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Abstract
A fast clustering-based feature selection algorithm (FAST) is 
proposed and experimentally evaluated as it works in two steps. 
Initially, features are separated into clusters by using graph-theoretic 
clustering methods. Secondly, the supreme illustrative feature is 
intensely allied to target classes is selected from each cluster to 
form a subset of features. Features in various clusters are rather 
independent. To ensure the efficiency of FAST, we take on the 
efficient minimum-spanning tree (MST) clustering method. The 
efficacy and use of the FAST algorithm are evaluated through an 
empirical study. The consequences, on publicly existing real-world 
high-dimensional image, microarray, and text data, demonstrate 
that the FAST not only yields minor subsets of features but also 
progresses the performances of the four types of classifiers.
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I. Introduction
Feature selection contains classifying a subset of the most useful 
features that produces attuned results as the original set of features. 
Whereas the competence concerns the time required to find a 
subset of features, the effectiveness is associated to the quality 
of the subset of features. The main objective of selecting a subset 
of good features with respect to the target concepts, the feature 
subset choice is an effective way for plummeting dimensionality, 
removing inappropriate data, increasing learning accuracy. Several 
of the feature subset selection algorithms can effectively disregard 
unrelated features but fail to handle redundant features yet certain 
of others can eliminate the inapt while taking attention of the 
redundant features. Traditional mechanism knowledge algorithms 
like decision trees or artificial neural networks are illustrations 
of embedded approaches. There are a number of methods for 
developing clusters. One methodology is to form rules which 
dictate participation in the similar group based on the level of 
similarity between members. Alternative approach is to form set 
functions that measure certain property of partitions as functions 
of some parameter of the partition.   

Related Work
Usually, feature subset selection study has absorbed on searching 
for related features. Feature subset selection can be seen as the 
method of categorizing and eliminating as various inapt and 
redundant features as possible. As inapt features do not contribute 
to the predictive accuracy and redundant feature do not let to get 
a better predictor for that they provide mostly information which 
is already present in other features .Some of the feature subset 
selection algorithms eliminate irrelevant features but fail to handle 
redundant features yet some of others can eliminate the irrelevant 
while taking care of the redundant features.

Existing Method
The entrenched methods include feature selection as a part of 
the training process and are generally detailed to given learning 
algorithms and consequently may be more proficient than the 
other three categories. Traditional machine learning algorithms 
like decision trees or artificial neural networks are illustrations of 
embedded methods. The wrapper approaches use the projecting 
accuracy of a scheduled learning algorithm to define the goodness 
of the selected subsets, the accuracy of the learning algorithms is 
generally high. However, the generality of the selected features 
is restricted and the computational complexity is huge. The 
filter methods are independent of learning algorithms with good 
generality. The computational complexity is low but the accuracy 
of the learning algorithms is not certain. 

Disadvantages
The overview of the selected features is narrow and the computational 
complexity is huge. The computational complexity is little but the 
precision of the learning algorithms is not definite.

Proposed Method
Feature subset selection study has focused on searching for 
relevant features. A well-known pattern is Relief which considers 
each feature according to its skill to distinguish instances under 
different objectives established on distance-based criteria function. 
Though Relief is ineffective at removing redundant features as two 
predictive but extremely correlated features are probable both to 
be highly weighted. Relief-F extends Relief, aiding this method to 
work with loud and imperfect data sets and to deal with multiclass 
problems but still cannot identify redundant features.

Advantages
Good feature subsets contain features highly correlated with 
(predictive of) the class, yet uncorrelated with each other. The 
efficiently and effectively deal with both irrelevant and redundant 
features, and obtain a good feature subset.

Proposed Method Architecture

Fig. 1:
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Implementation Modules

User Module
Users are having substantiation and security to access the detail 
which is obtainable in the ontology system. Before accessing or 
searching the details user should have the account in that then 
they should register first.

Distributed Clustering
The Distributional clustering has been used to cluster words 
into groups based whichever on their participation in particular 
grammatical relations with other words on the distribution of 
class labels related with each word. As distributional clustering of 
words are agglomerative in nature and result in suboptimal word 
clusters and high computational cost proposed a new information 
theoretic acrimonious algorithm for word clustering and applied it 
to text classification. Unfortunately, the cluster estimation measure 
based on distance does not identify a feature subset that allows the 
classifiers to expand their original performance accuracy. Also, 
even compared with other feature selection methods, the acquired 
accuracy is lower.

Subset Selection Algorithm
Feature subset selection ought to be able to recognize and remove 
as much of the irrelevant and redundant information as possible. 
Furthermore, good feature subsets hold features highly correlated 
with (predictive of) the class yet uncorrelated with (not predictive 
of) each other. We progress a novel algorithm which can proficiently 
and successfully deal with both irrelevant and redundant features 
and attain a good feature subset.

Time Complexity
The main extent of work for Algorithm includes the calculation 
of values for relevance and correlation which has linear intricacy 
in terms of the amount 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. Assuming features are selected as relevant 
ones in the first part, when only one feature is selected.

Experimental Results

Fig. 2: Dataset Loading

Fig. 3: Dataset Conversion

Fig. 4: C. Entropy & Gain Values

Fig. 5: Correlation & Relevance

Conclusion
The algorithm includes eliminating irrelevant features, creating 
a least spanning tree from relative ones, and separating the MST 
and choosing illustrative features. In the proposed algorithm, a 
cluster contains of features. Each cluster is preserved as a single 
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feature and therefore dimensionality is extremely condensed. 
The text data from the four different features of the amount of 
selected features, run time, classification exactness of a given 
classifier. Clustering-based feature subset selection algorithm for 
high dimensional data. For the future work, we plan to explore 
different types of correlation measures, and study some formal 
properties of feature space. 
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