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Abstract 

 

Feature selection involves identifying a subset of the most useful features that produces compatible results 

as the original entire set of features. A feature selection algorithm may be evaluated from both the 

efficiency and effectiveness points of view. While the efficiency concerns the time required to find a subset 

of features, the effectiveness is related to the quality of the subset of features. Based on these criteria, a fast 

clustering-based feature selection algorithm, FAST, is proposed and experimentally evaluated in this paper. 

The FAST algorithm works in two steps. In the first step, features are divided into clusters by using graph-

theoretic clustering methods. In the second step, the most representative feature that is strongly related to 

target classes is selected from each cluster to form a subset of features. Features in different clusters are 

relatively independent; the clustering-based strategy of FAST has a high probability of producing a subset 

of useful and independent features. To ensure the efficiency of FAST, we adopt the efficient minimum-

spanning tree clustering method. The efficiency and effectiveness of the FAST algorithm are evaluated 

through an empirical study. Extensive experiments are carried out to compare FAST and several 

representative feature selection algorithms, namely, FCBF, Relief-F, CFS, Consist, and FOCUS-SF, with 

respect to four types of well-known classifiers, namely, the probability-based Naive Bayes, the tree-based 

C4.5, the instance-based IB1, and the rule-based  RIPPER before and after feature selection. The results, on 

35 publicly available real-world high dimensional image, microarray, and text data, demonstrate that FAST 
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not only produces smaller subsets of features but also improves the performances of the four types of 

classifiers.  

Index Terms: Feature subset selection, filter method, feature clustering, graph-based clustering 

1. Introduction 

The rapid development of Computer Science and Engineering technology the electronic data (or 

information) is increasing very large. It causes a major problem that is how to quickly selecting most useful 

information (or data) from very large amount of data in databases. To solve this problem we used the 

technologies like data mining and information retrieval systems. 

Feature Selection is the process of finding most useful information (or data or features) from the large 

amount of data that is stored in databases. The main goal of the feature selection is to improve the accuracy 

of the classification. The feature selection algorithms (or methods) become more popular in applications 

like datasets with thousands of features (or variables) are available. The datasets are includes text, bio 

microarray and image data. For high dimensional data feature selection algorithm improves both accuracy 

and classification of the very large data like thousands of features that consist of a large number of 

irrelevant features and redundant features. 

The main objective of feature selection algorithms involves identifying and removing as many as both 

irrelevant features and redundant features. Because of irrelevant features do not contribute the accuracy of 

the classification and in redundant feature the most of the information contain in one feature is already 

available in other features. 

The feature selection algorithms broadly categorized into four groups: they are filtered, wrapper, embedded 

and hybrid methods. The first approach (or method) is filter method and it uses statistical properties of the 

features to filter out irrelevant features and redundant features. This method is independent of learning 

methods (or algorithms) and computational complexity is very low and also the accuracy of learning 

algorithms is not guaranteed. The second method is wrapper methods, it provides the accuracy of learning 

methods (or algorithms) is high but computational complexity is very large. The third method is embedded 

methods; the examples of this method are artificial neural networks and decision tree. The fourth and final 

method is hybrid method, it is a combination of both filter and wrapper methods. It achieves best 

performance with learning algorithms (or methods) as well as time complexity is very low. 

The paper organized as in section 2 we briefly discussed about various feature subset selection algorithms, 

in section 3 we compare and analysis of feature selection algorithms and in section 4 conclusion has 

concluded as followed by references. 

 

2. Background 
 
The fast clustering-based feature selection algorithm (FAST) works in two steps. In the first step, features 

are divided into clusters by using graph-theoretic clustering methods. In the second step, the most 

representative feature that is strongly related to target classes is selected from each cluster to form a subset 
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of features. Features in different clusters are relatively independent; the clustering-based strategy of FAST 

has a high probability of producing a subset of useful and independent features. With respect to the filter 

feature selection methods, the application of cluster analysis has been demonstrated to be more effective 

than traditional feature selection algorithms. The general graph-theoretic clustering is simple: compute a 

neighborhood graph of instances, then delete any edge in the graph that is much longer/shorter (according 

to some criterion) than its neighbors. The result is a forest and each tree in the forest represents a cluster. 

We adopt the minimum spanning tree (MST)-based clustering algorithms, because they do not assume that 

data points are grouped around centers or separated by a regular geometric curve and have been widely 

used in practice. 

 

3 Methods 
 

3.1 Fast Clustering based Feature Subset Selection Algorithm (FAST):  
  

The fast clustering based feature subset selection algorithm (FAST) is involved in identifying and removing 

irrelevant features and redundant features of high dimensional data. The fast clustering based feature subset 

selection algorithm (FAST) works in two steps: (i) in the first step, the features are divided into clusters by 

using prims algorithms (that is graph-based clustering methods) and (ii) in a second step, the most 

representative features are selected from each cluster to form a most useful subset to improve the accuracy 

of classification. The fast clustering based feature subset selection algorithm (FAST) performs very well on 

text, micro array and image data. 

 

1 // ALGORITHM 1: FAST 

2 // inputs: D (F1, F2, …, Fn, C)- The Given Data set and �- the T-Relevance threshold. 

3 //output: S- Selected feature subset. 

4 //Module 1: Irrelevant Feature Removal 

5 for i=1 to m do 

6     T-Relevance=SU (Fi, C) 

7     if (T-Relevance>�) then 

8           S=S U {Fi}; 

9      end if 

10 end loop 

11 //Module2: Minimum Spanning Tree Construction 

12 G=NULL; //G is Complete Graph 

13 for each fair of features {Fi
’
, Fj’}  S do 

14        F-Correlation=SU (Fi
’
, Fj’) 

15        Add Fi and/or Fj to G with F-Correlation as the weight of the corresponding edge; 

16 end loop 
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17 minSpanTree=Prim(G); 

18 //Tree Partition and Representive Feature Selection 

19 for each edge Eij Forest do 

20      if SU(Fi,Fj) < SU(Fi,C) SU(Fi,Fj)<SU(Fj,C) then 

21                 Forest=Forest-Eij 

22      end if 

23 end loop 

24 S=null; 

25 for each tree Ti Forest do 

26       FR=argmaxFk SU(Fk,C) 

27       S=S U {FR} 

28 end loop 

29 eturn S 

 

4. Modules 

 

4.1 Removal of Irrelevant features 

 

An effective way for reducing dimensionality, removing irrelevant data, increasing learning accuracy, and 

improving result comprehensibility. Many feature subset selection methods have been proposed for 

machine learning applications. if we take a Dataset 'D' with m features F={F1,F2,..,Fn} and class C, 

automatically features are available with target relevant feature. The generality of the selected features is 

limited and the computational complexity is large. The hybrid methods are a combination of filter and 

wrapper methods by using a filter method to reduce search space that will be considered by the subsequent 

wrapper. 

 

4.2 T-Relevance, F-correlation calculation: 

    T-Relevance between a feature and the target concept C, the correlation F-Correlation between a pair of 

features, the feature redundancy F-Redundancy and the representative feature R-Feature of a feature cluster 

can be defined. According to the above definitions, feature subset selection can be the process that 

identifies and retains the strong T-Relevance features and selects R-Features from feature clusters. The 

behind heuristics are that  

1. Irrelevant features have no/weak correlation with target concept.  

2. Redundant features are assembled in a cluster and a representative feature can be taken out of the cluster. 
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4.3 MST construction: 

To ensure the efficiency of FAST, we adopt the efficient minimum-spanning tree (MST) clustering method. 

The efficiency and effectiveness of the FAST algorithm are evaluated through an empirical study. 

Extensive experiments are carried out to compare FAST and several representative feature selection 

algorithms. We construct a Minimal spanning tree with weights. a MST, which connects all vertices such 

that the sum of the weights of the edges is the minimum, using the well-known Prim algorithm. 

 

4.4 Relevant feature calculation: 

After tree partition unnecessary edges are removed. each deletion results in two disconnected 

trees(T1,T2).After removing all the unnecessary edges, a forest is obtained. Each tree represents a cluster. 

Finally it comprises for final feature subset then calculate the accurate/relevant feature 

 

 

5. Conclusion 

 

In this paper discuss about implementation of FAST Algorithm and using FAST Algorithm how to retrieve 

relevant information from high dimensional dataset within short time. Follow steps in FAST Algorithm get 

exact accurate information from high dimensional data in dataset. Finally experimental results shows FAST 

Algorithm is best feature selection algorithm to retrieve information within seconds then compared to 

existing algorithms like CFS, Relief, FAST Algorithm is best efficient and reliable algorithm 
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