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Abstract: Problem statement: The aim of feature selection is to select a feasetahat is relevant for

a given application. Feature selection is compleck @mains an important issue in many domains. In
the field of neural networks, feature selection haen used in many applications and their methods
have been employed. In this study we present nenetlvork approaches to feature selection.
Approach: In this study a reduction algorithm of the featuwestor dimension was described by
eliminating its selected components on the bas@snalyzing the results of teaching a neuron, which
has a linear activation function of the type. le firesented algorithm, the value of the mean square
error, which appears after the reduction, is tlierion, on the basis of which the components ef th
eliminated vector were selected. The algorithmased on the analysis of the classifier of balances
vector.Results: The results of calculations obtained when analy#iegdata describing an example-task
of medical diagnosis were presented as an illisiraResults from the experiment indicate that the
elimination of components of features vector ushegReduction algorithm did not cause the incredse
the value of mean squaK@onclusion: Our study showed that, results provide experimentalences on
the effectiveness of the proposed approach foufeatelection in the bioinformatics applications.
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INTRODUCTION that, an algorithm which would make it possible to
perform such analysis, is needed.

Selecting features in the tasks of objects Many algorithms exist now, which can be used to
recognition is a well known operation and the ue osolve this problem. We can at least mention théofac
which can be differently justified. It is obvioubat analysis and regression analysis. Having a selesed
each object is described by a wide set of parameterof features, we can start projecting a suitable
which do not all have to be used in order to achigne recognition algorithm, which will take decision tiis
classification with a satisfactory result. Partsh@dm is  basis. Usually, the acquaintance of all elementthef
described at the beginning and are not taken intéeatures vector is indispensable for the properkvadr
consideration. There could be many reasons, becausiee classifier and introducing incomplete data will
they differentiate the objects in an insignificardy, or  cause considerable distortion of the response,llysua
because their measurement is too complicated afisqualifying such result. An attempt of taking the
expensive, or because they obtained measuringisesuldecision, having incomplete data, forces to repleat
are burdened with too large noise, or finally beeathe  construction of the classifier. Therefore, it seems
time, during which data could be obtained exceéds t interesting to work out an algorithm, which would
time, which is assigned for taking the decisionKi€e indicate features that could be neglected whemtgki
et al., 2010). The question about the criterion, whichdecision, without deteriorating the recognition lifya
should be used when selecting the set of featwsed u (or with a slight, acceptable deterioration) withdlie
to analyse the given task, remains an essentiagtigne  necessity to repeat the teaching process.

The base for the initial selection of featureis
course the intuitive selecting of features, perfednby  Background: The main idea of feature selection is the
the expert who knows the problem. In the selectegrocess of choosing a subset of input variables or
collection it is still possible to indicate more tass features relevant to the bioinformatics applicagiom
essential parameters (Kheiral., 2009). However, to do the feature selection process, a decision critasarsed
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to eliminating irrelevant or redundant featuresnar  vector of linear neuron, which is taught on theibata
predictive information (Romero and Sopena, 2008)teaching series that can be presented as follow4:Eq
Saeyset al. (2007) give a review of feature selection

techniques in bioinformatics. There are many Sy ={(X1,2,),(X2,25),, (%2 3 )] 1)
contributions of feature selection research in faode D w2 T i

well-known bioinformatics applications (Yang al., Where, x = [xX7, X o X7 is the i-vector of
2010; Ahmeckt al., 2011). measured parameters (features vector of r dimension

Recently, there has been a great deal of intarest from the collection of standards consisting of N
the use of Multilayer Perceptron, Radial Basis Fionc ~ €lements, while izis the corresponding classification
and Support Vector Machine as classifiers in patter result given by the expert.
recognition problems and in the feature selection  To illustrate this, we consider a case of recagnit
methodology (Saey al., 2007). with two classes (the dichotomy task), in which the

Multilayer Perceptrons (MLPs) (Abdullagt al.,  decision algorithm would be as follows Eq. 2:

2010; Amaroelet al., 2010) are supervised networks so
they require a desired response to be trained. EHaey
how to transform input data into a desired resposse
they are widely used for pattern classificationey fare
feed forward neural networks trained with the sémdd where, y(x) is the response of linear neuron
backpropagation algorithm they have been shown te@escribed as Eq. 3:

approximate the performance of optimal statistical

classifiers in difficult problems.

1 where y(x)> 0,5

) : ()
where y(xk 0,t

Y(x) :{

=N Oy
Radial Basis Function (RBF) (Ajeel, 2010) Y(X)_;W X (3
networks have a static Gaussian function as the
nonlinearity for the hidden layer processing eletsien In the above equation(%N is the t-component of

The Gaussian function responds only to a smalbregf  palances vector. The balances vector is equal @o th
the input space where the Gaussian is centred. Theatures vector. The values of each of its comptsnen
advantage of the radial basis function networkha it  gre selected during the teaching process, whichbwil
finds the input to output map using local approxiores. ignored here.

The final learning linear algorithms proposed in |f at the entrance of the classifier we give auess
recent years is the Support Vector Machine (Gomathjector belonging to the teaching series (or théings
and Thangaraj, 2010; Bharathi and Natarajan, 2011pne), knowing the correct response we will be able

The main advantage of the Support Vector Machingind the value of the error done during the preston
(SVM) is that its training is performed through the (of the i-standard) Eq. 4:

solution of a linearly constrained convex quadratic
programming problem. Therefore, an efficient

| ) . sy =7 N WO
algorithm can find an approximate solution in atén O =% ~¥% =3 ;Wt X' (4)
number of steps.

In the following part a features selection aldumit Repeating this process for all images in the

is presented and is based on the analysis of taedes  teaching series, we will obtain the value of meguese
vector of linear neuron. The basic assumption istmo error, which is widely used as a criterion to estienthe
deteriorate the quality of the classifier work hs®  quality of the classifier action Eq. 5:

such a neuron, measured by the value of mean square

The examined problem does not refer to the & = X1, N1 5

construction method of the recognition algorithro, s Q';Qi _;j" _25(4 —Y) ©)

the aspects of teaching the linear neuron will be

neglected while presenting the algorithm. The actid While constructing a selection algorithm which

such classifier in the conditions of incompletewould indicate features that can be eliminated ftben

collection of features is substantial. features vector without deteriorating the recogniti

quality, it is interesting how the value of thigarwill

MATERIALSAND METHODS change. While calculating this value let us asstim¢

the elimination of k-component of the features wvect
In order to explain the used symbols, let usmeans replacing it with zero (x(k)=0). Having
introduce the following assumption. The featuressuchassumption, the previous equation can be
selection algorithm is based on analysis of thatzds presented as follows Eq. 6-8:
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YO (x) = Y WO )
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Q=34 =358 =3 (24" ®)

Taking measurement data

X'T

X = [x“).xm\....

l

Selection of the feature
index for elimination k

Yes

]

Select

another k?

In the above equations, the variable on top of
which (-k) appeared, stands for the value of this

variable at x(k) =0. As it was indicated in the
introduction, to achieve elimination of a selected
feature from the features vector, it is importdrattthe

value of the error (5) doesn’t arise by more than a

selected quantity Eq. 9:

Q™ -Q=a ©)

Yes

Eliminate x® from the
features vector

l

Classify object on basis of x

where,a is the acceptable increase of the mean squarlf_elg 1: The proposed algorithm-reduction algorithm

error.

While solving the above inequality let us assume

thata = 0 and substitute Eq. 10:

( k)(x) ZW(I)X(I) —ZW(I)X(I) —wkx®
t=1

(10)

t?k

=y() ~w!x®

After putting and simple transformations we obtain
Eq. 11:

W(k)[

The following should be fulfiled so that the
inequality would be genuine Eg. 12:

N

w Z(xfk) +2‘Zx(k

=1

(11)

N
2515
i=1
N
(Xi(k))z
2
N
where ) 95> C
i=1
N
2%
NI:l (k) 2’
()
~

N
where > §95< C

i=1

0,

w0 0w, w® | = (12)
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We will treat the genuineness of (12) as a coteri
for the possibility of elimination of k-feature frothe
features vector during classification. Figure 1lspréds
the proposed procedure algorithm.

Taking measurement data:

x']T

Selection of the feature index for elimination k
eliminate ¥ from the features vector:

X

=[x®,x@,...

w0 [w(k), W(k)i|

Classify object on basis ofselect another k?
RESULTS

In the network architectures (Fig. 2) we have used
multi-layered neuron, delta rule, momentum facter
0.9, sigmoid function, learning ratd =0.5 for hidden
layer,n2 = 0.37 for input layer. The back-propagation
network used three layers: the input layer with 28
neuron, the output layer with 1 neuron (1 means
patient, 0 means healthy) and the hidden layer &#th
neurons.

The classification was achieved based on
cardiological tests such as: pulse frequency, blood
pressure, the height of ST- deflection in ECG. Simgm
up, the features vector had 28 components in total.
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Table 1: Mean square error for reduction algoriffttimination of 5 Table 2: A Comparison between the three methodgreRsion analysis,

features) Number of parameters in the factor analysis and our algorithm (Reduction atbaor)
The value of Number of
Features vector mean square error Methods eliminated parameters
28 15.63 Regression analysis 14
23 10.90 Factor analysis 7
Reduction algorithm 5
Input layer Hidden layer Outputlayer

n () After learning the linear neuron on the three
methods, the best results were achieved through the

\&Qé presented algorithm.
13 .4‘:\:{\,“,',,
s .i‘?“x"‘?”?,— CONCLUSION

In this study, we summarized our recent work in
comparing different methods and our reduction
. 7\ algorithm for feature elimination. A multi-layer €d
s (O N7 forward ANN is employed to perform this task, using
e .:fii;v;\\ the same training and_ testing sets for all thee(ﬁ[r_ﬁt

,/i‘ﬁ methods, the regression analysis, factor analysés a
7 reduction algorithm.

ns (O) H1 The reduction algorithm easily achieves high
accuracy, regardless of whether all features or
Fig. 2: Multi-layered neuron network architectures parameters are used, only the important features fo

each case are used. Based on the experiment the
Tests results of 95 patients were collected, @n threduction algorithm can be seen as the best mefk®d.
basis of which a teaching series was created, bghwh e can see in Table 2, eliminating the parametsirsgu
teaching of the linear neuron was preceded. Far-a Sthe reduction algorithm didn't have any effects thet
prepared classifier, recognition was made using@®j parameters that were eliminated in factor analgsis
from the teaching series and the value of meanrequayegression analysis had an effect on detainingitease.

Was:fetlclecrl\jxllztr?ji the features selection for elimination The experiment results show that training time
' gnd running time of the reduction run an order of

was conducted using the proposed algorithm. As .
9 brop g magnitude faster than the other two methods. In

result of this operation, 5 components of featwexsor - . ) .
were discarded (during recognition, their value was addition to that, the Reduction Algorithm can train

on zero) and the value of mean square was calculatéVith larger number of patterns.
again. The obtained results are presented in Tlable It should be marked that the presented algorithm
Data from the table indicates that the eliminatafn elaborated for linear neuron, i.e., for a classifie
5 components of features vector, which werewhich does not have too big possible applications i
indicated using the presented algorithm, did notpractical tasks.
cause increasing of the value of mean square, which  The next step should be elaborating an adequate
was the basic criterion accepted when constructingeatyres selection rule for non-linear neuron, \hic
the features selection algorithm. would be the base to educe a method for multilayer,
DISCUSSION non-linear neural networks, which are frequently
used tool object recognition.

In this study we have used three methods to campar
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