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Abstract :- Identifying a subset of the most useful features that produces compatible results as the original 

entire set of features is involved in feature selection. A feature selection algorithm can be evaluated from  

efficiency and effectiveness points of view. The effectiveness is concerned to the quality of the subset of 

features, the efficiency is related to  the time required to find a subset of features. Based on above criteria, a fast 

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

FAST algorithm works in four steps. In the  Step 1: The  irrelevant  features are  removed. Step 2: Features are 

divided into cluster that posses features with redundant features. Step 3: the selection of most representative 

feature that is closely related to the target classes. Step 4: Feature is selected from each cluster to form the 

features subset. Features present in different clusters are relatively independent. By analysing the data from a 

huge collection, the relevant data can be separated out using FAST algorithm. The FAST has a high probability 

of producing a subset of useful and independent features because of its clustering-based strategy. The efficient 

minimum-spanning tree (MST) clustering method is adopted to ensure the efficiency of FAST.  
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I. INTRODUCTION 

   Reducing dimensionality, increasing learning accuracy, removing irrelevant data and improving result 

comprehensibility can be effectively done by Feature subset selection [11], [14]. Feature selection is the process 

of selecting a subset of relevant features for use in model construction. When using a feature selection technique 

the central assumption is that the data contains many irrelevant or redundant features. Redundant features are 

those which provide no more information than the currently selected features and irrelevant features provide no 

useful information. Feature selection techniques are a subset of the more general field of feature extraction. 

Feature selection returns a subset of the features whereas Feature extraction creates new features from functions 

of the original features. Feature selection techniques are often used in domains where there are many features 

and comparatively few samples. For machine learning applications many feature subset selection methods have 

been proposed and studied. It can be further divided into four broad categories: the Embedded, Filter ,Wrapper 

and Hybrid approaches. The embedded methods are specific to learning algorithms which incorporate feature 

selection as a part of the training process, and therefore it may be more efficient than the other three 

categories[3].Examples of embedded approaches are Traditional machine learning algorithms like decision trees 

or artificial neural networks[12]. The filter methods has low computational complexity  but does not guaranteed 

about the accuracy of the learning algorithms and are independent of learning algorithms, with good generality, 

[17], [9].  The wrapper methods tends to over fit on small training sets and are computationally expensive  .The 

hybrid methods are a combination of wrapper and filter methods [4 [17], .It uses a filter method to reduce search 

space which  will be considered by the subsequent wrapper. The filter methods, is a good choice when the 

number of features is very large, hence we are using filter method in this paper. The general graph-theoretic 

clustering is simple this means  it  finds  a subset  of  the  edges  that  forms  a  tree  that  includes each vertex 

that minimizes the total weight of all the edges in the tree. If the graph is not connected then it finds a minimum 

spanning forest. 
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II. RELATED WORK 

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

This is because 1) irrelevant features do not contribute to the predictive accuracy [5], and 2) redundant features 

do not redound to getting a better predictor for that they provide mostly information which is already present in 

other feature(s). Many feature subset selection algorithms can effectively eliminate irrelevant features but fail to 

handle redundant features [2], [8], [6], [13], [16], yet  others can eliminate the irrelevant while taking care of the 

redundant features [4], [10], [18]. Traditionally feature subset selection focuses on searching for relevant 

features.  

Relief is a well known example[6], based on distance-based criteria function which weighs each feature 

according to its ability to discriminate instances under different targets.  At removing redundant features Relief 

is ineffective as two predictive but highly correlated features [7]. Relief is extended to Relief-F [8], enabling this 

method to work with noisy and incomplete data sets and also deals with multiclass problems but still cannot 

identify redundant features. However redundant features along with irrelevant features also affects the speed and 

accuracy of learning algorithms and thus should be eliminated as well [7],,.The redundant features are taken into 

consideration by CFS [4], FCBF [18], and CMIM [1]. A good feature subset is one that contains features highly 

correlated with the target but uncorrelated with each other is the hypothesis to achieve CFS [4]. Relevant 

features as well as redundancy among relevant features without pairwise correlation analysis can be identified 

by fast filter method which is FCBF([18], ).Features which maximize their mutual information are iteratively 

picked by CMIM to the response of any feature already picked.  

The FAST algorithm is different from these algorithms as it employs the clustering-based method to choose 

features. To cluster words into groups based on their participation in particular grammatical relations with other 

words distributional clustering has been used [15].A new information-theoretic divisive algorithm for word 

clustering has been proposed by Dhillon et al. and applied it to text classification. Cluster features using a 

special metric of Barthelemy-Montjardet distance was proposed by Butterworth et al.  and then to choose the 

most relevant attributes it makes use of the dendrogram of the resulting cluster hierarchy. Based on Barthelemy-

Montjardet distance the cluster evaluation measure does not identify a feature subset that allows the classifiers 

to improve their original performance accuracy. As compared with other feature selection methods, the obtained 

accuracy is lower. To select features on spectral data Hierarchical clustering  has been used. FAST algorithm 

uses minimum spanning tree-based method to cluster features. The proposed FAST does not limit to some 

specific types of data. 

III.  FEATURE SUBSET SELECTION ALGORITHM 

The accuracy of the learning machines are severely affected by Irrelevant features, along with 

redundant features. The irrelevant and redundant information must be removed as much as possible by feature 

subset selection. The new feature selection framework (shown in Fig. 1) is composed of the two connected 

components that is  irrelevant feature removal and redundant feature elimination. By eliminating irrelevant ones, 

and the latter removing redundant features from relevant ones via choosing representatives from different 

feature clusters, the former obtains features relevant to the target concept, and thus produces the final subset. 
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Fig.1.Framework For Proposed Feature Selection Algorithm 

IV. SYSTEM ARCHITECTURE 

Business data is collected explosively every minute through business transactions and stored in relational 

database systems. In order to provide insight about the business processes, data warehouse systems have been 

built to provide analytical reports that help business users to make decisions. 

 

Fig.2.System Architecture 
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This architecture takes  dataset as input and performs the subset selection process. The user must login with  

their  authenticated  user  id  and  Before the search operation is performed this Improved FAST performs the 

feature extraction process and eliminates the irrelevant and  redundant  information  from the  search  space.  

This  reduces  the  time  complexity  and  increases  the performance  of  the  search.  The  Improved  FAST  

eliminates  irrelevant  features  first  and  from  the  result  set  it removes the redundant features. The Improved 

FAST method accomplishes two tasks. During the first step the features are divided into clusters using graphical 

cluster methods removing the irrelevant features. In the second step, the most representative feature that is 

closely related to the target classes is selected from each cluster to form the features subset. The efficiency of 

the algorithm is improved using Minimum spanning tree clustering method. The Improved FAST algorithm is 

evaluated using various types of data like text data, micro-array data and image data to represent its performance 

This  system undergoes the following phases: 

4.1.Irrelevant Feature Removal 

This phase is concerned with the removal of irrelevant features that does not match with the target 

concept. The features are extracted as irrelevant using a match concept that reveals the relevance property 

between a feature and its target class. If there is no match between the values of the selected feature  f and the 

target class c, it is said to be irrelevant and thus removed from the set of features. If the relevance measure is 

beyond the threshold then that feature is selected. 

4.2 Clustering 

The Distributional clustering has been used to cluster words into groups based either on their 

participation in particular  grammatical  relations  with  other  words  or  on  the  distribution  of  class  labels  

associated  with  each word. As distributional clustering of words is agglomerative in nature, and result is 

suboptimal word clusters and  acquires  high  computational  cost.  A  new  information-theoretic  divisive  

algorithm  for  word  clustering  is proposed and applied it to text classification. The proposed algorithm is used 

to cluster features using a special metric of distance, and then makes use of the resulting cluster hierarchy to 

choose the most relevant attributes.  

4.3 Redundant Feature Removal 

The  next  phase  in  FAST  method  is  redundant  feature  removal.  After  removing  the  irrelevant  

features,  there occurs need to remove the  redundant features. If a feature is embedded with redundant 

information, then it may not contribute to the better prediction of target classes. Redundant features completely 

correlate with each other. So if F is a set of features then it is said to be redundant if it has Markov Blanket 

within F. Assuming this  as the redundant  feature  is  removed.  The  major  amount  of  work  for  FAST  

algorithm  involves  the  computation  of Symmetric Uncertainty (SU) values from which the T-Relevance and 

F-Correlation are calculated. This measure has linear complexity in terms of the number of instances in a given 

data set. The first part of the algorithm has a linear time complexity in terms of the number of features m. The 

Improved FAST algorithm strives to improve the  time  complexity  by  reducing  the  time  taken  to  calculate  

the  SU  values  thus  increasing  the  overall performance.  

4.4 Subset Selection 

Relevant  features  are  grouped  into  clusters  and  a  representative  of  each  cluster  is  retrieved  to  

get  a  required feature without redundancy. The Irrelevant features, along with redundant features, severely 

affect the accuracy of the learning machines. Thus, feature subset selection should be able to identify and 

remove as much of the irrelevant  and  redundant  information  as  possible.  Moreover,  good  feature  subsets  

selection  methods  must  be used  to  obtain  features  that  are  highly  correlated  with  the  class,  yet  
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uncorrelated  with  each  other.  A  novel method is proposed which can efficiently and effectively deal with 

both irrelevant and redundant features, and obtains a good feature subset. 

 

V. PROJECT WORKING 

To facilitate the mining performance and avoid scanning original database repeatedly, we use a 

compact tree structure, called UP-Tree to maintain the information of transactions and high utility item set.  

The required data is extracted from the dataset. The dataset is generated by using the online stock data. 

Clustering technique is one of the most important and basic tool for data mining. In this paper, we present a 

clustering  algorithm that is inspired by minimum spanning tree. The  algorithm comprises of two parts, the core 

and the main. Given  the minimum spanning tree over a data set, the core selects or  rejects the edges of the 

MST in process of forming the clusters,  depending on the threshold value of coefficient of variation. The  core 

is invoked repeatedly in the main algorithm until all the  clusters are fully formed. We present experimental 

results of this  algorithm on some synthetic data  sets as well as real world data  sets.   

Clustering, as an important tool to explore the  hidden structures of modern large databases, has been  

extensively studied and many algorithms have been  proposed in the literature. Because of the huge variety  of 

the problems and data distributions, different  techniques, such as hierarchical, partitional, and  density-  and 

model - based approaches, have been  developed and no techniques are completely  satisfactory for all the cases. 

For example, some classical algorithms rely on  either the idea of grouping the data points around some  

“centers” or the idea of separating the data points using  some regular geometric curves such as hyper planes.  

As a result, they generally do not work well when the  boundaries of the clusters are irregular. Sufficient  

empirical evidences have shown that a minimum spanning tree representation is quite invariant to the  detailed 

geometric changes in clusters’ boundaries. Therefore, the shape of a cluster has little impact on the performance 

of minimum spanning tree (MST)-based clustering algorithms, which allows us to  overcome many of the 

problems faced by the classical  clustering algorithms. This uses online real time data which will be actually 

taken from predefined interface.  

This system  uses a fast algorithm to separate the relevant data from irrelevant data and then display the 

extracted result set as per as the given requirements.  

 

VI. CONCLUSION 

Data mining is employed today by data analysts to direct their quality knowledge discovery.. In data 

mining, the data preparation is responsible for identifying quality data from the data provided by data pre-

processing systems. Indeed, data mining using fast algorithm is very important because: (1) real-world data is 

impure; (2) need of high quality data for high-performance mining systems; and (3)Data in a fixed format is 

provided by using quality features. Frequent itemsets in large depositories can be efficiently found out using our 

above process. We used the fast algorithm as the basis for our implementation in finding relevant data. We focus 

on identifying the relevant part, instead of suggesting solutions. Our algorithm provides high dimensionality and 

privacy along with  required data display. By developing our  less time consuming algorithm in data mining, we 

can effectively carry out data mining and can easily find out the generated pertinent results despite an entire 

extensive scan through the entire database. 
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