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Abstract— Performance of Machine learning problems are 
greatly affected by the high dimensionality of the data set. To 
reduce the dimension, feature selection is used. Feature selection 
simplifies and enhances the quality of a data set by selecting 
salient features and reduces the complexity of the overall 
learning process. Ant Colony Optimization (ACO) is a modern 
algorithm for   feature selection. It is an evolutionary algorithm 
inspired by the foraging behavior of real ants. To coordinate the 
activities ants produce a volatile substance called pheromone. 
The pheromone laying and pheromone following behavior of real 
ants helps to find the shortest path from nest to food source is the 
basic working principle behind ACO. This shortest path tracing 
is mainly based on a local heuristic information and the intensity 
of pheromone existing in the path. This paper mainly focusses on 
the review of techniques used for evaluating the heuristic 
information measurement which guide the ants towards the most 
prominent solution constructions. 
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I.  INTRODUCTION 

The rapid growth of computer and database technologies over 
the past decades caused an explosion of data with huge 
information. The high dimensionality of the dataset cause 
severe problems to the performance of numerous machine 
learning techniques when they are used for generating 
knowledge. High dimensional dataset contains very large 
feature sets which not only cause learning to be more difficult 
but also degrade the generalization performance of the learned 
models [1]. To reduce the dimension of the data set, feature 
selection is used as a data pre-processing technique. The 
purpose of feature selection is to simplify and enhance the 
quality of a dataset by removing irrelevant and noisy features. 

As a result a number of outcomes can be expected such as 
speeding up mining algorithms, improving mining 
performance and comprehensibility [1]. 
Various strategies for feature selection method includes 
exhaustive [5], heuristic [6] and random [7, 8].The heuristic 
and random search methods start with an initial subset of 
features heuristically selected beforehand. The features are 
then added or removed iteratively until an optimal feature 
subset is obtained.  The heuristic or random search methods 
are further classified into wrapper [3], filter [4] and hybrid 
methods [2]. In wrapper method, to evaluate the quality of 
features a predefined training algorithm is used and the 
corresponding classification accuracy is determined. The 
selected feature subset is considered as optimal if it satisfies 
the desired accuracy; otherwise the process is repeated for a 
better one.  In filter approach statistical analysis of feature set 
is required without using any learning models [4]. The hybrid 
approach utilizes the properties of wrapper and filter methods 
[9]. 
ACO is an effective iterative approach for solving discrete 
optimization problems in which a new solution is constructed 
at each iteration by applying the knowledge obtained from 
previous iterations. ACO is used in feature selection [10, 11] 
and is considered as a modern algorithm for selecting 
significant features. The design of ACO algorithm involves 
the appropriate representation of problem domain and it can be 
implemented by a weighted completely connected graph 
known as the construction graph. ACO is important in feature 
selection because there is no need of searching the principle of 
optimality each time when a subset is generated. This is 
because features are selected and added to the feature subset 
as a result of a graph traversal. To take the decision regarding 
which feature is to be added next to the current partial 
solution, ACO follows a probabilistic decision strategy based 
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on a local heuristic information (η) and the intensity value of 
the pheromone (τ). In this paper we introduce a review based 
on the evaluation of heuristic information in various situations 
which influences the cost of adding the suitable feature 
component while constructing the optimal feature subset. 
The rest of the paper is organized as follows: Section II 
introduces ACO in detail, review on heuristic information 
measurement in section III, section IV includes discussions 
followed by the conclusion. 

II. ANT COLONY OPTIMIZATION 
 

 ACO was introduced by M Dorigo et al in 1992[16]. 
It is a general purpose optimization technique in which the 
ants takes the inspiration from the social behavior of ant 
colonies. Ants communicate with each other using a volatile 
chemical substance known as pheromone. Ants lay pheromone 
trails while they are travelling towards the food source. The 
basic principle behind ACO is the pheromone laying and 
pheromone following behavior of real ants. Usually ants 
selects their shortest route to food as the path where the ants 
return to the nest faster than others. More pheromone on the 
path increases the probability of the same path being followed 
by other ants. This self-organizing behavior helps real ants to 
find the shortest path for their foraging activity. When the 
source of food is exhausted, the returning ants do not deposit 
any pheromone and the volatile pheromone will slowly 
evaporates. This negative feedback behavior helps ants to deal 
with changes in their environment. This strategy of real ants to 
find the best shortest path from the nest to food source can be 
thus effectively be utilized in feature selection. 

To solve the problem of feature selection using ACO, 
the problem domain is appropriately represented by a 
construction graph. In this graph the node represent features 
and edges between them represents the choice of selecting the 
next feature. The search for the optimal feature subset is then 
equivalent to the computation of the shortest path involving 
minimum number of nodes and satisfying the optimality 
condition. Fig. 1 explains this concept. At each step of the 
feature selection process, a feature is selected from the graph 
based on a probability rule designed by making use of 
pheromone trail intensities and heuristic information. When an 
ant traverses all the feature components represented in the 
graph a solution corresponding to that ant is generated. Once 
an ant has completed the solution construction, the amount of 
pheromone to be deposited on the identified path is 
determined by that ant and it is updated in all the different 
edges on the path [12]. 

 
Fig. 1. ACO problem representation  
 

The probabilistic transition rule shown in (1) calculates the 
probability of an ant  at feature  choosing to move to feature 
 at time .  

      , j ϵ              (1) 

         0,       j ∉   
Where is the possible set of features the ant k can choose 
to move from ith feature, is the pheromone amount on 
the arc connecting node i and node j,  is the heuristic 
desirability of choosing feature j when at feature i. 

and are relevance parameters to represent the importance 
of pheromone and heuristic information. 
When an ant made the solution after traversing the graph, the 
ant updates the pheromone on the edges of the selected path 
separately. The pheromone trail of ant  at each edge  at 
time  is updated as  

(t+1) ← (1-ρ) . (t) +           (2) 
Where 

                  (3)   

Where: Q is an application specific constant, is the 
overall cost function corresponding to the constructed path 

 by the th ant and ρ is the evaporation rate. 
 

III. HEURISTIC INFORMATION MEASUREMENT 
The use of heuristic information can guide the ants 

towards the most promising solutions and the value of η for 
each feature represents the attractiveness of the features. The 
heuristic desirability of traversing between nodes in ACO 
algorithm can be any subset evaluation function like entropy 
based measure.  
B. Dadaneh et al [13] proposes unsupervised probabilistic 
feature selection using ACO. In unsupervised approach class 
labels of data set is not required for feature selection. In each 
step of the algorithm, to select the next feature the amount of 
redundancy between current feature and the features that have 
been already selected is calculated. For this the Unsupervised 
Probabilistic Feature Selection (UPFS) algorithm uses an 
affinity matrix to hold ant related pheromone which gathers 
useful information about similarity of features. To get the final 
subset, features are ranked based on the probability function 
which is extracted from the affinity matrix. Pheromone is 
deposited on nodes and at the end of each iteration, ants 
update the pheromone associated with each node based on the 
selected feature subset. The heuristic value η associated with 
each feature demonstrates its attractiveness and the similarity 
between features is represented using Pearson’s correlation 
[14] and quantifies the similarity between features i and j as:  

          (4) 
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Where is the mean amount of feature i in the whole dataset.  
If the features i and j are completely correlated, then the 
correlation value will be 1 or -1, otherwise it will be 0[14]. In 
[13] the correlation is applied between the new node and all 
the selected subset till now to assess the probability function.  
The heuristic value is calculated dynamically for each possible 
move at the time of selecting the next possible node to go as 

(t) =           (5) 

where  is the heuristic value associated to node i at 
iteration t and  is the list of visited nodes by ant k. 
An affinity matrix is constructed with n as the number of 
features and row as the co-appearance of various features. At 
the end of each iteration the affinity matrix will be updated by 
using the equation 

         (6) 
Where   is element (i,j) in affinity matrix and q0 is a 
constant value. This matrix contains useful information that is 
gathered by ants and the feature subset has minimum 
redundancy because each ant select features that is less similar 
to other features. The features are ranked based on the 
information obtained from the affinity matrix. To evaluate the 
importance of feature xi or the rank can be calculated as 

        (7) 

Where n is the number of features and  is the 
conditional probability of selecting feature xj given xi is 
selected. is the conditional probability of selecting 

all features, except xi, given that xj is selected. is the 
conditional probability of selecting xj, given that all the 
features except xj are selected. The above equation assign 1 to 
relevant features and value less than 1 to irrelevant features. 
The method proposed in [13] is capable of selecting features 
with lower redundancies and the most important features are 
returned by applying the ranking function. 
A hybrid ACO for feature selection is adopted in the paper 
proposed by M. Kabir et al [1]. This search technique 
combines the wrapper and filter approaches of feature 
selection. This hybrid ACO algorithm uses a bounded scheme 
that guides the ants to construct subsets in a reduced form. 
Heuristic information is measured using the advantages of 
wrapper and filter methods. As a filter tool information gain is 
used to individually measure the importance of features. To 
evaluate the outcome of various subsets generated as a part of 
feature selection, Neural Network is used as a wrapper tool. 
These rules are formulated according to the random and 
probabilistic behaviors of ants.  
When the ants construct the feature subsets randomly, the 
heuristic value of all features i can be calculated as 
 

                (8) 

Where  is the number of subsets constructed by the any 
  is the count for the specific selected feature i in the 

current iteration. When ants complete feature subset 
construction on the basis of probabilistic behavior, η is 
calculated as 

         (9) 

 
is the number of a particular selected feature i that 

is a part of the subsets that are constructed,  is the 
information gain for feature i, is user specified parameter 
that controls the exponential term. The information gain 
provides a statistical measure to the relevance of features for a 
data set. Thus the relevance of a feature can be determined by 
the highest value of IG[17][18]. The information gain IG(P,Ni) 
for a feature Ni of a dataset P is given by  

           (10) 
 

                                         (11) 
 
Where is the set of all possible values for the 
feature Ni and Ps is the subset of P for which  has value . 

Thus the hybrid search not only provides an effective 
balance between exploration and exploitation of ants in the 
search space but also intensify the global search capability of 
ACO for a high quality solution in feature selection. This 
method achieved a powerful and faster searching capability in 
finding the salient features in the feature space and produce 
significant classification performances from different dataset 
using reduced number of features. 

S. Kashef et al [15] proposes a combination of ACO and 
advanced binary ACO. Features are represented as graph 
nodes and are fully connected to each other. Each node in the 
graph includes two sub-nodes which are assigned to each 
feature one for selecting the feature and other for deselecting 
the feature. The ants visit all features in each iteration and it 
can decide whether to select a feature or not. If an ant chooses 
sub-node 1 (or 0) of feature Fi, then that feature is selected (or 
deselected) by that ant. The ant can select either of these sub 
nodes.  Based on the pheromone value and heuristic 
information of these edges, the ant chooses its next node and 
the process is repeated until the ants visit all the features. At 
the end of each iteration, each ant has a solution path in the 
form of a binary vector with the same length as the number of 
features. 
The heuristic desirability enhances the ability of exploiting the 
search space which helps to find the optimal solution easily. A 
probabilistic function of transition, denoting the probability of 
an ant at node Fi,x to choose the path to reach F j,y  is designed 
by combining the heuristic desirability and pheromone density 
of the edge. A heuristic value η for each feature is measured 
using F-score and different approaches based on correlation. 
F-score is a measurement to evaluate the discrimination ability 
of features i. The F-score of the ith feature is defined as  
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    (12) 

 is the number of samples of the feature i in class k, 
(k=1,2,…c, i= 1,2,…n), c is the number of classes and n is the 
number of features, is the jth training sample for the feature 

i in class k,(j=1,2,….. ),  is the mean value of feature i 
and  is the mean of feature i of samples in class k. 
The numerator specifies the discrimination among the 
categories of target variable and the denominator indicates the 
discrimination within each category. If the F-score is large it 
implies that this feature is discriminative [19].  
The second method called correlation describes the degree of 
relationship between two variables and the algorithm proposed 
in [15] uses Pearson product-moment correlation coefficient to 
measure the correlation between different features. The 
correlation coefficient  between two features i and j is 

=                        (13) 

Where  and  are the values of features i and j. The 
variables  and  represent the mean values of  and   
averaged over h samples. If the features i and j are completely 
correlated, then  would be 1 or -1. If i and j are completely 
uncorrelated then  would be 0 [14].  
Among the correlation methods and F-score method proposed 
in this algorithm for heuristic information evaluation, the F-
score approach gives better results compared to other 
correlation based methods and hence the authors suggest F-
Score as the best method for the heuristic information of paths. 
 

IV. DISCUSSIONS 
 

To compute the transition rule in the method 
proposed in [13], each ant uses the current node and the nodes 
that have already been selected.   Thus the algorithm proposed 
in [13] has a global optimum subset and the features that have 
minimum similarity with the current selected subset will be 
selected. Thus to achieve minimum redundancy the similarity 
between the feature subset is considered. Also a matrix is used 
to store the pheromone amount related to each ant and the 
final subset of features is obtained by ranking the features 
based on the probability function. The hybrid search method 
proposed in [1] uses a subset size determination scheme by 
using a probabilistic formula with a constraint and a random 
function which guides the ants to construct the subset in a 
reduced form. As a filter tool information gain is used to 
individually measure the importance of features. To evaluate 
the outcome of various subsets generated as a part of feature 
selection, Neural Network is used as a wrapper tool. The 
authors proposed four different approaches in [15] to heuristic 
information measurement and among those three different 
methods based on correlation and one based on F-score. 
Among all these methods F-score based heuristic information 

measurement gives better results and the author recommend F-
score method in the process of feature selection. 

V. CONCLUSION 
 

In this paper we reviewed three different approaches 
to heuristic information measurement and all the three 
methods are making use of correlation coefficient as 
information to compute this measure. This shows the 
importance of correlation coefficient in heuristic information 
measurement in Ant Colony Optimization. In the method 
proposed in [13] to select the features, the correlation 
coefficient is combined with an affinity matrix and based on 
affinity matrix information the features are ranked. In the 
second approach proposed in [1], the correlation coefficient 
along with subset size prior to subset construction is used as a 
measure for selecting important features. In the third approach 
[15], for heuristic information measurement the authors 
suggest four different approaches.  Three of these four 
approaches are based on correlation coefficient and is used in 
various forms to measure the information.  As the fourth 
approach they suggest F-score as a heuristic information 
measure. Since F-score gives better results compared to the 
other three correlation coefficient based methods, the authors 
suggest F-score as the best heuristic measure for selecting 
significant features. 
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