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Abstract— processing applications with a large number of dimensions has been a challenge to the KDD 

(Knowledge Discovery and Data mining) community. An effective dimensionality reduction technique is an 

essential pre-processing method to remove noisy features. The proposed combined method for feature 

selection, where a filter based on correlation is applied on whole features set to find the relevant ones, and 

then, on these features a wrapper is applied in order to find the best features subset for a specified predictor. 
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I. INTRODUCTION 

  The feature extraction methods such as Principal Components Analysis, Karhunen-Loeve or Singular Value Decomposition 

transformation, Pattern Classification and pattern recognition are the earliest methods for reducing dimensionality for 

unsupervised learning. These methods do not reduce the number of the original features; instead they create principal 

components or extracted features from the original features. Numbers of methods for feature selection for clustering are 

proposed in the last several years most of which are ‘wrapper’ in approach. In clustering, a wrapper method uses a clustering 

algorithm to evaluate the candidate feature subsets. Wrapper methods can be categorized into global type and local type. The 

global type assumes a subset of features to be more important than others for the whole data while the local type assumes 

each cluster to have a subset of important features. Knowledge discovery and data mining, conceptual clustering and the 

proposed method in this paper are examples of global methods. The method described in evolutionary search uses for 

evaluation of subsets of features. In EM (Expectation–Maximization) and trace measure are used for evaluation. In 

hierarchical clustering and conceptual clustering features are ranked and selected for categorical data. Forward and backward 

search techniques are used to generate candidate subsets. These methods measure the category utility of the clusters by 

applying COBWEB Knowledge acquisition to evaluate each candidate subset. In document clustering authors proposed an 

objective function for choosing the feature subset and finding the optimal number of clusters for a document clustering 

problem using a Bayesian statistical estimation framework. Projected clustering, Automatic subspace clustering, Entropy-

based subspace clustering and Projected clustering are examples of local wrapper methods. These methods find subsets of 

features defining each cluster. ProClus first finds clusters using K-medoid Cluster Analysis considering all features and then 

finds the most important features for each cluster using Manhattan distance. The algorithm called CLIQUE in Automatic 

subspace clustering divides each dimension into a user given divisions. It starts with finding dense regions (or clusters) in 1-

dimensional data and works upward to find j-dimensional dense regions using candidate generation algorithm. In this paper 

we proposed a combined filter and wrapper method to evaluate feature subsets and choose the best subset for clustering by 

considering their effect on the underlying clusters. Earlier methods proposed for clustering were mostly wrapper methods 

which require some clustering algorithm and some invariant clustering criterion to evaluate feature subsets. A main 

drawback of this approach is the lack of unanimous agreement in evaluating the clusters. Furthermore, running a clustering 
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algorithm is very sensitive on some parameters such as the number of clusters or some equivalent of it. For real-world data 

this information is usually hard to obtain, making it unusable in most cases. But in contrast the proposed method largely 

depends on a parameter (range of intra-cluster distance) which is easier to set because the proposed method is quite 

insensitive to it.  

II. RELATED WORK 

Feature subset selection is the process of identifying and removing as many irrelevant and redundant features as possible 

because  irrelevant features do not contribute to the predictive accuracy, and redundant features do not redound to getting a 

better predictor for that they provide mostly information which is already present in other feature(s).FCBF is a fast filter 

method which can identify relevant features as well as redundancy among relevant features without pair wise correlation 

analysis. Of the many feature subset selection algorithms, some can effectively eliminate irrelevant features but fail to handle 

redundant features, yet some of others can eliminate the irrelevant while taking care of the redundant features. A FAST 

algorithm, which is using our combined filter and wrapper method, belongs to the second group. Traditionally, feature subset 

selection research has focused on searching for relevant features. A well known example is Relief, 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. Relief-F extends Relief, enabling this method to work with noisy and incomplete data sets and to deal 

with multi-class problems, but still cannot identify redundant features. However, along with irrelevant features, redundant 

features also affect the speed and accuracy of learning algorithms, and thus should be eliminated as well FCBF and CMIM 

are examples, which consider the redundant features. Different from these algorithms, our proposed combined method 

employs clustering based method to choose features. Recently, hierarchical clustering has been adopted in word selection in 

the context of text classification. Distributional clustering has been used to cluster words into groups based either on their 

participation in particular grammatical relations with other words by Pereira et al. or on the distribution of class labels 

associated with each word by Baker and McCallum . As distributional clustering of words are agglomerative in nature, and 

result in sub-optimal word clusters and high computational cost, Dhillon et al. proposed a new information-theoretic divisive 

algorithm for word clustering and applied it to text classification. Butterworth et al. 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. 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. Furthermore, even 

compared with other feature selection methods, the obtained accuracy is lower. Hierarchical clustering also used to select 

features on spectral data. Van Dijk and Van Hullefor proposed a hybrid filter/wrapper feature subset selection algorithm for 

regression. Krier et al. 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 Dijk and Van Hullefor 

except that the former forces every cluster to contain consecutive features only. Both methods employed agglomerative 

hierarchical clustering to remove redundant features.  

 

III. PRUPOSED APPROACH 

The high dimensionality of data can cause data overload, and if there are a lot of features, it is possible that the number of 

cases in data set to be insufficient for data mining operations. The solution for these problems is the reduction of data 

dimensions. The size of a data set is determined both by the number of cases and by the number of features considered for 

each case. In order to reduce number of cases one can use sampling or filtering. Feature reduction may be achieved either by 

feature composition or by feature selection. These methods should produce fewer features, so the algorithms can learn faster. 

Sometimes, even the accuracy of built models could be improved. Methods used for feature selection, can be classified as: 

filters, which are open loop methods, and wrappers, which are closed loop methods. 

a) FEATURE SELECTION PROCESS: 

The main purpose of Feature selection is to identify and to remove irrelevant and redundant features. It has the potential to 

be a fully automatic process, and brings some benefits for data mining, such as: an improves predictive accuracy, more 

compact and easily understood learned knowledge and reduces execution time for algorithms. Feature selection methods are 

divided in two broad categories, filter method and wrapper method, and within these categories algorithms can be further 

individualized by the nature of their evaluation function and by the means the space of feature subsets. Feature selection 

algorithms perform a search through the space of feature subsets, and must solve four problems which affects the search to 

select a point in the feature subsets space from which to start the search. A first choice, called forward selection, it begin 

with no features and successively add attributes. The second selection is backward selection, begins with all features and 

successively remove them, the heuristic search strategies not guaranteed in finding the optimal subset, such strategies can 

give good results, and are more feasible than exhaustive search strategies which are prohibitive just for a small initial 

number of features; - the most important factor which differentiate the feature selection algorithms is evaluation strategy. 

There are feature selections methods which operate independently any learning algorithm, based on general characteristics of 

the data to evaluate the irrelevant features are filtered before learning begins. An induction algorithm combined with a 

statistical re-sample technique is used in other methods to estimate the final accuracy of feature subsets. 

b) FILTERS VS. WRAPPERS: 

The simplest approach to feature selection is filter method, which is called as open loop feature selection methods. Based on 

class separability criteria, filters do not consider the effect of selected features on the performance of the whole process of 

knowledge discovery, as is presented in Figure 1(a). They usually provide a ranked list of features that are ordered according 

to a specific evaluation criterion such as: information content or statistical dependencies between features, accuracy and 

consistency of data. They also give information about the relevance of a feature compared with the relevance of other 

features, and do not tell to the analyst what is the desirable minimum set of the features.  
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Figure 1: Open loop feature selection method (a), and closed loop feature selection method (b) 

 

Wrappers, known also as closed loop feature selection methods take into account the feedback related to the performance of 

the selected set of features for the complete KDD process. They use the prediction performance as selection criteria, and 

evaluate the quality of selected features by comparing the performances for prediction algorithms applied on the reduced set 

of features and on the original one. Figure 1(b) presents a closed loop feature selection method.  

Regarding the final predictive accuracy of a learning algorithm, wrappers often give better results than filters, because 

feature selection is optimized for the specific learning algorithm used. But if the computational complexity and execution 

time are considered, wrappers are too expensive for large dimensional datasets, since each selected feature set must be 

evaluated with the predictive algorithm used. 

c) A COMBINED APPROACH FOR FEATURE SELECTION: 

Studying the two general feature selection methods we can conclude that, if improved performance for a specific learning 

algorithm is required, a filter can provide a reduced initial feature subset for a wrapper which contains only relevant features, 

as shown in Figure 2. This approach could produce shorter and faster search for the wrapper. 

 
Figure 2: A framework which combines feature relevance analysis with closed loop feature selection 

 

Since practice has demonstrated that irrelevant input features lead to great computational cost for data mining process and 

may cause over fitting, more feature selection researches focused on extraction of relevant features from the whole data set 

in order to apply data mining algorithms upon these data. But it is difficult to identify the feature is relevant or not? The 
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incremental concept formation stated that features are relevant if their values vary systematically with category membership. 

That means that a feature is relevant if it is correlated with the class. This is defined as follows: 

Definition 1. A feature Fi is relevant iff there exists fi and c for which p(Fi = fi) > 0 such that 

p(C = c|Fi = fi) 6= p(C = c) (1) 

Relevance is usually defined in terms of correlation or mutual information. In order to define mutual information for two 

features we start from the concept of entropy, as a measure of 

uncertainty of a random variable. For a variable X the entropy is defined as: 

E(X) = -∑p(xi)log2(p(xi)) (2) 

The entropy of a variable X after observing values of another variable Y is defined as: 

E(X|Y ) = -∑p(yi)∑p(xi, yi)log2(p(xi|yi)) (3) 

where p(xi) is the prior probability for all values of X, and p(xi|yi) is the posterior probabilities of X given the value of Y. 

The value by which the entropy of X decreases, estimates additional information about X provided by Y. It is called 

information gain and is calculated using the following expression: 

I(X, Y ) = E(X) − E(X|Y )                     (4) 

We take into account that for discrete random variable, the joint probability mass function is: 

p(xi|yj) = p(xi, yj)/p(yj)                           (5) 

and the marginal probability function, p( x) is: 

p(xi) = _p(xi, yj) = _p(xi|yj)p(yi)                      (6) 

where p(x,y) is joint probability distribution function of X and Y, and p(xi) and p(yj) are the marginal probability 

distribution functions of X and Y respectively. Finally, for two discrete random variables X and Y , information gain is 

formally defined as: 

I(X, Y ) =∑j∑ip(xi, yj)log(p(xi, yj)∕((p(xi)p(yj)))        (7) 

According to this expression, one says that a feature Y is more correlated to feature X than feature Z if: 

I(X, Y ) > I(Z, Y )                                         (8) 

It can be observed that information gain favors features with more values, so it should be normalized. In order to compensate 

its bias and to restrict its values to range [0,1] it is preferable to be used symmetrical uncertainty, defined as: 

SU(X, Y ) = 2 I(X, Y )∕(E(X) + E(Y ))        (9) 

A value of 1 for symmetrical uncertainty means that knowing the values of either feature completely predicts the value of the 

other whereas a value of 0 implies that X and Y are independent. Starting from these considerations, in the proposed 

framework, first a relevance analysis is made using the symmetrical uncertainty SU(Fi,C) between each feature Fi and the 

class C. Based on this analysis one removes the irrelevant features, and one obtains a features subset containing only the 

relevant features. Then, on this dataset one applies closed loop feature selection methods, using as search strategy both 

forward and backward selection, and using a decision tree as predictor, both for feature selection and for thse performance 

evaluation. 

 
Figure 3: WEKA knowledge flow for the proposed framework 
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Figure 4: Performances of classifier built on feature subsets obtained by proposed method 

 

 

 

IV. CONCLUSION 

As a possibility to reduce the number of feature considered by data mining algorithms, in order to make them more efficient, 

the combined method which uses a combination filter wrapper. The method used a correlation based filter on the whole set 

of features, then on relevant subset of features it used a wrapper which uses a decision tree classifier for prediction. The 

combined method achieved clearly superior performances for execution time, when we have used for feature selection the 

combined approach and backward selection as search strategy for wrapper. 
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