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A novel approach for the classiﬁcation of both balanced and imbalanced dataset is developed in this
paper by integrating the best attributes of radial basis function networks and differential evolution.
In addition, a special attention is given to handle the problem of inconsistency and removal of irrelevant
features. Removing data inconsistency and inputting optimal and relevant set of features to a radial basis
function network may greatly enhance the network efﬁciency (in terms of accuracy), at the same time
compact its size. We use Bayesian statistics for making the dataset consistent, information gain theory
(a kind of ﬁlter approach) for reducing the features, and differential evolution for tuning center, spread
and bias of radial basis function networks. The proposed approach is validated with a few benchmarked
highly skewed and balanced dataset retrieved from University of California, Irvine (UCI) repository. Our
experimental result demonstrates promising classiﬁcation accuracy, when data inconsistency and feature
selection are considered to design this classiﬁer.
& 2013 Elsevier Ltd. All rights reserved.
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1. Introduction
Classiﬁcation is one of the fundamental tasks in data mining
(Dehuri and Ghosh, 2013) and pattern recognition (Nanda and
Panda, 2013). Over the years many models have been proposed.
(Huang and Wang, 2006; Chatterjee and Bhattacherjee, 2011)
However, it is a consensus that the accuracy of the discovered
model (i.e., neural networks (NNs) (Haykin, 1994; Yaghini et al.,
2013), rules (Das et al., 2011), and decision tree (Carvalho and
Freitas, 2004)) strongly depends on the quality of the data being
mined. Hence inconsistency removal and feature selection brings
lots of attention of many researchers (Battiti, 1994; Yan et al.,
2008; Keynia, 2012; Ebrahimzadeh and Ghazalian, 2011; Liu et al.,
2010). If the inconsistent data are simply deleted or classiﬁed as a
new category then inevitably some useful information will be lost.
The method used in this paper for making the dataset consistent is
based on the Bayesian statistical method (Wu, 2007). Here the
inconsistent data are classiﬁed as the most probable one and the
redundant data records are deleted as well. So the loss of
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information due to simple deletion or random classiﬁcation of
inconsistent data is reduced and the size of the dataset is also
reduced.
Feature selection is the process of selecting a subset of available
features to use in empirical modeling. Like feature selection,
instance selection (Liu and Motoda, 2002) is to choose a subset
sample to achieve the original purpose of a classiﬁcation task,
as if the whole dataset is used. Many variants of evolutionary and
non-evolutionary based approaches are discussed in Derrac et al.
(2010). The ideal outcome of instance selection is a model
independent, minimum sample of data that can accomplish tasks
with little or no performance deterioration. Unlike feature selection and instance selection, feature extraction at feature level
fusion recently attracts data mining/machine learning researchers
(Liu, et al., 2011) to give special focus while designing a classiﬁer.
However, in this work, we restrict ourselves with feature selection
and inconsistency removal only.
Feature selection can be broadly classiﬁed into two categories:
(i) ﬁlter approach (it depends on generic statistical measurement),
and (ii) wrapper approach (based on the accuracy of a speciﬁc
classiﬁer) (Aruna et al., 2012). In this work, the feature selection is
performed based on information gain theory (entropy) measure
with a goal to select a subset of features that preserve the relevant
information found in the entire set of features as much as possible.
After the selection of the relevant set of features the ﬁne tuned
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radial basis function network is modeled using differential evolution
for the classiﬁcation of both balanced and unbalanced datasets.
In imbalance classiﬁcation problems the number of instances of each
class that occur can be very different (Perez-Godoy et al., 2010).
Over the decade radial basis function (RBF) networks have
attracted a lot of interest in various domains of interest (Haykin,
1994; Novakovic, 2011; Naveen et al., 2010; Liu et al., 2005). The
reason is that they form a unifying link between function approximation, regularization, noisy interpolation, classiﬁcation, and
density estimation. Moreover, training RBF networks is usually
faster than training multi-layer perceptron networks. RBF network
training usually proceeds in two steps: ﬁrst, the basis function
parameters (corresponding to hidden units) are determined by
clustering. Second, the ﬁnal-layer weights are determined by a
least square method which reduces to solve a simple linear
system. Thus, the ﬁrst stage is an unsupervised method which is
relatively fast, and the second stage requires the solution of a
linear problem, which is also fast.
The other advantages of RBF neural networks, compared to
multi-layer perceptron networks, is the possibility of choosing
suitable parameters for the units of hidden layer without having to
perform a nonlinear optimization of the network parameters.
However, the problem of selecting the appropriate number of
basis functions remains a critical issue for RBF networks. The
number of basis functions controls the complexity, and hence the
generalization ability of RBF networks. An RBF network with too
few basis functions gives poor predictions on new data, i.e., poor
generalization, since the model has limited ﬂexibility. On the other
hand, an RBF network with too many basis functions also yields
poor generalization since it is too ﬂexible and ﬁts the noise in the
training data. A small number of basis functions yield a high bias,
low variance estimator, whereas a large number of basis functions
yield a low bias but high variance estimator. The best generalization performance is obtained via a compromise between the
conﬂicting requirements of reducing bias while simultaneously
reducing variance. This trade-off highlights the importance of
optimizing the complexity of the model in order to achieve the
best generalization. However, choosing an optimal number of
kernels is beyond the focus of this paper.
In the training procedure of RBFNs revealing center of gravity
and width is of particular importance for the improvement of the
performance of the networks. There are many approaches along
the line with their own merits and demerits (Stron and Price, 1995,
1997; Price et al., 2005). This paper discusses the use of differential
evolution to reveal hidden centers and spreads. The motivation
using differential evolution (DE) over other EAs (Michalewicz,
1996) such as GAs (Goldberg, 1989) is that in DE string encoding
is typically represented as real valued vectors, and the perturbation of solution vectors is based on the scaled difference of two
randomly selected individuals of the current population. Unlike
GA, the resulting step size and orientation during the perturbation
process automatically adopt to the ﬁtness function landscape. The
justiﬁcation behind combining the idea of feature selection, data
inconsistency removal with classiﬁcation is to reduce the space,
time, and thereby enhancing accuracy.
This paper is set out as follows. Section 2 gives an overview of
the RBF network, feature selection, feature consistency, and differential evolution. In Section 3, the proposed method is discussed.
Experimental setup, results, and analysis are presented in Section 4.
Section 5 concludes the paper with a future line of research.

selection and its importance are the focus of Section 2.2. Feature
inconsistency and the method used in this paper is the topic of
discussion in Section 2.3. Differential evolution of a new metaheuristic computing paradigm is discussed in Section 2.4.

2.1. RBF network classiﬁer
In the RBF network a supervised learning algorithm is adopted
to build novel and potentially useful models (Naveen et al., 2010).
RBF network is a popular artiﬁcial neural network architecture
that has found wide applications in diverse ﬁelds of engineering. It
is used in pattern recognition, function approximation, and time
series prediction. Further, it is the most widely used alternative
neural network model with certain advantages over multi-layered
feed forward neural network (MFN) for the task of pattern
classiﬁcation.
RBF network is a three layer feed forward network where each
hidden unit implements a radial activation function and each output
unit implements a weighted sum of hidden units’ output. This
network is a special class of neural network in which the activation
of a hidden neuron is determined by the distance between the input
vector and a prototype vector. Prototype vectors refer to centers of
clusters formed by the patterns or vectors in the input space. The
centers are determined during RBF training. Fig. 1 shows a typical
RBF network.
In the input layer ‘n’ number of input neurons exist that connect
the network to the environment. The second layer consists of a set
of kernel units that carry out a nonlinear transformation from the
input space to the hidden space. Some of the commonly used kernel
functions are deﬁned in Table 1. Usually, a nonlinear transformation
is made based on Gaussian kernel as described in the following
equation:


jjxμi jj2
φi ðxÞ ¼ exp 
;
2si 2

where ||..|| represents Euclidean norm, μi ,si and ϕi are center, spread
and the output of ith hidden unit, respectively. The interconnection
between the hidden and the output layers forms weighted

2. Background
The background of this research work is presented in this
section. In Section 2.1, RBF network classiﬁer is discussed. Feature

ð1Þ

Fig. 1. Pictorial representation of a radial basis function network.
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Table 1
Different kernel functions used in RBF network.
Name of the kernel

Mathematical formula

Gaussian functions

 2
x
ΦðxÞ ¼ exp 2s
2 , width parameter
s4 0

Generalized multi-quadric functions
Generalized inverse multi-quadric
functions
Thin plate spline function
Cubic function
Linear function

ΦðxÞ ¼ ðx2 þ s2 Þβ , parameter s4 0,
14 β 40
ΦðxÞ ¼ ðx2 þ s2 Þα s4 0, α 40
ΦðxÞ ¼ x2 ln ðxÞ
ΦðxÞ ¼ x3
ΦðxÞ ¼ x

connections wi . The output layer, a summation unit, supplies the
response of the network to the outside world.
The radial basis function is so named because the value of the
function is same for all points which are at the same distance from
the center.
2.2. Feature selection
Feature selection (FS) (Novakovic, 2011; Khusba et al. 2008) is
an essential task to remove irrelevant and/or redundant features.
In other words, feature selection techniques study how to select a
subset of potential attributes or variables from a dataset. (Liu and
Setiono, 1995). For a given classiﬁcation problem, the network may
become extremely complex if the number of features used to
classify the pattern increases. So the reason behind using FS
techniques include reducing dimensionality by removing irrelevant and redundant features, reducing the amount of attributes
needed for learning, improving algorithms’ predictive accuracy,
and increasing the constructed model's comprehensibility. After
feature selection a subset of the original features is obtained which
retains sufﬁcient information to discriminate well among classes.
The selection of features can be achieved in two ways (Yu and
Liu, 2004):
Filter method: it precedes the actual classiﬁcation process. The
ﬁlter approach is independent of the learning algorithm, computationally simple, fast, and scalable. Using ﬁlter method, feature
selection is done once and then can be provided as inputs to
different classiﬁers. In this method features are ranked according
to some criterion and the top k features are selected.
Wrapper method: this approach uses the method of classiﬁcation itself to measure the importance of feature sets; hence the
selected feature depends on the classiﬁer model used (Karegowda
et al., 2010). In this method a minimum subset of features is
selected without learning performance deterioration.
Wrapper methods generally result in a better performance than
ﬁlter methods because the feature selection process is optimized
for the classiﬁcation algorithm to be used. However, wrapper
methods are too expensive for large dimensional database in
terms of computational complexity and time since each feature
set that is considered must be evaluated with the classiﬁer
algorithm used. Filter based feature selection methods are in
general faster than wrapper based methods.
2.3. Dataset consistency
Let us deﬁne a few terms pertaining to data inconsistency. Let
us deﬁne a few terms pertaining to data inconsistency (Shin and
Xu, 2009; Dash, et al., 2000; Dash and Liu, 2003; Arauzo-Azofra
et al., 2008).
Deﬁnition: a dataset is said to be consistent if it does not contain
any inconsistent instances or patterns.

2317

Deﬁnition: a pattern is inconsistent if there are at least two
instances which have the same value for all corresponding
features but different class labels.
For example, the instances t1 ¼ (1, 0, 2) and t2 ¼(1, 0, 3) are
inconsistent as they have the same value for corresponding
features but different class labels which are the last values in the
instances.
Therefore, t1 and t2 are treated as inconsistent instances.
In other words, we can also say that the pattern (1, 0) is
inconsistent. The method used in this paper to make the dataset
consistent
(Wu et al., 2009) is described below with the help of an example.
Let us take a test case D having n ¼9 instances and two feature
variables (Table 2).
D ¼ fI1; I2; I3; I4; I5; I6; I7; I8; I9g
Let there be k ¼2 classes. Then the class set C ¼ {c1, c2}.
The computational steps are described as follows:
Step 1: the dataset is divided into groups according to patterns.
If there are t distinct patterns then the dataset is divided into
t-disjoint sets.
Since D contains three distinct patterns: p1 ¼ (A, B); p2 ¼ (B, C);
p3 ¼(C, D), hence the (t ¼3) disjoint sets according to patterns
are d1 ¼ {I1, I2, I3}, d2 ¼ {I4, I5}, and d3 ¼ {I6, I7, I8, I9}.
Step 2: the same dataset is also divided into groups according to
the number of classes i.e., k into k-disjoint sets.
Since D has two classes, so the (k ¼2) disjoint sets according to
classes are c1 ¼ {I1, I3, I6, I8, I9}, c2¼ {I2, I4, I5, I7}.
Step 3: a category proportion matrix (R) is constructed according to the following equation :
Rmn ¼ jdm \ cn j=jdm j;

ð2Þ

where 1r mr t, 1 rn rk, t¼ 3, k ¼2, and | S | represents the
cardinality of the set S.
The category proportion matrix for the dataset D is enumerated
in Table 3.
Step 4: in this step it is checked if the dataset is consistent or
not.
If for all Rmn : 0 or 1 then the dataset is consistent.
If for any Rmn : 0 rRmn r 1 then the dataset is inconsistent.
Here R11, R12, R31, R32 have values between 0 and 1.
Hence D is inconsistent. The corresponding disjoint sets d1 and d3
are inconsistent data subsets or the pattern p1 and p3 are
Table 2
Description of D.
Instances

Feature 1

Feature 2

Class

I1
I2
I3
I4
I5
I6
I7
I8
I9

A
A
A
B
B
C
C
C
C

B
B
B
C
C
D
D
D
D

1
2
1
2
2
1
2
1
1

Table 3
Category proportion matrix of D.
2/3¼ 0.6666
0/3¼ 0
3/4¼ 0.75

1/3¼ 0.3333
2/2¼ 1
1/4¼ 0.25
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inconsistent. To make the dataset uniform all inconsistent data
subsets are made uniform.
Step 5: the most probable class for the inconsistent pattern is
found out in this step. The probability of a pattern ps belonging
to category cn is given by the following equation:
Pðcn jps Þ ¼ fPðps jcn ÞnPðcn Þg=Pðps Þ;

ð3Þ

where Pðcn Þ ¼ jcn j=jDj; Pðps jcn Þ ¼ jdm \ cn j=jcn j; Pðps Þ ¼ jdm j=jDj.
The most probable class for the pattern ps is the one for which
Pðcn jps Þ is maximum. But if the class distribution of a pattern is
quite even then the above probability may give a wrong most
probable class. For example, if a pattern Ps has three class values
c1, c2, and c3 then the corresponding probability is 0.34, 0.33, and
0.33 respectively. In this case it is inappropriate to classify the
pattern as c1. For this situation a threshold α is introduced. So, only
when Pðcq jps Þ 4Pðcn jps Þ and Pðcq jps Þ 4α, then the pattern ps is
classiﬁed as cq .
If the probability for all classes for a pattern is below the
threshold then the inconsistent data subset containing this pattern
is deleted from the dataset. Taking α¼.5, the inconsistent data
subsets d1 and d3 can be uniﬁed as c1¼ 1.
2.4. Differential evolution
Differential evolution (DE) (Storn and Price, 1995; Storn and
Price, 1997; Storn, 1999) is a population based meta-heuristic search
algorithm which typically operates on real valued chromosome
encodings. Like GAs (Forerest, 1993), DE maintains a pool of
potential solutions which are then perturbed in an effort to uncover
yet better solutions to a problem in hand. In GAs, the individuals are
perturbed based on crossover and mutation. However in DE, individuals are perturbed based on the scaled difference of two randomly
chosen individuals of the current population. One of the advantages
of this approach is that the resulting ‘step’ size and orientation
during the perturbation process automatically adapts to the ﬁtness
function landscape.
Over the years, there are many variants of DE algorithms
developed (Price et al., 2005; Das and Suganthan, 2011), however,
we primarily describe a version of the algorithm based on the DE/
rand/1/bin scheme (Storn et al., 1995). The different variants of the
DE algorithm are described using the shorthand DE/x/y/z, where x
speciﬁes how the base vector (of real values) is chosen (rand if it is
randomly selected, or best if the best individual in the population is
selected), y is the number of difference vectors used, and z denotes
the crossover scheme (bin for crossover based on independent
binomial experiments, and exp for exponential crossover).
A population of n, d-dimensional vectors xi ¼ ðxi1 ; xi2 ; ::; xid Þ;
i ¼ 1:::n each of which encodes a solution is randomly initialized
and evaluated using a ﬁtness function f (  ). During the search
process, each individual (i) is iteratively reﬁned. The following
three steps are required while execution.
(i) Mutation: create a donor vector which encodes a solution,
using randomly selected members of the population.
(ii) Crossover: create a trial vector by combining the donor vector
with i.
(iii) Selection: by the process of selection, determine whether the
newly created trial vector replaces i in the population or not.
Under the mutation operator, for each vector xi ðtÞ, a donor
vector vi ðt þ 1Þ is obtained by the following equation:
vi ðt þ 1Þ ¼ xk ðtÞ þ f m nðxl ðtÞxm ðtÞÞ;

ð4Þ

where k, l, m A 1…n are mutually distinct, randomly selected
indices, and all the indices a i. ðxk ðtÞÞ are referred to as the base

vector and ðxl ðtÞxm ðtÞÞ is referred as difference vector. Selecting
three indices randomly implies that all members of the current
population have the same chance of being selected, and therefore
inﬂuencing the creation of the difference vector. The difference
between vectors xl and xm is multiplied by a scaling parameter f m
called mutation factor and a range for the parameter must be
associated to it, that is f m A ½0; 2. The mutation factor controls the
ampliﬁcation of the difference between xl and xm which is used
to avoid stagnation of the search process. There are several
alternative versions of the above process for creating a donor
vector (for details see Price et al., 2005; Das and Suganthan, 2011).
A notable feature of the mutation step in DE is that it is selfscaling. The size/rate of mutation along each dimension stems
solely from the location of the individuals in the current population. The mutation step self-adapts as the population converges
leading to a ﬁner-grained search. In contrast, the mutation process
in GA is typically based on (or draws from) a ﬁxed probability
density function.
Following the creation of the donor vector, a trial vector
ui ðt þ 1Þ ¼ ðui1 ; ui2 ; ui3 ; :::; uid Þ is obtained by the following equation:
(
ði ¼ randðindÞÞ
vip ðt þ 1Þ if ðrandr cr Þ or
ui ðt þ 1Þ ¼
;
ð5Þ
if ðrand4 cr Þ and ði a randðindÞÞ
xip ðtÞ
where p ¼1,2,…,d, rand is a random number generated in the
range (0, 1), cr is the user-speciﬁed crossover constant from the
range (0, 1), and rand(ind) is a randomly chosen index, selected
from the range (1, 2,…,d). The random index is used to ensure that
the trial vector differs by at least one element from xi ðtÞ. The
resulting trial (child) vector replaces its parent if it has higher
ﬁtness (a form of selection); otherwise the parent survives
unchanged into the next iteration of the algorithm.
Finally, if the ﬁtness of the trial vector exceeds that of the
ﬁtness of the parent then it replaces the parent as described in the
following equation:
(
ui ðt þ 1Þ if ðf ðui ðt þ 1ÞÞ 4 f ðxi ðtÞÞÞ
xi ðt þ1Þ ¼
ð6Þ
otherwise
xi ðtÞ
Price, et al. (2005) provide a comprehensive comparison of the
performance of DE with a range of other optimizers, including GA,
and report that the results obtained by DE are consistently as good
as the best obtained by other optimizers across a wide range of
problem instances.
Rationale for a DEþ RBFN integration: there are a number of
reasons to suppose that an evolutionary methodology, (particularly GA) coupled with an RBF can prove fruitful in classiﬁcation
tasks. The selection of quality parameters for classiﬁers represents
a high-dimensional problem, giving rise to the potential use of
evolutionary methodologies. Combining these with the universal
approximation qualities of an RBF produces a powerful modeling
methodology.

3. Proposed method
The proposed approach is combining the idea of Bayesian
statistics based inconsistency removal, ﬁlter based feature selection and DE based RBFNs classifier (Dash et al., 2013). It is a threephase method. In the ﬁrst phase we are making the dataset
consistent in case it was inconsistent and then dividing it into
training and testing sets. In phase two we are selecting a set of
relevant features by using the entropy measure and again checking
for inconsistency and removing it if any inconsistency arises, and
in the third phase the parameters of RBFNs are trained using
differential evolution. Fig. 2 depicts the overall architecture of the
approach.
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Fig. 2. Architecture of the proposed method.

In the ﬁrst phase we check the dataset for inconsistency. If it is
inconsistent then it is made consistent by using the procedure
mentioned in Section 2.3 and then divided into training and
testing sets.
In the second phase, we rank the features or attributes according to the information gain ratio and then delete an appropriate
number of features which have the least gain ratio (Aruna et al.,
2012) and then again check for inconsistency and remove it if
present. The exact number of features deleted varies from dataset
to dataset. The expected information needed to classify a tuple in
D is given by the following equation:
m

Inf o ðDÞ ¼  ∑ pi log 2 ðpi Þ;

ð7Þ

i¼1

where pi is the non-zero probability that an arbitrary tuple in
D belongs to class Ci and is estimated by jC i;D j=jDj. A log function to
the base 2 is used, because the information is encoded in bits.
Info(D) is the average amount of information needed to identify
the class level of a tuple in D. Info(D) is also known as an entropy of
D and is based on only the properties of classes.
For an attribute ‘A’ entropy “Inf oA ðDÞ” (Eq. (8)) is the information still required to classify the tuples in D after partitioning
tuples in D into groups only on its basis:
v

Inf oA ðDÞ ¼ ∑

j¼1

jDj j
 Inf oðDj Þ;
jDj

ð8Þ

where v is the number of distinct values in the attribute A, jDj is
the total number of tuples in D and jDj j is the number of
repetitions of the jth distinct value.
Information gain (Gain(A)) (Eq. (9)) is deﬁned as the difference
between the original information requirement and new requirement (after partitioning on A):
Gain ðAÞ ¼ Inf o ðDÞInf oA ðDÞ

ð9Þ

Information gain applies a kind of normalization to information
gain using split information value deﬁned analogously with
Inf oðDÞ as follows:


v jD j
jDj j
j
 log 2
ð10Þ
SplitInf oA ðDÞ ¼ ∑
jDj
j ¼ 1 jDj

This value represents the potential information generated by
splitting the training data set, D, into v partitions, corresponding
to the v outcomes of test on attribute A. For each outcome, it
considers the number of tuples having the outcome with respect
to the total number of tuples in D. The gain ratio is deﬁned as the
following:
GainRatioðAÞ ¼ GainðAÞ=SplitInf oðAÞ:

ð11Þ

The more the gain ratio of an attribute the more important it is.
Notice that, in the third phase, we are focusing on the learning
of the classiﬁer. As mentioned there are two steps within the
learned procedure. In step one differential evolution is employed
to reveal the centers and width of the RBFNS. Although centers,
widths, and weights that connect kernel nodes and output node
simultaneously are evolved using DE, but here we restrict ourselves with evolving only centers and spreads. This ensures
efﬁcient representation of an individual of DE. If all these parameters are encoded, then the length of the individual would be too
long and hence the search space size becomes too large, which
results in a very slow convergence rate. Since the performance of
the RBFNs mainly depends on center and width of the kernel, we
just encode the centers and widths into an individual for stochastic search.
Suppose the maximum number of kernel nodes is set to K max ,
then the structure of the individual is represented as follows
(Fig. 3):
In other words each individual has three constituent parts
such as center, width and bias. The length of the individual is
2k max þ 1.
The ﬁtness function which is used to guide the search process is
deﬁned in the following equation:
f ðxÞ ¼

1 N
^ !
x i ÞÞ2
∑ ðt Φð
Ni ¼ 1 i

ð12Þ

where N is the total number of training sample, ti is the actual
output and is the estimated output of RBFNs. Once the centers and
widths are ﬁxed, the task of determining weights in second phase
of learning reduces to solving a simple linear system. In this work
the pseudo-inverse method is adopted to ﬁnd out a set off optimal
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Fig. 3. Structure of the individual.

Fig. 5. Working structure of crossover operator in the proposed method.

Table 4
Description of datasets.
Data set

Instances

Attributes

Classes

Class 1

Class 2

MAMMOGRAPHIC MASSES
HABERMEN
BLOOD TRANSFUSION

961
306
748

6
4
5

2
2
2

515
225
500

445
81
248

Table 5
Parameters used for simulation.

Fig. 4. Two step learning scheme.

weights. Fig. 4 abstractly illustrates the two step tightly coupled
learning procedure adopted in this work.
The algorithmic framework of the proposed method is described as follows:
Initially, a set of np individuals (i.e. np is the size of the
population) pertaining to networks centers, width, and bias are
created
xi ðtÞ ¼ 〈xi1 ðtÞ ; xi2 ðtÞ ; :::; xid ðtÞ 〉;
d ¼ 2K max þ 1

i ¼ 1; 2; :::; np ;

where t is the iteration number:

At the start of the algorithm, this np set of individuals is initialized
randomly and then evaluated using the ﬁtness function f (  ).
In each iteration, e.g., iteration t, for individual xi ðtÞ , undergoes
mutation, crossover and selection as follows:
Mutation: for vector xi ðtÞ a perturbed vector V i ðt þ 1Þ called donor
vector is generated according to the following equation:
V i ðt þ 1Þ ¼ xr1 ðtÞ þmf nðxr2 ðtÞ xr3 ðtÞ Þ;

ð13Þ

where mf is the mutation factor drawn from (0,2], the indices
r 1 ; r 2 and r 3 are selected randomly from {1,2,3,…, np }, r 1 a r 2 a
r 3 a i.
Crossover: the trial vector is generated as follows:
uiðt þ 1Þ ¼ uðti1þ 1Þ ; uðti2þ 1Þ ; …; uðtidþ 1Þ
uijðt þ 1Þ

¼

8 ðt þ 1Þ
< vij

if

ðrand rcr Þ

or

ði ¼ randð1; 2; ::; dÞÞ

: xðtÞ
ij

if

ðrand 4cr Þ

and

ðia randð1; 2; ::; dÞÞ

;

ð14Þ

where j ¼1, 2, …,d, rand is a random number generated in the
range (0,1), cr is the user-speciﬁed crossover constant from the
range (0,1) and rand (1,2,…,d) is a randomly chosen index from the
range (1,2,…,d). The random index is used to ensure that the trial
solution vector differs by at least one element from xi ðtÞ . The
resulting trial (child) solution replaces its parent if it has a higher
accuracy (a form of selection), otherwise the parent survives

Parameter

MAMMOGRAPHIC
MASSES

HABERMEN

BLOOD
TRANSFUSION

Maximum iteration
Population
fm
cr

100
50
0.8
0.8

100
50
0.8
0.8

150
50
0.8
0.8

unchanged into the next iteration of the algorithm. Fig. 5 illustrates this operation in the context of revealing center, width,
and bias.
Finally, we use selection operation and obtain target vector
xi ðt þ 1Þ as follows:
(
ui ðt þ 1Þ if f ðxi ðt þ 1Þ Þ rf ðxi ðtÞ Þ
for all d:
ð15Þ
xi ðt þ 1Þ ¼
otherwise:
xi ðtÞ
Given that the centers, widths, and bias are computed from
training vectors, the weight of the learning network is computed
by the following pseudo-inverse matrix manipulation method:
Y ¼ WΦ
) W ¼ ðΦT ΦÞ1 ΦT Y:

ð16Þ

The pseudo-code for two steps learning is as follows:
1. INITILIZATION: randomly create a pool of individuals (an
individual represents centers, spreads, and bias).
2. WEIGHT DETERMINATION: by pseudo-inverse method (i.e., by
using Eq. (16)) determine weight vectors.
3. FITNESS COMPUTATION: by using Eq. (12) compute the ﬁtness
of every individual.
4. WHILE (accuracy not acceptable) DO
5. DONER VECTOR: create a donor vector which encodes a
solution by randomly selected members of the population.
6. TRIAL VECTOR: create a trial vector by combining with the
donor vector.
7. SELECTION: by this process determine whether the newly
created trial vector survives or not.
8. WEIGHT DETERMINATION: by pseudo-inverse method (i.e., by
using Eq. (16)) determine weight vectors.
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Table 6
Results obtained from DE þ RBFN (95% conﬁdence level).
Dataset

Average accuracy of 10
independent runs

Average accuracy of 20
independent runs

Average accuracy of 30
independent runs

MAMMOGRAPHIC MASSES
HABERMEN
TRANSFUSION

81.67447 0.034
88.70977 0.050
85.7664 7 0.035

81.52337 0.034
88.70977 0.050
85.76647 0.035

81.74427 0.034
88.70977 0.050
85.76647 0.035

Table 7
Results obtained from DE þ RBFN (98% conﬁdence level).
Dataset

Average accuracy of 10
independent runs

Average accuracy of 20
independent runs

Average accuracy of 30
independent runs

MAMMOGRAPHIC MASSES
HABERMEN
TRANSFUSION

81.67447 0.041
88.70977 0.059
85.7664 7 0.041

81.52337 0.041
88.7097 7 0.059
85.7664 7 0.041

81.74427 0.041
88.70977 0.059
85.76647 0.041

Table 8
Results obtained from DE þ RBFN with feature selection (95% conﬁdence level).
Dataset

Feature removed
from the dataset

Average accuracy of 10
independent runs

Average accuracy of 20
independent runs

Average accuracy of 30
independent runs

MAMMOGRAPHIC MASSES
HABERMEN
TRANSFUSION

5
2
2

82.3023 7 0.034
88.70977 0.050
85.76647 0.035

82.290770.034
88.7097 70.050
85.7664 70.035

82.13187 0.034
88.70977 0.050
85.76647 0.035

Table 9
Results obtained from DEþ RBFN with feature selection (98% conﬁdence level).
Dataset

Feature removed from
the dataset

Average accuracy of 10
independent runs

Average accuracy of 20
independent runs

Average accuracy of 30
independent runs

MAMMOGRAPHIC MASSES
HABERMEN
TRANSFUSION

5
2
2

82.3023 7 0.040
88.70977 0.059
85.7664 7 0.042

82.29077 0.040
88.70977 0.059
85.76647 0.042

82.13187 0.40
88.70977 0.059
85.76647 0.042

Table 10
Results obtained from DEþ RBFN after data consistency (95% conﬁdence level).
Dataset

Average accuracy of 10
independent runs

Average accuracy of 20
independent runs

Average accuracy of 30
independent runs

MAMMOGRAPHIC MASSES
HABERMEN
TRANSFUSION

85.12 70.031
94.5578 70.035
92.9825 70.025

85.067 0.031
94.55787 0.035
92.9825 7 0.025

85.09337 0.031
94.55787 0.035
94.55787 0.025

Table 11
Results obtained from DEþ RBFN after data consistency (98% conﬁdence level).
Dataset

Average accuracy of 10
independent runs

Average accuracy of 20
independent runs

Average accuracy of 30
independent runs

MAMMOGRAPHIC MASSES
HABERMEN
TRANSFUSION

85.12 70.037
94.5578 70.042
92.9825 70.030

85.067 0.037
94.55787 0.042
92.9825 7 0.030

85.09337 0.037
94.55787 0.042
94.55787 0.030

Table 12
Results obtained from DE þ RBFN with data consistency and feature selection (95% conﬁdence level).
Dataset

Feature removed from
the dataset

Average accuracy of 10
independent runs

Average accuracy of 20
independent runs

Average accuracy of 30
independent runs

MAMMOGRAPHIC MASSES
HABERMEN
TRANSFUSION

5
2
1

86.21747 0.030
96.84217 0.027
94.36627 0.023

86.1087 7 0.030
96.84217 0.027
94.36627 0.23

86.4638 7 0.030
96.84217 0.027
94.36627 0.023
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Table 13
Results obtained from DE+RBFN with data consistency and feature selection (98% conﬁdence level).
Dataset

Feature removed
from the dataset

Average accuracy of 10
independent runs

Average accuracy of 20
independent runs

Average accuracy of 30
independent runs

MAMMOGRAPHIC MASSES
HABERMEN
TRANSFUSION

5
2
1

86.21747 0.036
96.84217 0.032
94.3662 7 0.027

86.1087 7 0.036
96.84217 0.032
94.36627 0.027

86.4638 7 0.036
96.84217 0.032
94.36627 0.027

Table 14
Average results of 10, 20, and 30 independent runs obtained from DE þ RBFN, DEþ RBFN with feature selection, DE þRBFN with data consistency and DE þ RBFN with data
consistency and feature selection (95% conﬁdence level).
Dataset

Average accuracy of
DE þ RBFN

Average accuracy of DE þ RBFN
with feature selection

Average accuracy of DE þRBFN
with data consistency

Average accuracy of DE þ RBFN with data
consistency and feature selection

MAMMOGRAPHIC MASSES
HABERMEN
TRANSFUSION

81.64737 0.034
88.70977 0.050
85.76647 0.035

82.24167 0.034
88.70977 0.050
85.76647 0.035

85.09117 0.031
94.55787 0.035
92.9825 7 0.025

86.26337 0.030
96.84217 0.027
94.36627 0.023

Table 15
Average results of 10, 20, and 30 independent runs obtained from DE þ RBFN, DEþ RBFN with feature selection, DE þRBFN with data consistency and DE þ RBFN with data
consistency and feature selection (98% conﬁdence level).
Dataset

Average accuracy of
DE þRBFN

Average accuracy of DE þ RBFN
with feature selection

Average accuracy of DEþ RBFN
with data consistency

Average accuracy of DE þRBFN with
data consistency and feature selection

MAMMOGRAPHIC MASSES
HABERMEN
TRANSFUSION

81.6473 70.041
88.7097 70.059
85.7664 70.041

82.2416 70.040
88.7097 70.059
85.7664 70.041

85.09117 0.037
94.55787 0.042
92.9825 7 0.030

86.263370.036
96.8421 70.032
94.3662 70.027

Fig. 6. (a–d) Iteration number vs. error plot for MAMMOGRAPHIC MASSES dataset.
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Fig. 7. (a–d) Iteration number vs. error plot for HABERMEN dataset.

9. FITNESS COMPUTATION: by using Eq. (12) compute the ﬁtness
of every individual.
10. ENDDO

4. Experimental study
In subsection 4.1, we brieﬂy describe about datasets and
parameters required to set in the experimental study. Subsection
4.2 offers results and analysis.
4.1. Description of datasets and parameters
The datasets used in this work were obtained from the UCI
machine learning repository (Frank and Asuncion, 2010). Three
medical related datasets have been chosen to validate the proposed
method. The details about the three datasets are given in Table 4.
The last two columns of Table 4 indicate whether a dataset is
balanced or not. In particular, the datasets like HABERMEN and
BLOOD TRANSFUSION are imbalanced, whereas HAMMOGRAPHIC
MASSES are balanced. The imbalanced problem occurs when the
number of instances of certain classes is much lower than the
instances of other classes. Standard classiﬁcation algorithms usually
have a bias towards the majority classes (e.g., class 1 of HABERMAN
contains 225, whereas class 2 contains 81 samples) during the
learning process in favor of the accuracy metric which does not take

into account the class distribution of the data. Consequently the
instances belonging to the minority class are misclassiﬁed more
often than those belonging to the majority class.
The approach proposed so far for addressing the imbalanced
problem has been classiﬁed into two groups: (i) the algorithm
based approaches, which create new algorithms or modify existing
ones and (ii) data-based approaches which pre-process the data in
order to diminish the effect caused by their class imbalance. The
proposed approach belongs to the second group.
In our experiment, every dataset is divided into two mutually
exclusive parts: training sets and test sets. The parameters value
used for validating our proposed method is listed in Table 5.
In connection to RBFNs the number of kernels is kept 5 for all
datasets along with all runs. After thorough and rigorous experimentation with respect to different datasets and varying number
of independent runs, we ﬁxed the parameters fm, cr, size of the
population, and maximum iterations.
4.2. Results and analysis
The summary of the experimental results are presented in
Tables 6–15. Through the empirical validation, we have reported
the results of the classiﬁer under ﬁve categories:
(i) Average classiﬁcation accuracy of 10, 20, and 30 independent
runs with respect to 95% and 98% conﬁdence level without
selecting any features (cf. Tables 6 and 7);
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Fig. 8. (a–d) Iteration number vs. error plot for BLOOD TRANSFUSION dataset.

(ii) Average classiﬁcation accuracy of 10, 20, and 30 independent
runs with respect to 95% and 98% conﬁdence level after
removing one-third of the features based on ﬁlter approach
(cf. Tables 8 and 9).
(iii) Average classiﬁcation accuracy of 10, 20, and 30 independent
runs with respect to 95% and 98% conﬁdence level after
adapting data consistency (cf. Tables 10 and 11).
(iv) Average classiﬁcation accuracy of 10, 20, and 30 independent
runs with respect to 95% and 98% conﬁdence level after adapting
data consistency and feature selection (cf. Tables 12 and 13).
(v) Finally, average accuracy result of the above methods of 10, 20
and 30 independent runs (cf. Tables 14 and 15).
From Tables 6 and 7 it has been noticed that in MAMMOGRAPHIC MASSES the average accuracy obtained in the series of
different independent runs are varying marginally, whereas in the
case of other two datasets it is constant.
From Tables 8 and 9, it is realized that feature selection is
important in Mammographic Masses, whereas it is not mandatory
to apply feature selection in the case of other two datasets.
Particularly, in the case of HABERMEN and BLOOD TRANSFUSION
no such improvement has been noticed even though one-third
feature is removed. The column 2 of Tables 8 and 9 is indicating
the feature removed from the dataset (e.g., 5 mean ﬁfth feature is
removed). Based on the empirical study the designated feature is
selected for removing from the dataset.

From Tables 10 and 11 it is observed that, in all the datasets
with 95% and 98% conﬁdence level, DE þRBFNs with data consistency (threshold parameter α ¼ 0:5) is outperforming than
DEþ RBFNs without data consistency over all independent runs.
Similarly, Tables 12 and 13 indicate that it is important to
consider both feature selection and removal of inconsistency from
the dataset while designing a classiﬁer. The explanation of these
results with 95% and 98% conﬁdence level ﬂags a new type of
methods for tackling the problem of imbalanced class.
Tables 14 and 15 give overall comparative results. Column
2 describes the average accuracy of DE þRBFNs, similarly, columns
3, 4, and 5 illustrate the average accuracy of DE þ RBFN with
feature selection, with data consistency, and with both feature
selection and data consistency.
The top left hand corner (a) of Fig. 6 shows error vs. iteration
for DE þRBFN with inconsistency removal; top right hand
corner (b) of Fig. 6 shows error vs. iteration for DEþ RBFN with
inconsistency removal and feature selection; bottom left hand
corner (c) of Fig. 6 shows error vs. iteration for DE þRBFN with
feature selection; and bottom right hand corner (d) of Fig. 6 shows
error vs. iteration for DE þRBFN.
The top left hand corner (a) of Fig. 7 shows error vs. iteration
for DEþ RBFN with inconsistency removal; top right hand corner
(b) of Fig. 7 shows error vs. iteration for DE þ RBFN; bottom left
hand corner (c) of Fig. 7 shows error vs. iteration for DE þ RBFN
with inconsistency removal and feature selection; and bottom
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right hand corner (d) of Fig. 7 shows error vs. iteration for
DE þRBFN with feature selection.
The top left hand corner (a) of Fig. 8 shows error vs. iteration
for DE þRBFN; top right hand corner (b) of Fig. 8 shows error vs.
iteration for DE þ RBFN with inconsistency removal and feature
selection; bottom left hand corner (c) of Fig. 8 shows error vs.
iteration for DE þRBFN with inconsistency removal; and bottom
right hand corner (d) of Fig. 8 shows error vs. iteration for
DE þRBFN with feature selection.

5. Conclusions
In this paper, a synergy of Bayesian statistics based inconsistency removal, ﬁlter based feature selection, and differential
evolution trained RBFNs is functioning towards the removal of
inconsistency, the reduction of irrelevant features, and the maximization of predictive accuracy of the classiﬁer. The method of
encoding an RBF network into an individual is given, where only
the centers and spreads of the hidden units are encoded along
with the bias of the network. The connection weights between
hidden layer and output layer are obtained by pseudo-inverse
method. The performance under synergistic approach is promising
and very consistent. With 95% and 98% conﬁdence level the
comparative performance shows that the average accuracy of
DE þRBFNs along with feature selection and consistency is superior to its counterpart. Interestingly, it is noticed that in the case of
imbalanced dataset (e.g., HABERMAN) the accuracy of the proposed approach almost enhanced 5% than DE þRBFNs without
feature selection and consistency removal. Hence, we can conclude
that that removal of irrelevant features and inconsistency samples
may lead to a solution to cope with the class imbalanced problem.
Of course, what we have observed is limited by the datasets, we
employed DE þRBFNs, Bayesian approach of feature inconsistency
removal, ﬁlter based feature selection, and the simulation tool
MATLAB 6.5. More imbalanced datasets should be examined with
the proposed approach to further justify (or refute) our ﬁndings.
Furthermore, in the future scope of research, lots of avenues are
here, e.g., (i) the synergy of fuzzy entropy based feature selection
and DE trained RBFNs with inconsistency removal and (ii) a very
rigorous comparative analysis with other classiﬁers who are
simultaneously reducing the features and maximizing the classiﬁcation accuracy.
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