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Abstract: Feature selection involves identifying a
subset of the most useful features that produces
compatible resultsas the originalentire 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 the quality of the subset of
features. Based on these criteria, a fast clustering
algorithRST) and
proposed

based feature selection

Advanced Chameleon is and

experimentally evaluated in this paper.

FAST is TreeBased Algorithm and
Advanced Chameleon § GraphBased Algorithm.
Features in different clusters are relatively
independent; He clusteringbased strategy of
Chameleonhas a high probability of producing a
subset of useful and independent features. To ensure
the efficiency of FAST, we adopt theffieient
minimumspanning tree clustering method, for
Chameleon we adopt theiKNearest neighbor graph
clustering methodThe efficiency and effectiveness
of the FASTand Chameleoalgorithns are evaluated
through an empirical study. Extensive experiments
are carried out to compar@hameleonFAST and
several representative feature selection algorithms,
namely, FCBF, ReliefF, CFS, Consist, arOCUS
SF, with respect to four types of wé&hown
classifiers

Key Words: Index Terms Feature subset selection,
fiter method, feature clustering, graphsed
clustering, Tredbased Clustering.

. INTRODUCTION

Feature selection, also known as variable

selection, attribute selection or variable subset
selection, is the process of selectingsabset 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 théme 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 (or data points)

A feature selection algorithm can be seen as the
combination of a search technique for proposing new
feature subsets, along with an evaluation measure
which scores the different feature subsets. The
simplest algathm is to test each possible subset of
features finding the one which minimizes the error
rate. This is an exhaustive search of the space, and is
computationally intractable for all but the smallest of
feature sets. The choice of evaluation metriavilg

influences the algorithm.
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The majority of realvorld classification problems
require supervised learning where the underlying
class probabilities and clasenditional probabilities
are unknown, and each instance is associatedawith

classlabel. Inreatworld situations Therefore, many

candidate features are introduced to better represent

the domain. Unfortunately many of these are either
partially or completely irrelevant/redundant to the
target concept. A relevant feature is neither irrelevant
nor redundant to the target concept; an irrelevant

feature does not affect the target concept in any way,

and a redundant feature does not add anything new to

the target concept. In many applications, gtz of a
dataset is so large that learning might natrk as

well before removing these unwanted features

This helps in getting a better insight into the
underlying concept of a ra@-world classification

problem. Feature selectioomethods try to pick a

subset offeatures that are relevant to the target
concept.Feature selection is defined by many authors
by looking at it from various angles. But as expected,
many of those are similar in intuition and/or content.
So in this paper
algorithms  FAST andChameleon classdation

algorithms.

And following sections are?2. Existing system of
FAST algorithms 3. Proposed System of Chameleon
classification 4.Experment Results 5.Peformances

6.Conclusion

1. EXISTING SYSTEM

In this section we describe feature selection sub set
process generation recent application management

with specified result accumulatiorBased on the

we discuss about the feature subset

methtodology presented before, we vetop an
named FCBF(Fast

Filter). As in Figue, given a data set with

algorithm, CorrelatioBased

N features and a class, the algorithnfinds a sebf
predominant featureS bestfor the class concept. It
consists of two major parts. In tFiest part (line 2),

it calculates theSU value for each feature, selects
relevantfeatures intdS0 list based on the prefiaed
threshold+ , and orders them in descending order
accordingto their SU values. In the second part (line
8-20), it further processes the ordered I&0 list to
remove redundant features and only keeps
predominant oneamong all the selected relevant
features. According téleuristic 1, a featur&p that

has already been determined to be a predominant
feature can always be ustdfilter out other features
that are ranked lower thdfp and haveFp as oneof

its redundant peers. Thieration starts from the @rst
element (Heuristic 3) i® 0 list (line 8) and contiues

as follows. For all the raaining features (from the
one right next td- p to thelast one iSO list), if Fp
happens to be a redundamep to a featureFq Fq

will be removed fromSOlist (Heuris tic 2).

After one round of fileringfeatures based dfp, the
algorithm will take the currently remaining feature
right next toFp as the new reference (line 19) to
repeat the fiteringprocess. The algorithm stops until
there is no more feature to be removed f@dist.
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 fatures 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(s). Of the many feature subset selection

algorithms,some can effectively eliminate irrelevant
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features but fail to handle redundant features yet input to FAST algorithm for the purpose of the to
some of others can eliminate the irrelevant while  remove un relevant data and make decision for
taking care of the redundant features. Our proposed relevant data.

FAST algorithm falls into the second group.

width height engine-size fuelsystem stroke horse-power  peak-rpm price

Traditionally, feature subset selection research has 2 3 o i # o 0 150
664 543 136 mpfi 34 15 5500 17450

focused on searching for relevant features. A -well 3 5” ”“ o * m 0 180
n4 9.7 136 mfi 34 10 5500 1

. . . H na 5.7 136 mpfi 34 110 5500 18920

known example is Relief which weighs each feature o e m o u w0 a s
according to its ability to discriminate instances " " - T . e
. . 648 543 164 mpfi 319 12 4250 20970

under different targets based on distabhased ws i - ,ﬂ:ﬂ 0 m P s
. . . . . . . 69 557 164 mpfi 319 2 4250 24565
criteria function. Hwever, Relief is ineffective at o 57 » o 2 w 00 W
. . . 619 87 0 mpfi 33 1, 5400 41313
removing redundant features as two predictive but s 3 x g W m 0 3
. . . 625 541 110 1bbl 358 8% 5800 10295
highly correlated features are likely both to be highly 52 ) o g 3 il s 45
i i . i i 66 51 10 2bbl 358 100 5500 10345
weighted. Relief extends Relief, enabling this 5 T 5 o an s i 0
696 528 258 mpfi 417 176 4750 35550

method to work with noisy and incomplete data sets s s e g s ® & e

and to deal withmulticlass problems, but still cannot )
Figure 2.1: Car company dataset

identify redundant features.

Algorithm 1: FAST . PROPOSED APPROACH
inputs: I(Fy, F3, ..., Frp, C) - the given data set
# - the T-Relevance threshold. . .
output: 5 - selected feature subset . In this section we preseAdvancedCHAMELEON,
//====Part 1: Irrelevant Feature Removal ===
1 fori=1tomdo H i
2 | TRelevance = SU (F., ©) a new clustering algorithm that overcomes the
3 if T-Relevance = @ then S .. . . .
1 | s=s U LR} limitations of existing agglomerative hierarchical
/=== Part 2: Minimum Spanning Tree Construction —= clustering algorithms discussed in Section 3. Figure 6
5 G = NULL; //G isa complete graph
6 for each pair of features {F} F]} C 5 do i i
2 EComebation = SU (1, 7 provides an overview of the overalbproach used by
8 Add F! and/or !"J:-' to (@ with F-Correlation as the weight of . :
| the correspondiny edge; Advanced CHAMELEON to find the clusters in a
9 minSpanTree = Prim (G); //Using Prim Algorithm to generate the data

minimum spanning free
//====Fart 3: Tree Fartition and Representative Feature Selection ====
10 Forest = minSpanTree

11 for cach edge E; € Forest do. ey AdvancedCHAMELEON operates on a sparse graph
12 if SU(F], !J’ ) < SU(F!,C) A SU(F!, !J’ ) < SU(F},C) then

13 | Forest = Forest — Ei; in which nodes represent data itemsd aveighted

- foj;;m_ tree T,  Forest do edges represent siarities among the data items.

16 Ff = argmax s o, SU(FL.C) . .

o L S-su(Fi] This sparse graph representation of the data set
18 retum § allows Advanced CHAMELEON to scale to large

) _ ) - data sets andtoperate successfully on data sets that
Figure 2: FAST Clustering algorithm specification ) L
are available only in similarity space [GRG+99] and
with data set extraction. . )
not in metric spaces [GRG+99].Advanced

Dataset for FAST A|gorithm prepared from cars CHAMELEON finds the clusters in the data set by
company data prepare the data sets and the store the Using a two phase algorithm. During tfest phase,
previousdata by using this previous data to give the =~ CHAMELEON uses a grappartitioning algorithm to
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cluster the data items into a large number of
relatively small subclusters. During the second
phase, it uses an agglomerative hierarchical
clustering algorithm tdind the genuine clusters by

repeatedly combining together thessds-clusters.

The

hierarchical clustering algorithm is that it determines

key feature of
the pair ofmost similar sukclusters by taking into
account both the intezonnectivity as well as the
closeness of the clusterand thus ti overcomes the
limitations discussedhat result from using only one
of them. FurthermoreCHAMELEON uses a novel
approach to model the degree of intennectivity

and closeness between each parlosters that takes
into account the internal charadstics of the clusters
themselves. Thus, it does not depend @tatic user

supplied model, and can automatically adapt to the

internal characteristics of the clusters being merged.

In the rest of this section we provide details on how
to model the dataet, how to dynamically model the
similarity between the clusters by computing their
relative interconnectivity and relative closeness, how
graph partitioning isused to obtain the initial fine
grain clustering solution, and how the relative inter
connedlity and relative closenesare used to
repeatedly combine together the silibsters in a

hierarchical fashion.
Algorithm:

1void heapsort (array_of nos, int n)

2{

3 buildHp(array_of _nos,n);

4 shrinkHp(array_of_nos,n);

5}

6 void buildHp (array_of nos,n)

74

8loop the three steps bellow till all nodes are
checked,;

9chld =1 - 1;

CHAME /#39 ({Y"s

10prnt = (chld- 1) / 2;

11 make maximum of children as parents

12}

13void shinkhp(array_of nos,n)

14{

15 /Ihere each thread is assigned to a particular
parent node

16 prnt=0;

root ;

17 compare Ieftaa%dgrilgh? (Wﬂ?d rar?dtmlakve emaximum
as parent;

18 take the max heap from each thread thereby
getting each parent node ;

19i.e the nodes having riglaind left child ;

20 knowing the position of these set of nodes
constructothers;

21}

22levelorder()

23{

24 traverse heap in levelorder by dividing these
levels to threads;

25 connect only siblings to form a graph ;

26}
Parallel K - NN clustering with heap sorting
algorithm  Pseudo code of parallel merging

algorithms for final clusters
1RI T Relative inter connectivit2 RC
Relative Closenes8 U - user defined parametet b
T Rl x RC5th 71 threshold value to take merging
decision
6 n be number of clusters to be merge
7 Algorithm : 8
fori=0...n//iand j are used for clusters
a.for j=i+1 ... n I . Assign task to work poomerge
(i.j); i
End for // iteration
V. EXPERIMENTAL ANALAYSIS

The quality of data partitions generated by this
technique is assessed against those created by
different categorical data clustering algorithms and
cluster ensemble techniquddy knowing the result

we cannot estimates the performances of the
algorithm that why we apply the data sets on both
algorithm get the results and compares the algorithm
on the basis on time complexity and space

complexity.
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Figure 4.1:FAST Clustering algorithm results

Figure 4.2:FAST Clustering algorithm results remove
the un elevant data sets

Figure 4.3:Advanced CHAMELEON sHierarchical
model algorithm results

Figure  4.4:Time Taken for Advanced
CHAMELEON and FAST algorithms.

Figure  4.5:Space  Taken  for Advanced
CHAMELEON and FAST algorithms.
V.  CONCLUSION

We use the used dataset of car company data set by
the users who are mostly used the preferable choices
are users . and make it as a data sets and applied on
both FAST clustering algorithm an@HAMELEON
hierarchical model algorithm and both are used for to
remove the irrelevant data and make it as relevant
data usage preparing for the clustering data sets . in
this paper we are compare the performance by using
of time complexity the CHAMELEON algorithm

give the best results comparative FAST clustering
algorithm. And FAST Clustering algorithm give the
best results for spa@ecupatiorcomparative to the
CHAMELEON algorithm. Sofinally on the basis of
time complexityCHAMELEON algorithm advanced
algorithm for to remove irrelevant data sets and
proved by the results
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