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Abstract- Dimensionality reduction is one of the
pre-processing phases required when large amount of data is
available. Feature selection and Feature Extraction are one of the
methods used to reduce the dimensionality. Till now these
methods were using separately so the resultant feature contains
original or transformed data. An efficient algorithm for Feature
Selection and Extraction using Feature Subset Techniquein High
Dimensional Data (FSEF ST) has been proposed in order to select
and extract the efficient features by using feature subset method
whereit will have both original and transformed data. Theresults
prove that the suggested method is better as compared with the
existing algorithm

Keywords : -Dimensionality reduction, Feature Extraction,
Feature Selection, Feature Subset, High Dimensional Data.

[. INTRODUCTION

Present data which is in digita form and storage
technology has contributed to the development of high
dimensional data. The dimensionality problem can be solved
by afeature selection approach which removesirrelevant and
redundant features [1]. The major challenges faced by the
researchers in high dimensional data are the selection of
subset feature and classification [2]. Methods like Filter,
wrapper and embedding are used to get more efficient and
informative features. Using the symmetrical uncertainty
method the predominant features can be predicted. The core
idea of a feature selection or extraction agorithms is to
eliminate the irrelevant features by selecting a subset of
original features.

Different algorithms for feature selection can be used,
they are classified into Supervised, Unsupervised and Semi
supervised algorithms [3]. In case of Supervised method
important features can be obtained by finding the correlation
with the class labels, unsupervised methods find the features
by exploiting data variance or by distribution. Whereas semi
supervised methods extract the features by considering the
trivial amount of label data as added information in order to
get the efficient features [4].
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The High dimensional data can be transformed into low
dimensional by Feature Extraction. Feature Extraction
methods are aso characterised into supervised and
unsupervised methods.

The familiar feature extraction methods are Principal
Component Anaysis (PCA) and Linear Discriminant
Analysis (LDA). The PCA and LDA methods will find
reduced setin original or converted but not both. An approach
is developed here where both origina and transformed
features can be obtained by considering the suitable threshold.

Motivation: The selection of subset of features from the
origina data by removing the data which are not relevant is
called feature selection. Feature selection can be done by
using supervised, unsupervised and semi-supervised
algorithms. Feature extraction is to convert the high
dimensional data to low dimensional data by linearly or
non-linearly. The most common linear abstraction methods
are Principal Component Analysis (PCA) and Linear
Discrimination Method (LDM).

Contribution: The reduced set which will be obtained is
from original or transformed features but not from both. The
proposed algorithms bridge the gap between these two. In the
proposed algorithms projection error is calculated by
considering two features and redundancy remova is aso
based on these features. In order to have the most efficient
calculation of projection error the previous and current
features can be used to get constant threshold. An algorithms
as proposed to select efficient number from two different
combinations of features.

Organization: The paper organization is as follows:
Related work is given in Section Il, Section Il gives the
proposed M ethodol ogy, Proposed algorithms are explained in
Section IV Performance Analysisand Conclusion aregivenin
Section V and V| respectively.

[I. RELATED WORK

Sreevani et a., [5] discuss about the popular approaches
for dimensionality reduction, they are feature selection and
feature extraction. They proposed a framework called
Minimum Projection error Minimum Redundancy (MPeMR)
to obtain original and converted features in the reduced set.
The proposed method is compared with advanced feature
selection and extraction methods. Results are compared with
supervised methods.

Smita Chormunge et al., [6] discuss about IFSA
(Information gain based Feature Selection Algorithm) to get
an ideal feature subset in less time and progress the
computational performance of learning algorithms.
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The above mentioned algorithm executes in two fold
first the filter method is executed on the dataset and second,
obtain minor feature subset by using the information gain
method. Abeer Alzubaidi et a., [7] introduced three phases
of feature filtering methods first phase removes noisy
features, second phase is feature selection which is based on
multivariate machine learning technique and the third method
retrieve the filtered features using Genetic agorithm.
Augusto Destrero et al., [8] introduced the benefits of
adopting aregularized approachwith L, or L; —L, penaltiesto
extract features in high dimensional data in two different
applications like microarray analysis in computational
biology and object detection in computer vision.

D. Asir Antony Gnana Singh et al., [8] emphasized on
how Machine learning can be used to build the learning
model to obtain efficient features in less time, which also
increases the accuracy in learning process. Priyanka Jindal et
al., [9] hasgiven the analysis of some present feature selection
and extraction techniques and has addressed the advantages
and challenges of these algorithms. Bharat Singh et al., [10]
applied the filter method to categorise the features based on
score and measured the performance by applying on four Data
Mining classification algorithms. The proposed method has
shown the improvement in precision of selected features.
Hoang Vu Nguyen et al., [11] introduced efficient feature
extraction method which improves the detection accuracy
when applied on two detection techniques.

Yue WU et a., [12] applied maxHeap based approach
instead of OFS (Online Feature Selection) to extract more
efficient features compared to existing batch learning
methods. Agnieszka Wosiak et al., [13] used SVMREF
(Support Vector Machine-Recursive Feature Elimination)
technique to classify both binary and multiclass dimensional
set for a specific application.

ZHAO Zhongwen et al., [14] employed PCA and SVM
to reduce dimension, classify the data and project the
classified data to two-dimensional features. Manikandan G et
al., [15] proposed a method to discover the optimal threshold
value and feature subsets are given to the classifier to obtain
maximum accuracy. Ding et al., [16] discuss about the novel
feature selection framework for generally minimizing the
feature redundancy to increase the ranking score for the given
feature, which can originate from any supervised or
unsupervised methods. W. Sheng et al., [17] proposed a
technique to refine feature selection and to obtain the cluster
centers prearranged in the chromosomes called local search
operations.

D. Cai etal., [18] discussed about unsupervised feature
selection to select those features which are having
multi-cluster structure where the data can be preserved by the
method called Multi-Cluster Feature Selection (MCFS). Z.
Xu et a., [19] proposed a nove discriminative semi
supervised feature selection method in order to maximize the
classification margin to differentiate between labelled and
unlabelled data. K. Benabdeslem et al., [20] describes about
two important processes to provide an effective selection of
semi-features in semi-supervised environment. P. Mitraet al .,
[21] introduced a method called maximum information
compression index, which describes how feature selection
and extraction can be improvised with an entropy measure.

Dash M et d., [22] recommended a filter technique that
is independent of any clustering algorithm. The method has
entropy calculation that islow if clusters are distinct and high
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clustersare not distinct. Song Q et al., [23] proposed a FAST
algorithm which makes use of the Minimum Spanning Tree
(MST) clustering means to find the efficient features.
Different clusters will have relatively independent Features
and FAST algorithm has a high possibility of generating a
subset of useful and independent features. R Kohavi et al.,
[24] discussed the problems faced by learning algorithms
while selecting the suitable subset features and explained how
to overcome these problems using wrapper method to search
for optimal feature subsets. JLiu et al., [25] discussed about
regularized regression model called L2 1-norm model for
combined feature selection from multiple tasks.

1. PROPOSED METHODOLOGY

A Proposed framework depends on non-projection error
to generate compound features and considers al origina
features as candidate features. Some of the definitions are
given below for the better understanding.

Definition 1. (Semi-feature). A grouping of suitable
subset of original featureis called semi-feature.

Definition 2: (Feature Set (FS)). The combination of
original and semi-features together is called Feature Set.

Definition 3: (Compound Feature Generation (CFG))
Generating the features among the selected original and
combination of features with orthogonality.

The normal procedure in any feature extraction involves
finding the eigen value and eigen vector by framing criterion
function. Highest eigenvectors comprise most of the
information. Least eigenvalue means the little information
aongside its resultant eigenvector.

Definition 4: (Error Ratio) Given asubset of features{v;,

Vo.o.... vy) and a special feature extracted method D. Let A4,
Aoeennnn. Ak be the resulting eigenvalues with A;> A,>.
A Since the smallest eigenvalue A, givesthe dataalong the kth
section, which is considered as the total number of error
presented while reducing the dimension fromk tok-1. As A is
arbitrary, still normalization can be done by sum of al
eigenvalus Ay + A,........ 7 A Thisratio is called Error Ratio
for the set of featuresv;........ vk, when dimension is reduced
from k to k-1. It is known that the efficiency of the learning
agorithm could be ruined when the features which are
considered comprise redundant to each other if they have
correlated values.

The Error Ratio is calculated for each separate pair of
existing features. If theerror for apair (v;, v;) isfewer than the
threshold T, whichisaready defined then extraction of semi
feature can be done. Then select the second feature set check
for the threshold T if the threshold of this pair is better than
the previous pair, the first pair to cross threshold will be best.
Store the threshold for next comparison al so store the index of
v; and v;. Calculate the eigen component for v; and v; which
will have the best pair. Now add the transformed feature into
the semi feature set. Then delete the original feature from the
respective set.

Now from the reduce function check for the reduced set
by considering the threshold T, if the reduced set is better
than the previous threshold then update prevthreshold.

Suggested technique primarily considers al features f,,
fp ... .. fp as candidate features, and two stages as to be
performed in each iteration.
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The stage one includes extraction of semi features and
stage second is for removing the redundant data. In stage one
, for each individual pair of available features, the measure of
classification Error check Ratio iscalculated, if the error for
apair of u; u;islessthan athreshold T, the extraction of the
semi feature is performed on u;, u,. The proposed algorithm
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is better than the existing algorithm by initializing
prevthreshold for every iteration to get best pair. When the
second pair is selected from the set check with the previous
threshold in order to get a better pair than the previous one.

V. PROPOSED ALGORITHM

Semi-feature

Original Compound

Original Feature | Search for feature Finding best ract ithout
— extraction withou
subsets based on ER Threshold i i
Stagel losing orthogonality
Stage 2 ) Check for Redundancy Search for redundant
< R-Feature selection by considering features

prev Threshold

The stages of finding the compound feature generation is
given in two stages which are shown in Figure. 1. The first
stage involves searching for features based on (Error Ratio)
ER then find the best threshold by considering the best pair to
from the given set of values. The semi feature extraction can
be done without losing the orthogonality. In the second stage
search for the redundant features by considering
prevthreshold and get the relevant features.

TABLE|. Notationsused in thealgorithm
Symbols Definitions
N Number of Original
Features
T, T2 Predefined Threshold
values
D Set of semi-features
ERij Error rate
O Original Feature set {f1, f2,
T

The Notationsused inagorithmaregivenin Tablel.
Table Il gives an algorithm to find the features and the best
Threshold. Initially the set D will be empty and the selected
semi-features are stored in D by considering the pair V; and V;
and if the considered pair threshold is less than T, then check
for the prevThreshold. If it islessthan PrevThreshold then the
pair which considered the best pair.

TABLE II. Algorithm to search for featuresbased on
(Error Ratio) ER and to get best Threshold

Begin
Step lifor each v (=vi)eouDgd
fRed (v, = ;)= T then
Red (v, =¥ ) >prevThes then
prevThrsshold « Fed (v, w)
o ¥

Step 9;5"::“E0ﬂ15u
O—0—-{"}

D+—D-{7}
FH(Dim=|0 o D|) fhen
flag —FALSE
flag+ TRUE
end il
end i’

Step 10: refurn C«— O U D
gnd
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TABLE I11. Algorithm for Adding transformed Features
to Semi-featur e set

Begin

Step 1: dk «— first eigen component v & v;
Step2: D«—DU {k}
Step3: k—k+1
Step 4. if v, v; € O then

O« O—{iw}

else if vi E O, v;ED then

O«—O—{1}
D+«—D-{j}
elseif wiED.viE O

then
O—O—4{]}
D«—D-{i}
end if
endif
end if
else

DeD- {iy}
foreachvi€E OU D do

prevThreshold « T2
end for

Fromthe algorithmgivenin Table 1l the transformed features
are converted into semi features and semi features are
extracted on v; and v; and stored in D and the prevThreshold is
considered for the next iteration.

TABLE V. Algorithm for Checking Redundancy
Begin
Step 1. Consider Set of semi-features D (Initially Empty).
Step 2. for apair (vi.y) wherevi eOu D
PrevThreshold=Ti
foreachy;(#:)eOuvDdo

if ERy; < T1 then

if ERyj < PrevThreshold
PrevThreshold < ERy;
Vi1
Vieij
end if’
end if’
end for
end for
end
Published By:

Blue Eyes Intelligence Engineering
& Sciences Publication



FSEFST:Feature Selection and Extraction using Feature Subset Techniquein High Dimensional Data

From the available features (v;,v;) , if the redundancy between
(vi,v;) amongst the pair is better than a threshold T, then
R-feature is calculated by using Ranking Criterion of both the
features. From the algorithm given in the Table IV one of the
weak features are rejected to get the reduced set.

V. PERFORMANCEANALYSIS

For the purpose of evaluation of performance of the
framework, three different datasets have been considered
whose details are givenin Table V.

TABLE V. Data Description

Dataset I nstances Attributes Classes
Abalone 4177 8 3
Ecoli 332 7 6
Pageblocks 5473 10 5

Here advanced feature selection and extraction approach

suchasMPEMR is considered. The two versions of proposed
algorithm is considered to obtain by passing two different
parameters. projection error inrder to check for classification
accuracy and redundancy algorithms. These algorithms takes
parameters (Non-projection error, redundancy, R-Feature) as
(LDA, RHO, RHO). These methods require two thresholds
which are glven in table as [(t111 t12)1 (tgl, tzg)] where ti1 is
projection error threshold and t;, is redundancy threshold.

In the proposed framework, the accuracy rate for the
classification has been considered as the evaluation metric.
The Table VI demonstrates the accuracy rates for the
classification of the KNN (K=1, 3and 5) and SVM classifiers
for the supervised dimensionality reduction agorithm by
considering 3 data sets. The performance of the suggested
method is compared for the classification and Redundancy
accuracy while making clusters. The types of classification
algorithms considered are 1) KNN (K = 1, 3, 5), and 2)
Linear SVM with the parameter ‘d’ set to 1 in all the tests,
are used to categorize data sets after dimensionality reduction.

TABLE VI. Ecoli Dataset for Classification Accuracy

The results in the Table VI give the comparison of existing
and the proposed methods for finding the classification
accuracy in order to maintain the orthogonality with the
reduced dimension d and with two threshold values T. The
comparisons are done with two types of classification
algorithms, i.e., knn (k=1, 3, 5) and Linear SVM. The KNN
classifier as it tries to find the nearest data points based on
their classification and the SVM is a learning algorithm that
analyses data for classification in supervised learning
methods. Knn classifier calculates the k nearest data points
and uses these datapoints to determine to which class
particular data point belongs. Figure 2 shows the comparison
with classification accuracy with KNN and SVM methods
which are having 80 to 85 percent with MPEMR methods,
whereas the proposed method is having 81 to 87 percent of
accuracy with classification in order to maintain the
orthogonality. The Ty, T1p, To1, Tz, Ta1, T2 Where Tig, Tio
are the threshold values for the i" method. For each data set,
the reduced dimensionality (d) is also provided. In al the
cases the FSEFST agorithm gives more accuracy as the
threshold is changing in every iteration in order to get the best

pair of features.

TABLE VII. Ecoli Dataset for Redundancy checking

EColi (d=5),T[ (0.1, 0.7), (0.15, 0.85)]
. Classification Accuracy
Algorithm
MPEMR FSEFST
KNN1 0.8089 0.8121
KNN3 0.8165 0.849
KNN5 0.8292 0.8553
SVM 0.8548 0.8727
Ecoli
. 09
8 0.85 - . w o gw EMPEMR
3 0.8 Lmao NN Classification
< Accuracy
g 0.75 -
= 5 OO & > FSEFSTACIassifi
é @\\ \géé ,gé\k S cation
E Classification AIgorithmAccuracV
(=]

Figure2. Classification Accuracy Comparison with Ecoli
Data set
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EColi (d=5),T[ (0.1, 0.7), (0.15, 0.85)]
Redundancy Accuracy
Algorithm
MPEMR FSEFST
KNN1 0.76688 0.7668
KNN3 0.78816 0.7881
KNN5 0.81429 0.8142
SVM 0.8244 0.8244
Ecoli
0.84
-
5 Obsé \“: = MPEMR
2 078 redundancy
5 0.76 Accuracy
w074
g o7 ™ FSEFST-
b redundancy
E KNN1 KNN3 KNN5 SVM Accuracy
© Classification Algoirthms

Figure 3. Redundancy Checking Comparison with Ecoli
Data set
In Table VII the Ecoli dataset is considered in checking the
redundancy by considering the reduced dimensionality d and
two thresholds T. The knn is the first choice for the
classification study when thereislittle or no prior knowledge
about the distribution of data. Figure 3 which shows the
comparison of the proposed agorithm is having the same
accuracy as that of the existing methods because for each
dataset thereisacombination of T, and T, which controlsthe
level of redundancy in this case the redundancy checking
remains same in some cases the smaller value of T,, the
reduced set contains no semi featuresto extract and check for
the redundancy.
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TABLE VIII. Pageblocks Dataset for Classification
Accuracy.

Pageblocks (d=6), T[(0.08, 0.95), (0.1, 0.75)]
Classification Accuracy
Algorithm
MPEMR FSEFST
KNN1 0.9632 0.964
KNN3 0.9674 0.9685
KNN5 0.966 0.9665
SVM 0.953 0.9523
Pageblocks
> 0.97
& ¥ MPEMR
§ 0.9 Classification
z 0.95 Accuracy
2 oo 3 FSEFST-
= KNN1 KNN3 KNN5 sym  Classification
@ . . Accuracy
T_J Classification Algorithms

Figure4. Classification Accuracy Comparison with

Pageblocks Data set
The Table VIII and Figure 4 give the comparison done by
considering the page blocks dataset in order to compare the
accuracy for error checking. The MPEMR method gives the
96.3 percent of accuracy for KNN1 to 96.6 percent for KNN3
whereas the proposed system is having accuracy with KNN1
and KNN3 is 96.4 percent to 96.6 percent, a smal
improvement in the error classification accuracy, whereas
with the SVM classification method the accuracy is same as
the the existing method as compare to other classifiers SVM
scalesrelatively well to high dimensional data. But chooseing
appropriate kernel  function is the challenging in case of
SVM.

TABLE I X. Pageblocks Dataset for Redundacy checking

Pageblocks (d=6), T[(0.08, 0.95), (0.1, 0.75)]
Redundancy Accuracy
Algorithm
MPEMR FSEFST

KNN1 0.9179 0.9645
KNN3 0.9198 0.9685
KNN5 0.9102 0.9671
SVM 0.8991 0.9514
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Pageblocks
> 1
g 0.95 B MPEMR
3 redundancy
i 0.9 Accuracy
=]
E 0.85 w FSEFST-
£ KNN1 KNN3 KNN5 SVM redundancy
7] e L ] Accuracy
‘_J Classification Algorithm

Figure 5. Redundancy Accuracy Comparison with
Pageblocks Data set

The Table IX explains about the comparison done by
considering the pageblocks dataset for checking the
redundancy. In case of SVM oncethe boundary is established,
most of the data is redundant. All it needs is a core set of
points which can help to identify and set the boundary. Knn
agorithm is based on feature similarity so it is more efficient
to find the redundancy in the given dataset. Figure 5 shows
that in al cases the proposed method as done much better
redundancy checking than the existing method as the existing
method is having 89 to 91 percent for amost for al the
methods whereas the proposed system is having 96 percent
for al the methods with redundancy checking. In MPEMR
method the features and removal of redundancy is based on
two features like (2,2), whereas in FSEFST method the
features are like combination of previous and the next pair of
sets (2,3). So FSEFST method is having better performance
compared to the existing method.

TABLE X. Abalone Dataset for Classification Accuracy

Abalone (d=2),T[ (0.01, 0.95), (0.001, 0.5)]
Classification Accuracy
Algorithm
MPEMR FSEFST
KNN1 0.4819 0.4462
KNN3 0.4967 0.4759
KNN5 0.519 0.4852
SVM 0.5353 0.5252
Abalone
0.55
g ~  mMPEMR
5 0.5 N - Classification
g 045 — 5 — Accuracy
§ 04 - = FSEFST-
T KNN1 KNN3 KNN5 SVM Classification
o
= Classification Algorithm Accuracy
w
[y}
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i‘gure 6. Classification Accuracy Comparison with
Abalone Data set

T
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In Table X the Abalone dataset is taken for c classification, 4
comparison, Figure 6 shows that the existing method is more
efficient than the proposed system for classification accuracy 5
as the knn prediction stage is slow and also sensitive to
irrelevant features and also with the increasing size of the
data set. 6.
TABLE XI. Abalone Dataset for Redundancy checking. 7.
Abalone (d=2),T[ (0.0, 0.95), (0.001, 0.5)]
8.
Redundancy Accuracy
Algorithm
MPEMR FSEFST o
KNN1 0.4632 04711 '
KNN3 0.4856 0.4932
KNN5 0.4938 0.5073 10.
SVM 0.5353 0.541
11.
Abalone
.. 055
8 12.
g os = MPEMR-
< Redundancy
_E 0.45 Accuracy 13.
& ~ FSEFST-
E 0.4 redundancy 14.
© KNN1 KNN3 KNN5 SVM Accuracy
Classification Algorithm e
Figure 7. Redundancy Accuracy Comparison with
Abalone Data set
) . 16.
The Table XI and Figure 7 show that the with the proposed
method for the redundancy check is having 1 percent of
improvement for al the methods. Where as in FSEFST
method the features are like combination of previous and the 17
next pair of sets (2,3). So FSEFST method is having better
performance compared to the existing method. 18.
VI. CONCLUSION
The Dimensionality reduction can be achieved by gettingthe 19
reduced set from the combination of both original and the
reduced set of the features. In order to get thereduced seta g
framework is proposed which generates the compound
features by having minimum projection error and minimum
redundancy. As the proposed approach gives the reduced set n
with the combination of both original and features in the '
condensed set, the results are compared with existing feature
selection and extraction methods. The proposed methods is 22
showing the improvement in finding the projection error and
redundancy check. 23,
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