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Abstract— The process of selecting features is important 

process in machine learning; this is method of selecting a 

subset of relevant/ significant variables and features.  Feature 

selection is applicable in multiple areas such as anomaly 

detection, Bioinformatics, image processing, etc. where high 

dimensional data is generated. Analysis and classification of 

such big data is time consuming. Feature set selection is 

generally user for: to simplify model data set, reducing over 

fitting, increase efficiency of classifier. In this paper we have 

analyzed various techniques for extraction of features and 

feature subset collection. The main objective behind this 

research was to find a better algorithm for extraction of 

features and feature subset collection with efficiency. 

Subsequently, several methods for the extraction and 

selection of features have been suggested to attain the highest 

relevance. 
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I. INTRODUCTION 

The process of selecting features is also known as, “Variable 

Subset Selection” or “Attribute Selection”. Feature Selection 

helps to minimize number of attributes from given dataset and 

also to simplify the model interpretation.  It is a technique 

used in context where there are many features and data points 

are contained by dataset. It returns the subset of features. In 

the study of Supervised and unsupervised learning high 

dimensional data is significant problem. Hence the data 

dimensionality is decreased by keeping the feature set of the 

data as low as possible, which also decreases the training time 

and enhances the accuracy of the dataset. Feature extraction 

and feature selection are two different methods used to reduce 

the dimensionality. 

To work with large data set and identification of the 

relevant features among the multiple attribute has become 

one of the critical tasks in the field of data mining. With the 

advancements in technology, researchers have developed 

many algorithms to overpower the previous 

algorithms/techniques.  

This process of selecting features also helps to 

minimize number of attributes from given dataset and also to 

simplify the model interpretation.  It is a technique used in 

context where there are many features and data points are 

contained by dataset.  

The basic aim of feature selection is: [2,3] 

1) To minimize generalization error and create best smallest 

subset of k-features. 

2)  To improve generalization performance as compared to 

the whole model built without specific feature set. 

3) Create a smaller, simpler dataset for better understanding 

of the entire filtered data generation. 

Feature selection strategy is nothing but a pre-

processing step or it can be used in conjunction with machine 

learning algorithms used for classification and regression 

purpose. Feature selection is mainly classified in to 3 

categories: 

Wrappers [4] are Wrappers uses induction learning 

algorithm and follows the black box for feature selection 

mechanism. Since the process of estimation of the 2N subsets 

proves beneficial for solving the problems like NP Hard, the 

establishment of the sub-optimal subset is carried out. This is 

done by retaining the search algorithms discovering the 

subset. This mechanism achieves better generalization but 

computation cost is very high if dataset is large. 

Embedded[5] method uses machine learning 

techniques such as bound on leave-one-out error of Support 

Vector Machine-SVM[6] helps to extract information about 

specific class structure. Using this method, selected features 

are dependent on machine learning. This method is slower 

than the filters method. 

Filter [7] method use uses variable ranking 

techniques. Ranking approaches are used due to their easiness 

and moral achievement is described for applied solicitations. 

This technique is completely independent of learning 

machine and data. This method is robust against over fitting 

but may get fail to extract appropriate feature subset for 

regression and classification problems.  

To evaluate feature subset or a single feature several 

criteria have been proposed. In the literature review we 

analyze these criteria. 

II. RELATED STRATEGIES 

According to Guyon et al. [24], 3 components are involved in 

the method of feature selection:  

 Method like relevance calculation for Evaluation 

criterion. 

 Estimation of Attribute Evaluation Criteria, e.g., 

MB for filter methods or sufficient feature selection  

 Search strategies required for generation of   feature 

subset. 

III. ENTROPY 

Entropy represents the probability of event occurrence. This 

measures the uncertainty of a variable with respect to the 

class. Joint entropy of 2 discrete variables x and y can be 

calculated as: 

H ({X, Y}) = ∑ ∑ P(xi, yj) ∗ log(
P(xi,yj)

p(xi)∗p(yj)
)

𝑛

𝑗=0

𝑛

𝑖=0

 

The range of joint entropy has values is: 

Max (H{x},H{y}) <= H{x,y} <= H{x}+H{y} 

Maximum value of inequality represents x and y are 

completely independent. 
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IV. FEATURE SELECTION 

Feature selection is about the relevance calculation among the 

feature subset attributes. This relevance can be calculated 

individually or together with other features to represent class 

C. In probabilistic framework, there are 3 types of relevance 

[ 8][9]. Irrelevant features do not provide any kind of 

information about class C and can be eliminated from set 

without losing information of class C. 

strong relevance represents unique information 

about class. These variables cannot be replaced by others. 

Weak relevance features do not play important role in 

classification. These features can be replaced by other 

features. This probabilistic framework requires testing of 

conditional independence of each feature with the help of 

probabilistic density functions [10]. This is quit time 

consuming approach. The other approach is mutual 

Information. 

V. MUTUAL INFORMATION 

Mutual information represents the amount of information 

about one variable to the other variable [11]. MI can be 

represented as: 

I(X, Y) = ∑ ∑ P(xi, yj) ∗ log(
P(xi,yj)

p(xi)∗p(yj)
)

n

j=0

n

i=0

 

MI is zero if then there is no dependency between x 

and y.. 

Conditional mutual information (CMI) [12] is the 

technique is used o reduce feature set F by applying some 

heuristic criteria used for MI feature selection. 

Joint mutual information Used to eliminate 

redundancy. This uses the principle of Minimum-redundancy 

and maximum-relevance (mRMR) i.e. maximum of 

minimum-feature selection criteria. 

Entropy and Mutual information are linearly related 

to each other. Following equation shows relation between 

two. 

I(x;y)   = H(x) - H(x|y) 

= H(y) – H(y|x) 

= H(x) + H(y) – h(x,y) 

Following venn diagram shows relationship 

between entropy and mutual information 

 

VI. SEARCH STRATEGIES 

Here we mainly analyze the search strategies appliedfor 

mutual information feature selection mechanism. Let m be 

the cardinality of feature set F and hence there are 2m possible 

subsets. For high dimensional data it is impractical solution.  

Search strategies can be classified in 2 sections [13]: 

optimal search and suboptimal search. Optimal search is 

based on monotonic properties used for feature selection. It 

involves exhaustive search. This technique tends to the 

impractical solution where large datasets need to process. In 

suboptimal search SBE- sequential backward search and 

SFS-sequential forward search techniques are used.  

Forward search follows bottom up approach [14]. It 

starts with empty set and adds one by one feature in upcoming 

iterations. The feature fi can be added to S if it maximizes I. 

S = S U {arg max (I{S,fi};c)} 

Where S = subset for selected features and fi is the 

candidate feature for evaluation and I is the mutual 

information evaluation score. 

Sequential backward elimination [15] criteria 

follows top down approach it considers S = F and tries to 

eliminate feature if I minimizes 

S = S \ {arg min (I{S\fi};c)} 

Backward strategy is more expensive than forward 

strategy. Battiti[8] represents greedy search strategy for 

unsupervised feature selection. This is iterative forward 

search using minimizing reconstruction error.  

VII. ACCURACY CALCULATION 

To evaluate accuracy [16] multiple techniques are used such 

as Leave-one-out cross-validation, 10 fold cross validation, 

Predicted residual sum of squares, r2. This evaluates the 

feature subset classification accuracy with the help of 

techniques such as: k-nearest neighbour, Support vector 

machine, Naive Bayesian, etc. 

VIII. DISCUSSION AND CONCLUSION 

We analyzed various techniques of identification of feature 

subset creation. We identified the problem area where there 

is need a solution over identification of redundant and 

irrelevant features. Overestimation is the problem that occurs 

while employing the methods such as cumulative summation, 

while identifying complete correlation with one or several 

previously selected features, forward search to approximate 

the solution. There is need to provide a system that provide 

mechanism for choosing the most relevant features in 

classification tasks. Appropriate relevance estimation method 

is required for feature selection. Efficient search strategy can 

improve the performance of the system.   To improve 

efficiency parallel computing is required for analysing high 

dimensional dataset and parallel identification of significance 

of candidate features.  
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