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Abstract: In this paper we cover some reference paper and compared different algorithm on the basis of their performance and selection of data set. 
Where the efficiency concerns on the time evaluation of features selection, and the effectiveness is related to the quality of the subset of features 
selection.  We analysis this report based on feature subset selection algorithm from the years of 1997 to 2013 and summaries the result of data.  
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I. INTRODUCTION 
The feature selection algorithm may be seen as the 
combination of a search technique and with an evaluation 
measure which scores the different feature subsets. The 
simplest algorithm is that algorithm to test each possible 
subset of features finding and minimizes the error rate. This is 
an exhaustive search of the space, and is computationally 
intractable for all but the smallest of feature sets. The choice 
of evaluation metric heavily influences the algorithm, and it is 
these evaluation metrics which distinguish between the three 
main categories of feature selection algorithms: wrappers, 
filters and embedded methods [1]. The criterion function 
guiding the search for the best features is usually some kind 
of separability measure between classes. It can be either 
classifier independent (i.e., filter approach) or classifier 
specific (i.e., wrapper approach or embedded method). 
Wrapper methods use as a predictive model for score feature 
subsets selection. The wrapper methods train by a new model 
for each subset, they are very computationally intensive, but 
this method provides the best performing feature subset for 
that particular type of model [6]. Filter approaches methods 
are use a proxy measure instead of the error rate to score a 
feature subset. The Filter methods are usually less 
computationally intensive than wrappers, but they produce a 
feature set which is not tuned to a specific type of predictive 
model. Many filters methods provide a feature ranking rather 
than an explicit of best feature subset selection, and the cut - 
off point in the ranking is chosen by cross-validation [7]. The 
Embedded methods are catch the all group of these 
techniques which perform feature selection as part of the 
model construction process.  In information, the most popular 
form of feature selection is stepwise failure. It is a insatiable 
algorithm that adds the best feature at each round. In 
machine learning, this is typically done by cross-validation. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

II. RELATED WORK 
Generally Feature subset selection can be viewed as the 
process of identifying and removing as many irrelevant and 
redundant features as well as possible. This is because firstly 
irrelevant features that do not contribute predictive accuracy, 
and secondly redundant features that do not redound to 
getting a better predictor for that they provide mostly 
information which is already present in other feature. 
Traditionally, the feature subset selection research has 
focused on searching for relevant features. A Relief method is 
example of this, which weighs each feature according to its 
ability to discriminate instances under different targets based 
on distance-based criteria function. However, Relief is 
ineffective at removing redundant features as two predictive 
but highly correlated features are likely both to be highly 
weighted. CFS and FCBF [20], are examples that take into 
consideration the redundant features. CFS is achieved by the 
hypothesis that a good feature subset is one that contains 
features highly correlated with the target, yet uncorrelated 
with each other. FCBF [20] is a fast filter method which can 
identify relevant features as well as redundancy among 
relevant features without pair wise correlation analysis. The 
FAST algorithm [19] employs the clustering-based method to 
choose features. Recently, hierarchical clustering has been 
adopted in word selection in the context of text classification. 
As distributional clustering of words are agglomerative in 
nature, and result in suboptimal word clusters and high 
computational cost. Dhillon et al. [23] proposed a new 
information-theoretic divisive algorithm for word clustering and 
applied it to text classification. Butterworth et al. [24] proposed 
to cluster features using a special metric of Barthelemy-
Montjardet distance, and then makes use of the dendrogram 
of the resulting cluster hierarchy to choose the most relevant 
attributes. Unfortunately, the cluster evaluation measure 
based on Barthelemy-Montjardet distance does not identify a 
feature subset that allows the classifiers to improve their 
original performance accuracy. Krier et al. [21] presented a 
methodology combining hierarchical constrained clustering of 
spectral variables and selection of clusters by mutual 
information. Their feature clustering method is similar to that 
of Van Dijck and Van Hulle [22] except that the former forces 
every cluster to contain consecutive features only. Both 
methods employed agglomerative hierarchical clustering to 
remove redundant features. Quite different from these 
hierarchical clustering-based algorithms and FAST algorithm 
uses minimum spanning tree-based method to cluster 
features. While, it does not assume that data points are 
grouped around centers or separated by a regular geometric 
curve. 
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III. FETURE SUBSET SELECTION ALGORITHM 
Feature subset selection is a long existing technique to deal 
with problems brought by too many features [1]. A feature 
subset selection method is usually made up of two parts: a 
feature subset generator and an evaluator. The two parts 
work together to find the feature subset which meets 
evaluation criteria best. Feature subset generator can also be 
seen as a search engine, which can be divided into three 
categories: exhaustive search engine, heuristic search engine 
and nondeterministic search engine [1]. These search 
engines search in the state space using different search 
strategies. According to supervised feature selection 
methods, feature selection can be defined as follows: 

Definition 1: (Supervised feature selection). Given a set of 

features F = {f1... fi… fn}, find a subset FF  that 

maximizes the ability of the learning algorithm to classify 

patterns. Formally, F should maximize some scoring 

function Θ, such that   FGF G  maxarg , where Γ is 

the space of all possible feature subsets of F. Throughout the 
([25, 26, 27, and 29]), feature subset selection approaches 
are categorized into three main groups: filter methods, 
wrapper methods and embedded approaches. Filter methods 
rely on general characteristics of the training data to estimate 
and select subsets of features without involving a learning 
algorithm. Contrary to that, wrapper approaches use a 
classification algorithm as a black box to assess the 
prediction accuracy of various subsets. The last group, 
embedded approaches, performs the feature selection 
process as an integral part of the machine learning algorithm. 
In the following, these three techniques are described in 
detail. The overview of these three approaches is given in 
Figure 1  

 
Figure 1.1: Basic feature (Filter) selection principles. 

 

 
Figure 1.2: Basic feature (Wrapper) selection principles. 

 

 
 

Figure 1.3: Basic (embedded) feature selection principles. 
 

(a) Filter Methods 
Filter methods are classifier agnostic, no-feedback, pre-
selection methods that are independent of the machine 
learning algorithm to be applied. Following the classification of 
[29] (which slightly differs from the classification in [25] and 
[26), filter methods can further be divided into univariate and 
multivariate techniques. Univariate filter models consider one 
feature at a time, while multivariate methods consider subsets 
of features together, aiming at incorporating feature 
dependencies. By Guyon and Elissee [26], univariate filter 
methods are referred to as single variable classifiers, and 
multivariate filter methods are grouped together with wrapper 
methods and embedded methods and referred to as variable 
subset selection methods. 
 
Univariate filter methods. These methods consider features 
separately and usually make use of some scoring function to 
assign weights to features individually and rank them based 
on their relevance to the target concept [27].In the literature, 
this procedure is commonly known as feature ranking or 
feature weighting. A feature will be selected if its weight or 
relevance is greater than some threshold value. 
 

Definition 2:  
(Feature ranking). Given a set of features F = {f1,.. fi,…. fn}, 
order the features by the value of some individual scoring 
function S(f). If S(fi) is greater than a threshold value t, feature 

fi is added to the new feature subset F  . Various univariate 
filter methods exist, such as the family of instance-based 
RelieF algorithms, or statistical approaches such as 
Pearson's correlation, linear regression or statistics. RelieF 
(recursive elimination of features) algorithms are able to 
detect conditional dependencies of features between 
instances. They evaluate the value of an attribute by 
repeatedly sampling an instance and considering the value of 
the given attribute for the nearest instance of the same and 
different class. Most Relief algorithms can operate on both 
discrete and continuous class data. A theoretical and 
empirical analysis of several ReliefF algorithms can be found 
in [30]. Besides instance-based and statistical approaches, 
there are several univariate filter methods that use information 
theoretic criteria for variable selection, such as information 
gain (also called Kullback-Leibler divergence) and gain ratio, 
both described in [31] and summarized brief in the following. 
 
Information gain. One option for ranking features of a given 
dataset according to how well they differentiate the classes of 
objects is to use their information gain (IG), which is also used 
to compute splitting criteria for some decision tree algorithms 
(C4.5 algorithm). Information gain is based on entropy, an 
information-theoretic measure of the “uncertainty” contained 
in a training set, due to more than one possible classification 
[31]. Given a discrete explanatory attribute x with respect to 
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the (also discrete) class (or target) attribute y, the uncertainty 
about the value of y is defined as the overall entropy 
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The conditional entropy of y given x is then defined as 
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The reduction in entropy (“uncertainty”) or the gain in 
information" of each attribute x is then computed as 
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Gain ratio. Information gain favors features which assume 
many different values. Since this property of a feature is not 
necessarily connected with the splitting information of a 
feature, features can also be ranked based on their 
information gain ratio (GR), which normalizes the information 
gain and is defined as 
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Although feature ranking may not be optimal, it may be 
preferable to other feature decrease methods because of its 
computational and numerical scalability. Feature ranking is 
computationally efficient, because it requires only the 
computation of scores and sorting the scores, and statistically 
robust, because it is known to avoid over fitting due to its low 
variance compared to multivariate feature selection methods. 
 
Multivariate filter methods.  Members of this second group 

of filter methods (also referred to as subset search evaluation) 
search through applicant feature subsets guided by a certain 
evaluation measure which captures the quality of each subset 
(not only the individual predictive power of single features). 
Contrary to wrapper methods, multivariate filter methods do 
not rely on a specific learning algorithm. Instead, consistency 
measures or correlation measures are often used to find a 
minimum number of features that are able to separate classes 
as good as the full set of features. An overview over several 
subset search evaluation methods can be found in [33]. 
Subset search evaluation can be defined as follows: 
 
Definition 3: (Subset search evaluation). Given a set of 

features F = {f1,.. fi,…. fn}, find a feature subset F   such that 

the classification accuracy based on the feature subset F   is 
maximized. The “best” subset search evaluation approach to 
find the optimal subset would be to try all possible feature 
subsets as input for the classification algorithm and choose 
that subset which leads to the best results (in terms of 
classification accuracy).Since the number of possible attribute 
subsets grows exponentially with the number of attributes this 
exhaustive search method is impractical for all but simple toy 
problems. To illustrate this, 'Figure 2' shows all 16 (24) 
possible feature subsets for a very simple four-feature 
problem. Generally, the size of the search space for n 
features is 2n. Hence, most multivariate filter methods as well 
as most wrapper methods use heuristic search methods to 

balance the quality of the subset and the cost of finding it. 
Famous examples of multivariate filter methods are 
correlation-based feature selection (CBFS) and its extension, 
fast CBFS [34]. Generally 
 

 
 

Figure 2: All 2n possible feature subsets for a simple four-
feature problem [25], \1" and \0" denotes the 

appearance/absence of a feature in a subset, respectively. 
 
From figure each node is connected to nodes that is it have 
one feature deleted or added. Speaking, the idea behind 
CBFS is that a feature is important and relevant to the class 
concept but it is not redundant to any of the other relevant 
features. Applied with correlation, the goodness of a feature is 
measured, i.e., it is measured whether a feature is highly 
correlated with the class but not highly correlated with any of 
the other features. In Fleuret's approach, conditional mutual 
information is used to catch dependencies among features. 
The author states that by selection features which maximize 
their mutual information with the class to predict conditional to 
any feature which is already picked. Compared to feature 
ranking methods, multivariate filter algorithms are able to 
identify and remove redundancies between features. 
Concerning the computational cost, since multivariate filter 
algorithms need to measure the quality of a possibly large 
number of candidate feature subsets instead of the quality of 
single features, they are less scalable and slower than 
univariate techniques ([26], [29]).However, they still have a 
better computational complexity than wrapper methods. 
 
(b) Wrapper Methods 
Wrapper methods [25] are feedback methods which 
incorporate the machine learning algorithm in the feature 
selection process, i.e., they rely on the performance of a 
specific classifier. Here, the classification algorithm is used as 
a black box [25]. Wrapper methods search through the space 
of feature subsets using a learning algorithm to guide the 
search. To search the space of different feature subsets, a 
search algorithm is “wrapped” around the classification model. 
In a search procedure the space of possible feature subsets 
is defined and  generated various subsets of features, and 
estimated classification accuracy of the learning algorithm for 
each feature subset. Generally, wrapper methods can be 
divided into two groups, deterministic and randomized 
methods. 
 
Deterministic wrapper methods. These methods search 
through the space of available feature either forwards or 
backwards. In the forward selection process, single attributes 
are added to an initially empty set of attributes. At each step, 
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variables that are not already in the model are tested for 
inclusion in the model and the most significant variables (e. 
g., the variable that increases the classification accuracy 
based on the feature subset the most) are added to the set of 
attributes. Li and Yang [28] have compared multiple 
classifiers with FS in recursive and non-recursive settings and 
showed that the ability of a classifier for penalizing redundant 
features and promoting independent features in the recursive 
process has a strong inuence on its success. 
 
Randomized (non-deterministic) wrapper methods. 
Compared to deterministic wrapper methods, randomized 
wrapper algorithms search the next feature subset partly at 
random (i.e., the current subset does not directly grow or 
shrink from any previous set following a deterministic rule). 
Single features or several features at once can be added, 
removed, or replaced from the previous feature set. Famous 
representatives of randomized wrapper methods are genetic 
algorithms, stochastic search methods which are inspired by 
evolutionary biology and use techniques encouraged from 
evolutionary processes such as mutation, crossover, selection 
and inheritance to select a feature subset. The interaction of 
wrapper methods with the classification algorithm often 
results in better classification accuracy of the selected 
subsets than the accuracy achieved with filter methods ([25, 
26, 29]). Nevertheless, the selected subsets are classifier 
dependent and have a high risk of over fitting (29). Like 
multivariate filter models, wrapper methods model feature 
dependencies, but are computationally more expensive. 
Furthermore, deterministic models are prone to getting stuck 
in a local optimum (greedy search). Compared to 
deterministic wrapper methods, randomized methods are less 
prone to getting stuck in a local optimum, but have a higher 
risk of over fitting [29]. While some studies report that non-
deterministic wrapper approaches are usually faster than 
deterministic approaches, the survey in [29] states that 
randomized algorithms are sometimes slower than 
deterministic algorithms. 
 
(c) Embedded Approaches 
Embedded approaches [35], sometimes also referred to as 
nested subset methods [26], act as an integral part of the 
machine learning algorithm itself. During the operation of the 
classification process, the algorithm itself decides which 
attributes to use and which to ignore. Just like wrapper 
methods, embedded approaches thus depend on a specific 
learning algorithm, but may be more efficient in several 
aspects. Since they avoid retraining of the classifier from 
scratch for every feature subset investigated, they are usually 
faster than wrapper methods. Moreover, they make better use 
of the available data by not needing to split the training data 
into a training and test/validation set. Decision trees are 
famous examples that use embedded feature selection by 
selecting the attribute that achieves the “best” split in terms of 
class distribution at each leave. This procedure is repeated 
recursively on the feature subsets until some stopping 
criterion is satisfied.  
 
(d) Comparison of Filter, Wrapper and Embedded 
Approaches 
Wrapper methods usually have the highest computational 
complexity, followed by embedded approaches. Multivariate 
filter methods are usually faster than embedded approaches 

and wrapper methods, but slower than univariate filter 
methods (feature ranking), which are often a good choice for 
datasets with a very large numbers of instances. Since 
wrapper and embedded approaches select the feature 
subsets based on a specific learning algorithm, they are more 
prone to over fitting than filter methods which are independent 
of the later applied classifier. Moreover, deterministic wrapper 
algorithms are also prone to getting stuck in local optima. On 
the other hand, wrapper and embedded methods have often 
proven to achieve very good classification accuracies for 
specific problems. Due to the wide variety of variables, data 
distributions, classifiers and objectives, there is no feature 
selection method that is universally better than others. A 
general comparison of filter and wrapper methods as well as 
embedded approaches is, for example, given in [29], where 
methods are compared in terms of classification performance, 
general and computational complexity, scalability, model 
independence, and behavior (are methods prone to getting 
stuck in local optima or have high risk of over fitting). 
 

IV. RESULT ANALYSIS  
The proportion of selected feature is the ratio of number of 
features selected by a feature selection algorithm to original 
number of features of a data set. According to definition 
authors taking some common five text ,five image and five 
microarray data set like as chess, coil 2000, elephant, colon 
and breast cancer.  Evaluate proportion of this data generally 
according to all literature algorithms achieve significant 
reduction of dimensionality by selecting only a small portion of 
the original features, figure:1 represent the algorithm vs. 
proportion of selected feature where 1(FAST) 2(FCBF) 
3(CFS) 4(RelifF) represent the algorithm of feature sub 
selection.  

 

 
 

Figure1: Feature subset algorithm vs proportion of selected 
feature 

 

 
 

Figure 2: Feature subset algorithm vs proportion of selected 
feature. 
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From the analysis the advantages of filter approaches to 
feature selection outweigh their disadvantages. Generally, 
filters execute times is faster than wrappers, so it better 
chance of scaling databases with a large number of features 
than other algorithm. Filters method do not require re-
execution for different learning algorithms [13] and it provide 
the same benefits for learning as wrappers method. But 
improvement of accuracy for a particular learning algorithm is 
required. 
 

V. CONCLUSION 
Feature Selection techniques are studies and classified and 
define the better response of feature subset selection which is 
the search algorithm. We observe selection bias in the 
context of classification based on the published algorithm in 
years 1997 to 2013. 
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