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Abstract
Feature selection is a process of identifying a subset of potential 
features that can be used to produce useful results similar to the 
original feature set. The feature selection should be characterized  
and viewed viewed from the efficiency and effectiveness point 
of view. Efficiency is a matter of time needed to find a subset 
of features where as effectiveness deals with the quality of the 
subset of features. These two factors are studied using the  fast 
clustering-based feature selection algorithm (FAST). According 
to this algorithm the features are divided into clusters first and 
then the most representative feature that strongly relates to the 
target class is selected from each cluster to form a subset of 
features.  The FAST algorithm has the capability of generating a 
feature subset of potential features even though the features from 
different clusters are independent from each other. The efficiency 
and effectiveness of the FAST algorithm are evaluated through 
an empirical study. 
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I. Introduction
Information from large databases, is a powerful new technology 
with great potential to help companies focus on the most important 
information in their data warehouses. Data mining tools predict 
future trends and behaviors, allowing businesses to make proactive, 
knowledge-driven decisions. Data mining tasks are specified by 
its functionalities that tasks are classified into two forms:

Descriptive mining tasks: Portray the general properties of 1. 
the data.
Predictive mining tasks: Perform the implication on the 2. 
current data order to craft prediction.

II. Feature Selection
Feature selection is the process of selecting a subset of relevant 
features for use in model construction. The central assumption 
when using a feature selection technique is that the data contains 
many redundant or irrelevant features. Redundant features are those 
which provide no more information than the currently selected 
features, and irrelevant features provide no useful information 
in any context. Feature selection techniques are a subset of the 
more general field of feature extraction. Feature extraction creates 
new features from functions of the original features, whereas 
feature selection returns a subset of the features. Feature selection 
techniques are often used in domains where there are many features 
and comparatively few samples . Research on feature selection has 
been done for last several decades and is still in focus. Reviews and 
books on feature selection can be found in. Feature subset selection 
is an effectual way for dimensionality reduction, elimination of 
inappropriate data, rising learning accurateness, and recovering 
result unambiguousness. Numerous feature subset selection 
methods have been planned and considered for machine learning 
applications. They can be separated into four major categories such 
as: the Wrapper, Embedded, and Filter and Hybrid methods. In 

particular, we accept the minimum spanning tree based clustering 
algorithms, for the reason that they do not imagine that data points 
are clustered around centers or separated by means of a normal 
geometric curve and have been extensively used in tradition.

III. Existing System
The embedded methods incorporate feature selection as a part 
of the training process and are usually specific to given learning 
algorithms, and therefore may be more efficient than the other 
three categories. Traditional machine learning algorithms like 
decision trees or artificial neural networks are examples of 
embedded approaches. The wrapper methods use the predictive 
accuracy of a predetermined learning algorithm to determine the 
goodness of the selected subsets, the accuracy of the learning 
algorithms is usually high. However, the generality of the selected 
features is limited and the computational complexity is large. 
The filter methods are independent of learning algorithms, with 
good generality. Their computational complexity is low, but the 
accuracy of the learning algorithms is not guaranteed. 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. They mainly focus on combining filter 
and wrapper methods to achieve the best possible performance 
with a particular learning algorithm with similar time complexity 
of the filter methods.

Disadvantages
The generality of the selected features is    limited and the 1. 
computational complexity is large.
Their computational complexity is   low, but the accuracy of 2. 
the learning algorithms is not guaranteed.

IV. Proposed System
Feature subset selection can be viewed as the process of identifying 
and removing as many irrelevant and redundant features as 
possible. This is 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. 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. Our proposed FAST algorithm falls into 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 multiclass problems, but still cannot identify 
redundant features.
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Advantages:
Good feature subsets contain features highly correlated with 1. 
the class, yet uncorrelated with each other.
The efficiently and effectively deal with both irrelevant and 2. 
redundant features, and obtain a good feature subset.

V. Conclusion
This paper explains about the data mining functionalities and 
also about the feature subset selection. In this we have explained 
different methods proposed for feature subset selection. The 
proposed method is used to extract the features based on clustering. 
This also provides the implementation details of the proposed 
algorithm. The implementation details include the modules User 
Module, Distributed Clustering, Subset Selection Algorithm.
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