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Abstract
In this paper we propose a novel approach for feature subset
selection by the Polynomial Neural Network (PNN) using
Genetic Algorithm (GA). A randomly selected subset of
features of ad ataset is passed to the PNN as input. The
classification accuracy of PNN is taken as the fitness function
of GA. In the conventional PNN approaches, published in
literature so far, the processing by PNN takes large
computation time due to the expansion of the whole network at
different levels. In the proposed scheme, less number of
features selected stochastically using the GA, prevents PNN to
grow at very early stages which reduces the computation cost
as well as time. The proposed scheme is simulated on six

1. Introduction

It is known that a certain set of features in a dataset that
characterize a d ata point (class in most cases) for a
classification problem may not be equally important;
some features can be derogatory and may even have
harmful effect on the task. Feature selection techniques
aim to discard the bad and irrelevant features from the
available set of features. This reduction of features may
improve the performance of classification, function
approximation, and other pattern recognition systems in
terms of speed, accuracy, and simplicity [13]. Another
importance of feature selection is in the task of mining
large databases which is also known as dimensionality
reduction [52]. Dimensionality reduction can be done by
selecting a s mall but important subset of features and
generating (extracting) al ower dimensional data
preserving the distinguishing characteristics of the
original higher dimensional data [42]. Feature Selection
leads to savings measurement cost and time because
some of the features get discarded. This concept can be
utilized in pruning those networks which otherwise
would have taken a large time to compute in presence of
all features. In practice it is found that additional features
actually degrade the performance of a classifier designed
using class-conditional density estimates when the
training set is small with respect to the dimensionality
[46], [47]. This usually happens because classifiers
estimate the class-conditional densities from the
available training data. Thus, if the dimensionality is
increased keeping the size of the training set fixed, the

benchmark databases and classification accuracies obtained
using proposed PNN classifiers are compared with those
obtained using three other existing approaches. It is observed
that the classification accuracies using proposed scheme are
quite satisfactory compared to existing three schemes. The
strength of proposed scheme is justified in two ways: (i) its
high classification accuracy with much less computational cost
in the presence of reduced number of features and (ii) much
less execution time taken by it as compared to other schemes.
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number of unknown parameters automatically increases
and the reliability of the estimate decreases. As a
consequence, the performance of the classifier,
constructed from a fixed number of training instances,
may degrade with the increase in dimensionality as was
illustrated by Trunk [57]. When feature selection
methods use class information, we call it supervised
feature selection otherwise it is an unsupervised feature
selection [35], [11]. Polynomial Neural Networks (PNN)
[24] have emerged recently as an extension of Artificial
Neural Networks (ANN) [51], to take care of some of
the limitations of the latter. The PNN are also used as
classifiers like ANN. The measurement cost of
classification accuracy in terms of complexity and time
depends on the number of features and the size of PNN,
i.e. its architecture. The latter has been addressed in
literature [30], [31]. The PNN based classification using
feature selection approach has not been applied so far to
our perception. In this paper we investigate a scheme to
evaluate the performance of PNN classifier using
reduced number of features by applying genetic
algorithm (GA).
This paper is organized as follows: Section 2 presents
review of work done. Section 3 presents basics of PNN.
Section 4 outlines GA. Section 5 presents proposed
scheme. Simulation study is presented in Section 6.
Results are discussed in Section 7 followed by
Conclusions in Section 8.
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2. Review of the work done

The problem of feature selection has been well addressed
in literature [13] and it has been tried out in various
paradigms. Previous studies on feature subset selection
have focused mainly around statistical approaches like
principal component analysis (PCA) [21], linear
discriminant analysis (LDA) [17], etc. These methods
attempt to reduce the dimensionality of the feature space
by creating new features which are combination of the
original ones; known as feature extraction techniques.
The main drawback of these methods is that the newly
created features lose their original identity. Blum and
Langley [5] have given an excellent survey on feature
selection in machine learning. These approaches are
different in evaluation of the feature subsets. There are
many feature selection algorithms that use soft
computing/computational intelligence tools. GA is used
in [8] and [48] to seclect the relevant feature subsets.
Neural Networks are used in [3], [16], [50], [53],[55]
and [61] for feature selection. Feature selection has also
been attempted using fuzzy and neurofuzzy techniques
[12], [49]. There are also specialized methods to deal
with feature selection for very large dimensional data
sets that are typical in application areas such as
bioinformatics [1], [25]. In [26], [27] and [28] MacKay
has considered neural network learning in a Bayesian
framework. MacKay and Neal proposed af eature
selection mechanism in the Bayesian learning framework
called automatic relevance detection (ARD) [37]. In the
ARD model, each input variable is associated with a
hyper parameter that controls the magnitude of the
weights of connections out of that input unit. The
significance of an input variable is determined according
to the posterior distributions of these hyper parameters.
In [41], Pal and Chintalpudi developed an integrated
feature selection and classification scheme based on the
multilayer perceptron (MLP) architecture. The feature
selection phase in their method was integrated with the
main learning task, and the MLP learned certain feature
modulators along with the conventional weights and
biases of a neural network. In [9], a neurofuzzy system
was developed for simultaneous feature selection and
system identification. The methodology developed in [9]
was modified for acl assifier in [10]. The feature
selection methods described in [9], [10], and [41] are
termed as online methods. In an online method, the
feature selection phase is integrated with the task of
learning other parameters of the system. The ARD [37]
and its variant [56] also learn hyper parameters
associated with the input features. Some evolutionary
techniques [59] also learn the importance of input
features along with other parameters of the classifier. For
the classification problem, LIKNON [4] uses al inear
programming formulation to learn feature weights along
with other parameters of the separating hyperplane.

Sivakumar [54], report on the plausible solution for
ascertaining the composition of gases, during complex
boiler flue gas data analysis, by taking an umber
classification problem as a model. For this purpose an
indigenously developed arithmetic residue (AR) scheme
has been devised as a feature selection technique. For the
purpose of classification of data (number of classes of

gases), a probabilistic neural network has been
implemented and its classification capability has been
analyzed first for the data acquired from ORSAT
analyzer and then for the data from KANE® analyzer.

Yumin et.al. [60] recently proposes an Ant Colony
Optimization based approach for feature selection using
rough sets. Saxena et al. have used GA algorithms with
Sammon’s function for unsupervised feature selection
[52].

It will also be worth addressing PNN and some of its
applications in feature selection for -classification.
Classification is one of the core challenging tasks [30] in
data mining [29], [22], pattern recognition [15], web
mining [23], bioinformatics [2], and financial forecasting
[7], [14]. The goal of classification [34] is to assign a
new entity into a class from a pre-specified set of
classes. One of the popular and widely used techniques
is the method of feed-forward neural network (FNN)
[58]. Although such FNN can classify a wide range of
dataset properly/accurately yet the classification model
cannot be comprehensible due to al arge number of
synaptic connections including weights and biases. In
order to achieve high classification accuracy in FNN
framework, one has to provide a well defined structure
of FNN such as the number of input nodes, hidden and
output neurons, and assumption of a proper set of
relevant features. In this regard the trial and error method
has been used to arrive at such kind of structures which
are computationally very expensive. Similarly there are
other methods like rule extraction and decision tree [44],
[45], which provides comprehensible rules that are based
on the trade-off between the complexity and the
classification accuracy of the rules. Misra et al. [30]
presents a Particle Swarm Optimization (PSO) approach
to reduce optimized architecture of PNN for
classification task.

3. Polynomial Neural Networks (PNN)

PNN is a flexible neural architecture whose topology is
not predetermined or fixed like a conventional ANN but
is grown through learning layer by layer. The design is
based on Group Method of Data Handling (GMDH)
which was invented by Prof. A. G. Ivankhnenko in the
late 1960s [19], [38], [20] and [39]. He developed
GMDH as a means for identifying nonlinear relations
between input and output variables. As described in [40],
the GMDH generates successive layers with complex
links that are individual terms of a polynomial equation.
The individual terms generated in the layers are partial
descriptions (PDs) of data being the quadratic regression
polynomials with two inputs. The first layer is created by
computing regressions of the input variables and
choosing the best ones for survival. The second layer is
created by computing regressions of the values in the
previous layer along with the input variables and
retaining the best candidates. More layers are built until
the network stops getting better based on termination
criteria. The selection criterion used in this study
penalizes the model that become too complex to piexpnt
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In a feed-forward neural network (FNN) [43], to achieve
high classification accuracy, one has to provide in
advance, a well defined structure of FNN, such as, the
number of input nodes, hidden and output neurons, and
assume a proper set of relevant features. To alleviate this
drawback of FNN; PNN can be used for classification
purposes. Evolutionary approach based PNN generates
populations or layers of neurons/simulated units/partial
descriptions (PDs) and then trains and selects those
neurons, which provide the best classification. Using this
approach during learning, the PNN model generates the
new population of neurons and the number of layers and
the complexity of the network increases [32], [33] until a
predefined criterion is met. Such models can be
comprehensively described by a set of short-term
polynomials thereby developing a PNN classifier.
Coefficients of PNN can be estimated by least square
fitting. The network architecture grows depending on the
number of input features, PNN model selected, number
of layer required, and the number of PD’s preserved in
each layer. Fig. 1 shows abasic PNN model with all
inputs. Fig. 2 describes how a PD is computed at a node
of a PNN’s layer with reduced features using proposed
scheme.

The GMDH belongs to a kind of inductive self-
organization data driven approach. It requires small data
samples which are able to optimize the structure of the
models objectively and this relationship between input—
output variables can be well approximated by Volterra
functional series, the discrete form of which is
Kolmogorov—Gabor polynomial [20], i.e.

F=+ G + 2l e e + Nl T e e e
& iy iy
(M

Where Cy denotes the coefficients or weights of the
Kolmogorov—Gabor polynomial and x vector is the input
variable. Further a new GMDH algorithm has also been
developed by Ivakhnenko [20], [36] which is a form of
Kolmogorov—Gabor polynomial. He proved that a

second order polynomial, i.e.
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This takes only two input variables at atime and can
reconstruct the complete Kolmogorov—Gabor
polynomial through an iterative procedure. The GMDH-
type polynomial neural networks are multi-layered
models consisting of the neurons/active units/partial
descriptions (PDs), whose transfer function is a short-
term polynomial described in Eq. (2). At the first layer L
= 1, an algorithm, using all possible combinations of two
inputs out of m variables, generates the first population
of PDs. Hence, the total number of PDs in first layer is n
= m (m-1)/2 and the output of each PD in layer L = 1 is
computed by applying the Eq. (2). The coefficient vector
of the PDs is determined by the least square estimation
approach. The further details of the PNN model and least
square estimation technique can be found in [30].

4. Genetic Algorithm (GA)

First pioneered by John Holland in the 1960s, GA have
been widely studied with interest, experimented and
applied in many fields in science and engineering
worlds. GA is an evolutionary algorithm, which
optimizes a fitness function to find the solution of a
problem. Different evolutionary algorithms have been
used for feature selection. In at ypical GA, each
chromosome represents a p rospective solution of the
problem. The problem is associated with a fitness
function — higher fitness refers to a better solution. The
set of chromosomes is called a population. The
population goes through a repeated set of iterations (or
generations) with crossover and mutation operations to
find better solutions. At a certain fitness level or after a
certain number of generations, the procedure is stopped
and the chromosome giving the best solution is
preserved as the best solution of the problem. A detailed
description of GA can be found in [18].

5. Proposed Scheme

Proposed scheme is depicted in Figure-3. Feature set
represents the set of all features in the dataset. A subset
of this feature set is selected randomly which becomes a
part of population (one chromosome) to be used in GA.
The existence of a feature in the subset is represented by
a 1 and its absence by a 0 in every chromosome of the
population. This subset of features is given as input to
PNN. The classification accuracy of PNN is calculated
using training and testing patterns from the dataset. This
accuracy serves as the fitness value of the GA. Similarly
the fitness of other subsets of features in the initial
population is also calculated. The simple one point
crossover and mutation operations are applied on initial
population to produce a modified population. The
fitness’ of the chromosomes of the modified population
are compared with those of the initial population. The
better chromosomes (Subsets) are retained in the next
population. This completes one generation and the
population with chromosomes of higher fitness values
becomes the initial population for the next generation.
This process continuous for a number of generations and
at a satisfactory level the process is stopped. The feature
subset with best classification accuracy of PNN is noted
for comparison.

6. Simulation Studies

The performance of proposed scheme is evaluated using
the benchmark databases. A summary of these databases
is given in Table 1 which is also available in the UCI
machine repository [6]. Proposed scheme was simulated
on a Pentium-III machine. For computing classification
accuracy of PNN, cross validation was used. Each
dataset was divided into two folds, one for training and
other for testing. We have taken 50% patterns in fold 1
and remaining 50% in fold 2. The number of generations
and sizes of populations used in the proposed scheme for
different datasets are shown in Table 2. Table 3 presents
the Times of execution, classification accuraqigg™&r
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different datasets using PNN, RCPNN with Gradient
Descent, RCPNN with PSO and Proposed Scheme.
Figure 4 shows a co mparative bar chart for proposed
scheme versus PNN, RCPNN with Gradient Descent,
RCPNN with PSO schemes with respect to classification
accuracies. Figure 5 shows a comparative line graph for
proposed scheme versus RCPNN with Gradient Descent,
RCPNN with PSO schemes with respect to time. As time
consumed by P1 is very high compared to P2,P3 and P4,
we did not show PI in the Figure 5 just to show in
details the variations among P2,P3 and P4.

7. Results and Discussions

Table 3 presents a comparison between the performances
evaluated using proposed scheme (P4) and those
evaluated using other three schemes viz. conventional
PNN (P1), RCPNN with Gradient Descent (P2) and
RCPNN with PSO (P3) published in literature [30], [31].
The classification accuracy and the execution cost have
been taken as the performance indexes. In P2 and P3,
efforts are made to reduce the architecture of the PNN.
However number of features has not been reduced in any
of the three schemes. By observing Table 3, it is noted
that in proposed scheme, a very less number of features
are capable to produce a higher classification accuracy
e.g. in iris data set only two features are required to
produce 99.11 % accuracy against other schemes which
take all (4) features but produce al esser accuracy
(86.22,95.56,98.67). Similar results are observed for
Bupa, WBC, and Thyroid datasets. For Wine and Pima
datasets, the classification accuracies using proposed
scheme are obtained fractionally smaller than that with
other schemes but important to note that our
investigation takes less number of features to acquire
that much accuracy. This small difference in accuracy
can be accepted looking to overall figures in comparison
to number of features. In addition to classification
accuracy; execution time is another parameter which has
been compared with other three schemes. In proposed
scheme, time of execution for iris dataset is 0.193 sec
versus 254, 0.428, 0.830 sec respectively in other three
schemes which is a noticeable difference. In each
dataset, proposed scheme takes much less time compared
to that in published schemes.

8. Conclusions

In this paper, we have proposed an ovel scheme of
feature selection using Polynomial Neural Networks
(PNN). A number of recent publications have used PNN
for different diversified applications including
classification. There have been research publications to
reduce the size of a conventional PNN. It is known that
PNN grows from the first layer on the basis of number of
features (inputs) and partial derivatives produced due to
these inputs in the subsequent layers. If number of
features is reduced, then the growth of partial derivatives
will also stop at immediate next layer and there will be
no more partial derivatives onward due to this dead
node. To select subsets of features in order to reduce
irrelevant / derogatory features, we applied GA. T he

fitness of GA is measured by computing the
classification accuracy obtained by PNN for a selected
subset of features. The scheme is tested for six datasets
and in each case, proposed scheme outperforms other
three known schemes published for the same purpose in
terms of time of execution as well as classification
accuracy. It is observed that time and classification
accuracy, both is greatly improved by applying proposed
scheme. It justifies our investigation. A further extension
of proposed scheme is to test it on very large datasets
like Microarrays, spatial datasets which will be scope for
future research in this direction.
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Figure-1 Basic PNN Model [31]
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Figure-2 Computation of PD at a node of a PNN’s layer with some inputs treated absent and indicated
by 0 using proposed scheme.
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Figure-4
Comparison of Classification Accuracies between proposed scheme and other schemes
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Figure-5
Comparison of execution time between proposed and other schemes
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*Results due to P1 being very large have not been shown in this figure.
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Table-1
Description of the Data Set Used
Data Set | Total Attributes | Classes | Patterns | Patterns | Patterns

Patterns in Classl | in in

Class2 Class3
Iris 150 4 3 50 50 50
Wine 178 13 3 59 71 48
Pima 768 8 2 268 500 -
Bupa 345 6 2 145 200 -
WBC 699 9 2 458 241 -
Thyroid | 215 5 3 150 35 30
Table-2
Population size and number of generations used in GA
Dataset Population Generation
Iris 20 15
Wine 50 20
Pima 60 16
Bupa 25 25
WBC 60 18
Thyroid | 20 15
Probability of Crossover =0.5 and Probability of Mutation = (.3 for all data sets
Table-3
A Comparison of Times of execution and respective Classification Accuracies obtained through proposed scheme with
PNN, RCPNN with Gradient Descent and RCPNN with PSO.
Data Feature Time (In Seconds) Classification Accuracy
Set
P1* pP2* P3* P4* P1* P2* | P3* | P4* | P1* P2* | P3* | P4*
Iris 4 4 4 2 254 0.49 | 0.83 | 0.193 | 86.22 95.56 | 98.67 | 99.11
Wine 13 13 13 10 449 212 | 3.01 |1.34 | 84.83 95.13 | 90.95 | 89.65
Pima 8 8 8 4 1576 4.38 | 7.57 | 0.973 | 69.45 73.35 | 76.04 | 75.64
Bupa 6 6 6 4 705 1.28 | 2.37 | 0.56 | 65.29 69.57 | 70.87 | 77.34
WBC 9 9 9 5 1425 433 | 8.1 0.64 | 95.9 97.14 | 97.64 | 98.35
Thyroid | - - - 4 - - - 0.913 | - - - 95.00
*P1- PNN
*P2-RCPNN with Gradient Descent
*P3- RCPNN with PSO
*P4- Proposed Scheme
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