, 

51]. Implementation of these algorithms is provided by data mining software Weka [59]. All the algorithms are used 

with their default values and no tweaking is done with the methods. Since most of these algorithms are implemented 
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by their respective authors therefore it is assumed that parameter setting is already incorporated.Following table 

shows number of features selected by the feature selection algorithms. 

 

4.1.1 ACO-mRMR and Selected Features 
Information about the total number of features in full feature set, features selected by other feature selection 

algorithms and our proposed method ACO-mRMR are shown in table 2. 

 
Dataset Total ACO-FRS PSO Tabu GA ACO-mRMR 

Iris 4 4 4 3 2 2 

Liver Disorder 6 5 5 5 5 3 

Diabetes 8 8 8 6 8 3 

Breast Cancer- W 9 4 5 9 7 4 

Vote 16 14 12 12 11 6 

Labor 16 6 6 7 7 6 

Hepatitis 19 14 13 13 12 8 

Colic-Horse 22 13 16 11 12 3 

Ionosphere 34 26 19 16 21 10 

Lymph 18 8 7 7 9 6 

Lung Cancer 56 5 5 5 13 16 

Table 2: Reduced Datasets, ACO-mRMR 

 

In figure 3, our proposed method consistently selected smaller number of features as compared with other 

algorithms except in lung cancer dataset where a number of features are highly correlated with each other. Lung 

cancer dataset is a high-throughput dataset where number of instances is less than number of features. It can be 

observed that proposed method consistently selects small number of features when adequate number of instances is 

present in the dataset. 

 

 
Figure3: Reduced dataset, ACO-mRMR 

 

In the following table 3, selected features of each algorithm are presented. 

 
No ACO-FRS PSO Tabu GA ACO-mRMR 

1 1,2,4,3 1,2,3,4 2,3,4 3,4 4,3 

2 2,3,4,5,6 2,3,4,5,6 2,3,4,5,6 2,3,4,5,6 1,4,6 

3 All All 2,4,5,6,7,8 All 2,6,7 

4 All All All 1,2,3,6,7,8,9 7,6,12 

5 1,2,3,4,5,7,9,10,11,12,1

3,14,15,16 

1,2,3,4,5,9,10,11,12

,13,15,16 

1,2,3,4,5,7,10,11,1

2,13,15,16 

1,2,3,4,5,9,10, 

11,12,13,15 

12,3,14,10,5,4,11 

6 2,3,6,11,14,16 3,6,7,8,12,16 1,2,7,10,12,14,16 1,2,7,10,12 
,14,16 

15,5,9,11,3,4,12 

7 1,2,3,4,5,7,8,9,11 

,13,16,17,18,19 

1,2,3,4,5,6,7,9,11,1

2,15,18,19 

1,2,3,4,5,6,7,8,9,1

1,14,17,18,19 

1,2,3,5,7,9, 

11,12,14,17 

,18,19 

14,18,17,6,19,11,1

2 

8 1,2,3,5,6,7,8, 
11,13,15,17,18,19,22 

1,2,3,5,6,7,8,9,10, 
11,12,13,15,16,17,2

2 

1,3,5,8,10,11,12,1
3,16,18,22 

1,2,6,8,10,12 
,13,16,18,20, 

21,22 

12,20,1 

9 1,3,4,5,6,7,8,9,10,11,12,

13,14,15, 

16,17,19,20,21,22,24,26

,28,30,33,34 

1,4,6,7,8,9,10,12,14

,17 

,20,21,22,24,26,28,

30,32,33 

1,4,6,7,10,12,14,1

6,17,20,21,22,24,2

6,30,33 

6,7,8,9,12,13,14,15,1

6,17, 

20,,21,22,23,24,25,26

,29,30,31,34 

15,29,1,23,7,33,31,

6,13,5 

10 1,2,3,10,11,13,14,15 3,8,11,12,13,14,15 1,2,5,11,13,14,15 1,2,5,6,8,12 

,13,14,17 

11,13,8,15,7,9 

11 6,8,12,29,35,39 10,26,29,34,37 3,6,12,34,40 3,9,15,18,20,21,26,30
,35,42,43,49,55 

32, 44, 6, 17, 3, 56, 
48, 19, 23, 14, 35, 

13, 27, 7, 37, 53 

Table 3: Selected paths, ACO-mRMR 
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4.1.2 Comparison of ACO-mRMR with Full Feature Set over C4.5 
In the following table 4, predictive accuracy of proposed algorithm and full feature set is presented. C4.5 is used for 

classification with 10-fold cross validation. Bold value represents highest accuracy achieved by a best performing 

algorithm. 

 
Dataset All (C4.5) ACO-mRMR 

Iris 97.33 97.33 

Liver Disorder 57.39 68.09 

Diabetes 65.75 68.68 

Breast Cancer- W 92.70 95.56 

Vote 96.32 97.09 

Labor 82.45 75.13 

Hepatitis 76.77 84.58 

Colic-Horse 85.05 85.86 

Ionosphere 90.88 87.46 

Lymph 75.65 79.72 

Lung Cancer 50 65.52 

Table 4: Comparison of ACO-mRMR with full feature set over C4.5 

 

C4.5 has its internal method of feature selection therefore such a method can be termed as an embedded method. It 

uses information gain ratio for node splitting and the feature with highest information gain ratio is selected as a root 

node. Our proposed method performs comparable or better on ten datasets over C4.5. 

 

4.1.3 Comparison of ACO-mRMR with full Feature set over K-Nearest Neighbor 
In table 5, predictive accuracy of proposed algorithm and full feature set is presented. K-Nearest Neighbor is used 

for classification with 10-fold cross validation. For all Experiments using KNN in this paper the value k=3 is 

chosen. Bold value represents highest accuracy achieved by a best performing algorithm. 

 
Dataset All (KNN) ACO-mRMR 

Iris 95.33 97.33 

Liver Disorder 56.23 58.55 

Diabetes 65.75 67.83 

Breast Cancer- W 95.42 96.13 

Vote 93.10 96.13 

Labor 85.96 78.94 

Hepatitis 82.58 84.51 

Colic-Horse 77.98 85.32 

Ionosphere 84.90 88.03 

Lymph 82.43 80.40 

Lung Cancer 40.62 46.87 

Table 5: Comparison of ACO-mRMR with full feature set over KNN 
 

In the above mentioned table our method performs comparable or better on nine datasets. 

 

4.1.4 Comparison of ACO-mRMR with full feature set over RIPPER 
Predictive accuracy of proposed algorithm and full feature set is presented as shown in table 6. RIPPER is used for 

classification with 10-fold cross validation. Bold value represents highest accuracy achieved by a best performing 

algorithm. 

 
Dataset All (RIPPER) ACO-mRMR 

Iris 96.66 97.33 

Liver Disorder 56.52 58.55 

Diabetes 67.83 67.83 

Breast Cancer- W 94.70 95.70 

Vote 96.09 96.86 

Labor 91.22 64.51 

Hepatitis 81.93 82.52 

Colic-Horse 83.42 85.59 

Ionosphere 90.88 85.18 

Lymph 75 81.08 

Lung Cancer 46.87 53.12 

Table 6: Comparison of ACO-mRMR with full feature set over RIPPER 

 

RIPPER is a rule induction algorithm. Their mechanism is based on two important loops, outer loop adds one rule at 

a time in the rule base whereas inner loop adds conditions to it iteratively, this process continues until rules perform 

negative coverage of the instances. Hence, RIPPER has its own mechanisms for internal feature selection based on 
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information gain and rule coverage, low quality features do not contribute in rule construction. In the above 

mentioned table our method performs comparable or better on nine datasets.  

 

4.1.5 Summarized Comparison of ACO-mRMR and Full Feature Set 
In the following table7, predictive accuracy of proposed algorithm and full feature set is presented in a summarized 

manner.  

 
CLASSIFIER ALL mRMR 

C4.5 2 9 

KNN 2 9 

RIPPER 2 9 

TOTAL 6 27 

Table7: Summarized comparison of ACO-mRMR and full feature set over three classifiers 

 

Following figure 4 is the graphical representation of the comparison of ACO-mRMR and Full feature set using 

eleven datasets over three classifiers. 

 

 
Figure 4: Comparison of ACO-mRMR with full feature set over three classifiers 

 

As it can be observed in the above figures that our proposed method consistently performs better when compared 

with the full feature set. Some of the classification algorithms employ embedded techniques of feature selection, e.g. 

state-of-the-art classifiers. Hence our method is also compared with embedded techniques of classification 

algorithms state-of-the-art classifiers.  

 

4.1.6 Comparison of ACO-mRMRwith other algorithms over C4.5 
In the following table 8, predictive accuracy of proposed algorithm and other feature selection algorithms are 

presented. C4.5 is used for classification with 10-fold cross validation. Bold value represents highest accuracy 

achieved by a best performing algorithm. 

 
Dataset (C4.5) ACO-FRS PSO Tabu GA ACO-mRMR 

Iris 97.33 97.33 78.66 97.33 97.33 

Liver Disorder 57.39 57.39 57.39 57.39 68.09 

Diabetes 65.75 65.75 68.09 65.75 68.68 

Breast Cancer- W 92.13 92.70 92.70 95.27 95.56 

Vote 96.32 96.32 96.32 96.32 97.09 

Labor 80.70 77.19 80.70 77.19 75.13 

Hepatitis 85.80 78.70 80.64 76.77 84.58 

Colic-Horse 84.51 84.78 85.05 85.32 85.86 

Ionosphere 90.88 88.31 86.32 87.17 87.46 

Lymph 77.02 78.75 77.70 79.72 79.72 

Lung Cancer 40.62 46.87 75 40.62 65.52 

Table 8: Comparison of ACO-mRMR with other algorithms over C4.5 
 

Following figure 5, is the graphical representation of the comparison of algorithms using C4.5 classifier. 
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Figure 5: Comparison of ACO-mRMR and other algorithms over C4.5 

 

In iris dataset, although accuracy of ACO-FRS, PSO and GA is same as that of ACO-mRMR but number of features 

selected by our method is less than these algorithms except GA where number of features selected are equal to 

features of our method. In diabetes, our method performs better due to smaller number of features selected as 

compared to tabu search. Collectively on eight of the datasets our proposed method performs better. 

 

4.1.7 Comparison of ACO-mRMRwith other Algorithms over K-Nearest Neighbor 
In the following table 9, predictive accuracy of proposed algorithm and other feature selection algorithms is 

presented. K-Nearest Neighbor is used for classification with 10-fold cross validation. Bold value represents highest 

accuracy achieved by a best performing algorithm. 

 
Dataset (KNN) ACO-FRS PSO Tabu GA ACO-mRMR 

Iris 95.33 95.33 78.66 97.33 97.33 

Liver Disorder 57.39 57.39 57.39 57.39 58.55 

Diabetes 65.75 65.75 67.57 65.75 67.83 

Breast Cancer- W 95.56 93.84 95.42 95.13 96.13 

Vote 93.10 92.87 93.33 94.48 96.13 

Labor 89.47 82.45 78.94 78.94 78.94 

Hepatitis 83.87 83.87 81.93 82.58 84.51 

Colic-Horse 83.69 81.52 81.79 81.52 85.32 

Ionosphere 85.47 84.33 82.62 82.62 88.03 

Lymph 77.02 79.02 79.02 77.70 80.40 

Lung Cancer 53.12 34.37 50 34.37 46.87 

Table 9:  Comparison of ACO-mRMR with other algorithms over KNN 
 

Following figure 6, is the graphical representation of the comparison of algorithms using K-Nearest Neighbor as a 

classifier. 

 

 
Figure 6: Comparison of ACO-mRMR and other algorithms over KNN 

 

In Ionosphere our algorithm performs better due to smaller number of features selected. Collectively our algorithm 

performs comparable and/or better in nine datasets. 
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4.1.8 Comparison of ACO-mRMRwith other Algorithms over RIPPER 
In the following table10, predictive accuracy of proposed algorithm and other feature selection algorithms is 

presented. RIPPER is used for classification with 10-fold cross validation. Bold value represents highest accuracy 

achieved by a best performing algorithm. 

 
Dataset (RIPPER) ACO-FRS PSO Tabu GA ACO-mRMR 

Iris 96.66 96.66 96.66 97.33 97.33 

Liver Disorder 56.23 56.23 56.23 56.23 58.55 

Diabetes 67.83 67.83 67.83 67.83 67.83 

Breast Cancer- W 92.99 94.13 94.70 94.56 95.70 

Vote 95.17 95.40 95.40 95.86 96.86 

Labor 78.94 91.22 91.22 91.22 64.51 

Hepatitis 83.22 82.58 83.22 81.93 82.52 

Colic-Horse 85.05 84.51 85.32 84.51 85.59 

Ionosphere 90.88 86.89 87.46 87.46 85.18 

Lymph 77.70 76 75 75.67 81.08 

Lung Cancer 40.62 46.87 59.37 46.87 53.12 

Table 10: Comparison of ACO-mRMR with other algorithms over RIPPER 

 

Following figure 7, is graphical representation of the comparison of algorithms using RIPPER as a classifier. 

 

 
Figure 7: Comparison of ACO-mRMR and other algorithms over RIPPER 

 

In lymph our algorithm performs better due to smaller number of features selected. Collectively our algorithm 

performs comparable and/or better in seven datasets.  

 

4.1.9 Summarized Comparison of ACO-mRMR and other Algorithms 
In the following table 11, predictive accuracy of proposed algorithm and other feature selection algorithms is 

presented in a summarized manner. 

 
Classifiers ACO-FRS PSO Tabu GA ACO-mRMR 

C4.5 3 2 1 3 8 

KNN 1 0 0 1 9 

RIPPER 3 2 4 4 7 

TOTAL 7 4 5 8 24 

Table 11: Summarized comparison of ACO-mRMR with other algorithms 

 

Following figure 8 is the graphical representation of the summarized comparison of proposed algorithm and other 

feature selection algorithms. 

 
Figure8: Summarized comparison of ACO-mRMR over three classifiers 
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Our proposed algorithm consistently opts for smaller number of features. In figure8it can be observed that our 

method achieves better predictive classification accuracy over three classifiers. Our method employs mRMR as a 

subset evaluation method. It can be observed that this measure can optimize subsets optimally. 

 

5. Conclusion and Future Works 
In this paper, we propose a new feature selection method based on ACO and mRMR, our proposed 

methodACO-mRMR is compared with a full feature setover state-of-the-art three classifiers followed by comparison 

of ACO-mRMR with other feature selection methods. Experimentation results showedthat our proposed method 

performed better in terms of predictive classification accuracy and number of feature selected. Our research work 

achieves better predictive classification accuracy over three classifiers.  

Our research work can be extended in a number of directions. First we are looking forward for hybrid 

searching mechanisms where one technique may compensate for the demerits of the other.  For example, ACOcan 

be combined with other population based searching mechanisms, differential evolution [29]. Moreover, parameter 

tuning can yield better optimized search. Moreover, feature selection can be extended to include more challenging 

task e.g. data stream mining. We can extend our algorithm in the domain of data stream classification. Population 

based feature selection is given very less attention in this domain. 
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