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Abstract- Feature selection involves recognizing a subset of the majority helpful features that produces attuned results as

the unique set of features. Feature selection algorithm can be evaluated from mutually efficiency and effectiveness points of
vision. FAST algorithm is

Proposed and then experimentally evaluated in this paper. FAST algorithm mechanism considering two steps. In the primary
step, features are separated into clusters by means of graph-theoretic clustering methods. In the subsequent step, the
majority delegate feature that is robustly connected to target classes is chosen from each cluster form a subset of features.
The Features in unusual clusters are relatively self-governing; the clustering-based approach of FAST has a elevated possibility
of producing a subset of useful features. in the direction of guarantee to the efficiency of FAST, we implement the efficient
minimum-spanning tree clustering technique. general experiments are approved to contrast FAST and some delegate feature
selection algorithms, namely, FCBF, ReliefF, CFS, Consist, and FOCUS-SF, by admiration to four types of famous classifiers,
specifically, the probability-based Naive Bayes, the tree-based C4.5, the instance-based IB1, and the rule-based RIPPER and
following feature selection.

Keywords-feature subset selection, graph-theoretic clustering , however a few of others can remove the immaterial while

feature selection; taking concern of the unnecessary features [8], [9],
[10],[11]. Our proposed FAST algorithm cascade into the
subsequent group.

. RELATED WORK usually feature subset selection study has been alert

on searching for important features. A famous example is

Feature subset selection can be viewed as the Relief [5], it weighs every feature according to its capability

method of identifying and removing a lot of unrelated and to classify instances under dissimilar targets based on the
unnecessary features as probable. This is the reason that: distance-based ~ criteria  purpose.  though ~ Relief is
(i) immaterial features do not give the predictive unsuccessful at removing unnecessary features as two
correctness  [1], and (ii) unnecessary features do not predictive but greatly correlated features are occurred and
redound to receiving a superior predictor for that they give both are highly weighted [12]. Relief-F [4] extends Relief,
main data which is previously there in additional this technique is enabling to work with noisy and incomplete
feature(s). data sets and it can deals with multi-class problems, but still

cannot recognize unnecessary features.
There are numerous feature subset selection

algorithms , a few can successfully remove immaterial though, along with immaterial  features,
features but not succeed to unnecessary features also change the speed and correctness
hold unnecessary features [2], [3], [4], [5], [6], [7], of learning algorithms, and thus could be eliminated as

well[12], [13], [3]. CFS [9], FCBF [11] and CMIM [14] are
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the examples that capture into concern the unnecessary
features. CFS [9] is achieved by the assumption that a good
feature subset is that contains features are greatly
correlated with the target, yet uncorrelated with each other.
FCBF ([11], [15]) is a fast filter technique which can
recognize important features as well as redundancy among
important features without pair off correlation analysis.
CMIM [14] iteratively picks features which makes most of
their common information with the class to predict,
conditionally

to the comeback of any feature that has already picked.
FAST algorithm is Different from these algorithms, FAST
algorithm employs clustering based technique to select the
features.

newly, hierarchical clustering has been adopted in
word collection in the context of text classification
(e.9.,[16],[17], and [18]). Distributional clustering is helpful
to cluster words into groups based on their involvement in
particular grammatical relations with additional words by
Pereira et al. [16] or on the sharing of class labels linked
with each word by BakeandMcCallum [17]. in natural
history distributional clustering of words are
Agglomerative , and result in sub-optimal word clusters and
elevated computational price, Dhillon et al. [18 Jproposed a
latest information-theoretic divisive algorithm for word
clustering and useful it to text classification .Butterworth et
al. [19] proposed to cluster features using a unique metric of
Barthelemy-Montjardet distance. and then makes use of the
dendrogram of the resulting cluster. in addition, the
obtained correctness is lesser when compared with other
feature selection methods.

our proposed FAST algorithm is different from
these hierarchical clustering based algorithms and it make
use of minimum spanning tree based technique to cluster
features .in the meantime, it does not suppose that data
points are grouped around centers or separated by a ordinary
geometric curve. our proposed FAST does not limit to
some exact types of data.

I INTRODUCTION

with respect to the target concepts, the aim of
selecting a subset of good features. for reducing
dimensionality and removing immaterial data  subset
selection is considering as an effective way .which can
increasing learning accuracy, and improving result
clarity[20],[21]. Feature selection algorithms can be divided
into four broad categories: they are Embedded, Wrapper,
Filter, and Hybrid approaches.

The embedded methods include feature selection as
a part of the training process. the examples of embedded
approaches are Traditional machine learning algorithms like
decision trees or artificial neural networks [22]. To
determine the goodness of the selected subsets the wrapper
method is used. the correctness of the learning algorithms is
usually high. However, the simplification of the selected
features is limited and the computational complexity is
elevated. The filter methods are self-governing of learning
algorithms, with good simplification. By combining filter
and wrapper methods the hybrid method occurred.

graph-theoretic methods have been considered in
cluster analysis and used in many applications. Their
outcomes gives the best agreement with human performance
[23]. The general graph-theoretic  clustering is
uncomplicated. Compute a neighborhood graph of instances,
then by deleting any edge in the graph that is shorter
(according to some criterion) than its neighbors. The
outcome can be in the form of a cluster. In this research, we
concern graph theoretic clustering methods to features. Here
assume the minimum spanning tree (MST) based on
clustering algorithms.

subset of features. By considering the MST
method, Fast clustering-bAsed feature Selection algoriThm
(FAST) is proposed. The FAST algorithm mechanism has
two steps. In the primary step, features are separated into
clusters with the help of graph-theoretic clustering methods.
In the subsequent step, the the majority representative
Feature that is powerfully related to target classes is
selected from every cluster to appearance the final subset of
features.

I WORKING OF ALGORITHM

Ty

Irrelevant feature

removal

v

Minimum spanning

tree construction

v

Tree partition &

representative feature

- e

Selected features

Fig: Framework of the proposed feature subset selection
algorithm

The proposed FAST algorithm sensibly consists
of three steps: (i) removing immaterial features, (ii)Ja MST
is constructed from relative ones, and (iii) the MST is
portioned and then selecting representative features.

A. First step:

the data set D with m features F= {1, 2, ..., Fm
} and class £, we compute the T-significance SUA/%Z ¢)
value for every feature /7 (1 </7<m).

B. Second step:
Here first calculate the F-Correlation S #'Z #77) value for

each pair of features /47 and /#7/ Then, seeing features /77
and /7/as vertices and S/ F)) the edge between
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vertices #'7and #7/, a weighted complete graph &= (V,£) is
constructed. And it is an undirected graph. The complete
graph reflects the correlations among the target-relevant
features. Thus the edges shown as minimum, using the well-
known Prims algorithm [24].

C. Third step:

Here unnecessary edges can be removed each tree
77 € Forest shows a cluster that is denoted as » (7)),
which is the vertex set of 7. for each cluster /(7). select a
representative feature #7# whose T-Relevance S F/A, C)
is the highest. All #Z7# (/= 1.../ Forest/ ) consist of the final
feature subset U//2.

IV. CONCLUSION

In this paper, a novel clustering-based feature
subset selection algorithm is presented for elevated
dimensional data. The algorithm includes (i) removing
immaterial features, (ii) constructing a minimum spanning
tree from comparative ones, and (iii) MST is partioned and
then choosing representative features. the cluster consists of
features . Each cluster is considering as a single feature and
thus dimensionality is reduced.

The performance of the proposed algorithm can be
compared with five famous feature selection algorithms
FCBF, ReliefF, CFS, Consist, and FOCUS-SF on the 35
openly accessible image ,microarray ,and text data from the
four different aspects of the section of selected features, the
proposed algorithm having the best proportion of selected
features, the best runtime, and the best classification
correctness for Naive Bayes,C4.5, and RIPPER.

With the FAST algorithm it is easy to originate the
rank of 1 for microarray data, the rank of 2 for text data, and
the rank of 3 for image data in terms of classification
correctness of
the four different types of classifiers
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