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Abstract-Feature selection in high-dimensional records is one 

of the energetic areas of research in model recognition. In view 

of the substantial number of existing feature selection 

algorithms, the need arises to count on criteria that enables to 

adequately decide which algorithm to use in certain 

situations.In this editorial, a new method for feature selection 

algorithm in high-dimensional data is anticipated that can 

control the trade-off between accuracy and classification time. 

This scheme is based on a greedy metaheuristic algorithm 

called greedy randomized adaptive search procedure 

(GRASP).It uses an extensive version of a simulated annealing 

(SA) algorithm for local search. In this version of SA, new 

parameters are fixed that allow the algorithm to control the 

trade-off between accuracy and classification time. New results 

show domination of the proposed method over previous 

versions of GRASP for feature selection. Also, they show how 

the trade-off between accuracy and classification time is 

convenient by the bounds introduced in the proposed method. 

 

Keywords: Feature selection, irrelevance, redundancy, high 

dimensionality, robust.  

 

I. INTRODUCTION 

 

In recent years, rising growth of machine readable data (digital 

information) has led to new challenges for machine learning 

algorithms.Nowadays, many tasks in machine learn such as 

clustering, classification,and regression deal with huge 

datasets. In these tasks, a machine learning algorithm should 

examine the related datasets entirely and fit them to a model. 

The huge size of most datasets generally leads to improper 

process time or intractable complexity. The size of a dataset 

depends on the number of its instance and the dimensionality 

of feature space explain each instance. Therefore, reduction of 

the number of dataset instances and features are two main 

problems to consider in reducing the size of datasets. Sampling 

methods can be used to reduce the number of instances. 

Dimension reduction is the process of transforming a feature 

space to another one with lower dimensionality. Dimension 

reduction is divided into two main category: transformation-

based dimension reduction and selection-based dimension 

reduction. Principal component analysis (PCA) is an efficient 

and well-known transformation-based dimension reduction 

method. Feature selection is a type of dimension reduction in 

which the meaning of the features after reduction is similar to 

the original features.Benefits of feature selection include 

reducing data processing time,improving the accuracy of 

machine learning tasks such as classification and regression, 

and making the data available in a more compact and more 

understandable form. Usually, redundant and irrelevant 

features increase the complexity of the learning process. 

Knowledge discovery in a large dataset is more difficult and 

sometimes intractable.Given a dataset with n features, there are 

2n−1 nonempty feature subsets,each with the potential to 

become the optimal subset for representing that dataset within 

the specific problem area. Subset generator and subset 

evaluator are main components of a feature selection method. 

Hence, feature selection methods can be distinguished from 

each other according to these components.Subset generator is 

equivalent to a searching method that determines the sequence 

of subset evaluations. By definition, the best subset generator 

reaches to optimal feature subset as fast as possible. There is 

no unique method with optimal performance for all problem 

areas.Subset evaluator is the second component of a feature 

selection method.It determines the merit of each feature subset. 

Ideally, it should assign the best merit to the optimal feature 

subset, which contains the most relevant features to the target 

feature and excludes irrelevant and redundant features as much 

as possible. 

 

A feature selection algorithm (FSA) is a computational 

solution that is motivated by a certain definition of 

relevance.However, the relevance of a feature –as seen from 

the inductive learning perspective– may have several 

definitions depending on the objective that is looked for. An 

irrelevant feature is not useful for induction, but not all 

relevant features are necessarily useful for induction . 

 

The FSAs can be classified according to the kind of output 

they yield: those algorithms giving a linear order of features 

and those algorithms giving a subset of the original features. 

Both types can be seen in an unified way by noting that in the 

weighting is binary. For large highly dimensional datasets 

feature ranking and feature selection algorithms are usually of 

the filter type. 

 

II. RELATED WORKS 

 

In addition, in many data analysis tasks, multiple interacting 

features are ignored assuming independency between features 

or considering only pairwise features interaction address the 

problem of considering multiple interacting features in high-

dimensional datasets. Their work was inspired by studies on 

hypergraph clustering to evaluate feature subsets. They 

proposed a new evaluation measure based on information 

theory called multidimensional interaction information that 

determines significance of different conditional feature subsets 

with respect to the decision feature. In the case of datasets with 

a combination of nominal and numerical features, Michalak et 

al. proposed a new feature similarity measure based on the 

probabilistic dependency between features. A considerable 

number of the reported works concentrate on efficient search in 

feature subsets space. Each point in feature subsets space is a 

subset of features. Ahila, Sadasivam, and Manimala, proposed 
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an evolutionary algorithm based on particle swarm 

optimization (PSO) to perform simultaneous feature and model 

selection. They used a probabilistic neural network as the 

classifier and PSO as the searching algorithm to explore 

feature subset space and model parameters. Bermejo, Gámez, 

and Puerta proposed a new search method that reduces the 

number of wrapper evaluations by iteratively switching 

between filter and wrapper evaluations. Their method is based 

on the Greedy Randomized Adaptive Search Procedure 

(GRASP) metaheuristic algorithm. GRASP is a two-step 

iterative algorithm in which in each iteration a solution is 

initially constructed and is improved later. 

 

In this algorithm, in the construction step, evaluation is carried 

out using a lighter filter measure, while during the 

improvement step a more costly wrapper measure is utilized. 

Bermejo, Gámez, and Puerta proposed a new combinatorial 

method. Their algorithm iteratively switches between filter and 

wrapper evaluators. It uses a filter evaluator for constructing a 

ranked list of the features and considers the first block of the 

ranked features as selected candidates for inclusion in the 

wrapper evaluator’s selected features. The algorithm stops 

when there are no new feature candidates for inclusion in the 

wrapper evaluator’s feature selection.Feature selection can be 

formulated as an optimization problem. In this case, feature 

selection is a search procedure for finding a subset of 

conditional features with the most relevancies to the target 

feature. This section is devoted to reviewing the application of 

GRASP for feature selection in high-dimensional data. 

GRASP is a two-phase optimization algorithm introduced by 

Feo and Resende. Extensions of this algorithm and its 

applications can be found in their subsequent works (Feo and 

Resende; Festa and Resende; Resende and Ribeiro. The two 

phases of the GRASP include 

 

Construction phase: in this phase, a greedy randomized 

heuristic algorithm is used to construct a solution with which 

to begin. The process starts from an empty set and enlarges the 

set by selecting items from a randomly selected list of 

promising candidates.  

Improvement phase: here, the algorithm improves the output of 

the constructionphase using a local search algorithm. The 

constructed solution is fed to the local search algorithm as an 

initial point.  

GRASP is an iterative algorithm. During each iteration, after 

the completion of these phases, both the constructed and the 

improved solutions are added to nondominated solutions. The 

nondominated solutions set is a set of solutions in which no 

item has a complete priority over any other one. This is 

because in GRASP we are dealing with a multiobjective 

optimization problem. 

 

III.  SYSTEM ARCHITECTURE 

 

A.  Feature Selection 
Given a dataset with n features, there are 2n−1 nonempty 

feature subsets,each with the potential to become the optimal 

subset for representing that dataset within the specific problem 

area. Subset generator and subset evaluator are main 

components of a feature selection method. Hence, feature 

selection methods can be distinguished from each other 

according to these components. 

B.  Construction phase 
In this phase, a greedy randomized heuristic algorithm is used 

to construct a solution with which to begin. The process starts 

from an empty set and enlarges the set by selecting items from 

arandomly selected list of romising candidates. 

 

 
Figure 1: System Architecture 

 

C.  Improvement phase 
Here, the algorithm improves the output of the construction 

phase using a local search algorithm. The constructed solution 

is fed to the local search algorithm as an initial point. Another 

aspect of feature selection is related to the study of search 

strategies to which extensive research efforts have been 

devoted.The search process starts with either an empty set or a 

full set. For the former, it expands the search space by adding 

one feature at a time (Forward Selection)—an example is 

Focus; for the latter, it shrinks the search space by deleting one 

feature at a time (Backward Selection)—an example is ‘Branch 

& Bound’. Except these two starting points, the search process 

can start from a random subset and continue either 

probabilistically or deterministically from there. 

 

The contributions of this paper include: 

 a detailed study of consistency measure vis-a-vis other 

evaluation measures; 

 pros and cons of various search strategies (exhaustive, 

complete, heuristic, and probabilistic) based on 

consistency measure;  

 experimental comparison of different search methods; and  

 guidelines about choosing a search method.  

 

A wrappersmodel consists of two phases 

Phase 1 – feature subset selection, which selects the best 

subset using the accuracy of the classifier (on the training data) 

as a criterion. 

Phase 2 – learning and testing, where a classifier is learned 

from the training data with the best feature subset, and is tested 

on the test data. 

 

The wrappers approach consists of using the prediction 

performance of a given learning machine to assess the relative 

usefulness of subsets of variables. It performs selection taking 

into account the classifier as a black box and ranking the subset 

of features by their predictive power. Although the wrappers 

approach is often criticized to be a ‘‘brute force” method 

which involves massive computation time, some researchers 

have different opinions. In this regard, Reunanen (2003) 

indicated that coarse search strategies may alleviate the 

problem of over-fitting. Due to the fact that a full search 
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requires 2n different evaluations,‘‘forward” selection or 

‘‘backward” elimination methods are used. These methods are 

also referred to as ‘‘sequential” methods. 

These are the most commonly used methods for performing 

feature selection. Sequential Forward Selection, SFS starts 

with the empty set and variables are progressively incorporated 

into larger and larger subsets, whereas in Sequential Backward 

Selection, one starts with the set of all the variables and 

progressively eliminates the least promising ones. Both these 

methods suffer from the so-called ‘‘nesting effect”. This means 

that in the case of the backward elimination method the 

discarded features cannot be re-selected, whereas in the case of 

the forward selection method once the features are selected 

they cannot be discarded later. The result is that the methods 

are only suboptimal. In addition, forward selection and 

backward elimination require high computation time when the 

variable is very large. 

 
 

 
 

IV. CONCLUSION 

 

In this article, a new feature selection algorithm for high-

dimensional datasets, named SAGRASP, was proposed. It uses 

the GRASP algorithm as its basic framework and applies it 

with an extended version of SA as a local search algorithm. 

The proposed algorithm has two advantages over FSGRASP: 

better accuracy and controllability. SAGRASP outperforms 

FSGRASP significantly over two datasets. It has a P_add 

parameter to control the trade-off between accuracy and 

classification time. 
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