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In this study, differential evolution algorithm (DE) is proposed to train a wavelet neural network (WNN).
The resulting network is named as differential evolution trained wavelet neural network (DEWNN). The
efficacy of DEWNN is tested on bankruptcy prediction datasets viz. US banks, Turkish banks and Spanish
banks. Further, its efficacy is also tested on benchmark datasets such as Iris, Wine and Wisconsin Breast
Cancer. Moreover, Garson’s algorithm for feature selection in multi layer perceptron is adapted in the
case of DEWNN. The performance of DEWNN is compared with that of threshold accepting trained wave-
let neural network (TAWNN) [Vinay Kumar, K., Ravi, V., Mahil Carr, & Raj Kiran, N. (2008). Software cost
estimation using wavelet neural networks. Journal of Systems and Software] and the original wavelet neu-
ral network (WNN) in the case of all data sets without feature selection and also in the case of four data
sets where feature selection was performed. The whole experimentation is conducted using 10-fold cross
validation method. Results show that soft computing hybrids viz., DEWNN and TAWNN outperformed the
original WNN in terms of accuracy and sensitivity across all problems. Furthermore, DEWNN outscored
TAWNN in terms of accuracy and sensitivity across all problems except Turkish banks dataset.

� 2008 Elsevier Ltd. All rights reserved.
1. Introduction

The word wavelet is due to Grossmann & Morlet, 1984. Wave-
lets are a class of functions used to localize a given function in both
space and scaling (http://mathworld.wolfram.com/wavelet.html).
They have advantages over traditional Fourier methods in analyz-
ing physical situations where the signal contains discontinuities
and sharp spikes. Wavelets were developed independently in the
fields of mathematics, quantum physics, electrical engineering
and seismic geology. Interchanges between these fields during
the last few years have led to many new wavelet applications such
as image compression, turbulence, human vision, radar, chemistry
and earthquake prediction.

Taking cue from the locally supported basis functions such as
Radial basis function networks (RBFN), a class of neural networks
called WNN, which originate from wavelet decomposition in signal
processing, have become more popular recently (Zhang, 1997).
Wavelet networks employ activation functions that are dilated
and translated versions of a single function w: Rd?R, where d is
the input dimension as stated in Zhang and Benvniste (1992) and
Zhang (1997). This function called the ‘mother wavelet’ is localized
both in the space and frequency domains (Becerra, Galvao, & Abou-
Seads, 2005). Based on wavelet theory, the WNN was proposed as a
ll rights reserved.
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universal tool for functional approximation, which shows surpris-
ing effectiveness in solving the conventional problem of poor con-
vergence or even divergence encountered in other kinds of neural
networks. It can dramatically increase convergence speed com-
pared to other networks as stated in Zhang et al. (2001).

Since the rapid increase in popularity of WNN researchers
around the globe started working more with this robust architec-
ture. Zhang et al. (2001) used WNN to predict programmed-tem-
perature retention values of naphthas. Yu and Chen (2007) used
WNN to develop an ECG beat classification system. In this work,
WNN is used to discriminate six different beat types in ECG. Avci
(2007) developed an expert system based on WNN for texture clas-
sification. Dong, Xiao, Liang, and Liu (2008) used fuzzy WNN and
rough sets for predicting fault diagnosis accuracy of power trans-
formers. Lung (2007) used WNN for feature selection and recogni-
tion of text independent speaker. Here, a wavelet packet feature
selection derived by using multilayered neural network for speaker
identification is described. Reza and Ghorbani (2007) applied WNN
in optimization of skeletal buildings under frequency constraints.
The goal was to reduce computational burden for optimum design
of steel frames with frequency constraints by approximating fre-
quencies using WNN. A rational function with second order poles
(RASP) wavelet was used as a transfer function. Raj Kiran and Ravi
(2007) used WNN for software reliability prediction. Dimoulas,
Kalliris, Papanikolaou, Petridis, and Kalampakas (2008) used
WNN for analysis of bowel sound pattern. Here bowel sounds were
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differentiated form other sounds with classification accuracy of
94.84% using WNN. The above-mentioned diverse applications
indicate the versatility and increasing popularity of WNN.

WNN uses a gradient descent technique for training. Traditional
gradient descent method suffers from well known drawbacks such
as entrapment in local minimum, long convergence times and the
need of differentiability of the objective function that are associ-
ated with calculus based optimization techniques. Consequently,
WNN also suffers from these disadvantages. Therefore, Yu, Li, Bai,
and Jin (2007) proposed the use of improved chaotic particle
swarm optimization (ICPSO) and improved particle swarm optimi-
zation (IPSO) to tune both the structure and parameters of the
WNN. Recently, Pan, Chen, and Yun (2008) used genetic algorithm
to optimize the WNN. Most recently, Vinay Kumar et al. (2008)
proposed TAWNN for estimating software development cost. They
compared the effectiveness of TAWNN with other techniques such
as WNN, multilayer perceptron (MLP), radial basis function net-
work (RBFN), multiple linear regression (MLR), dynamic evolving
neuro-fuzzy inference system (DENFIS) and support vector ma-
chine (SVM) in terms of mean magnitude relative error (MMRE)
obtained on Canadian financial (CF) dataset and IBM data process-
ing services (IBMDPS) dataset. They found that TAWNN outper-
formed all other techniques except WNN.

Incidentally, Ilonen, Kamarainen, and Lampinen (2003) were
the first to apply DE to train feed forward neural network. They
used weights as solution vectors and network prediction error as
the objective function. However, to the best our knowledge, there
is no reported work that employs DE for the training of WNN. In
this connection it should be noted that Bhat, Venkataramani, Ravi,
and Murty (2006) developed an improved version of DE and called
it ‘improved differential evolution’ (IDE) for efficient parameter
estimation in biofilter modeling. The parameter estimation prob-
lem is an unconstrained optimization problem. It should be noted
that training of a neural network and WNN, in particular, is also an
unconstrained optimization problem. Hence, we propose a DE
based training algorithm for WNN and call the resulting network
as DEWNN.

The remainder of this paper is organized as follows. In Section 2
we describe the WNN. Section 3 describes in brief the metaheuris-
tics used to train WNN. In Section 4, the training of WNN with dif-
ferential evolution (DEWNN) is clearly explained. In Section 5 we
discuss the feature selection module adopted from Garson and la-
ter incorporated into DEWNN and TAWNN. Section 6 deals with
the area of application of the current research i.e. bankruptcy pre-
diction. Section 7 provides the results and discussions of the work
and finally Section 8 contains concluding remarks.
tW

Σ
)1(X

)2(X

tW

Input layer Hidden layer Output layer

tiw

nV

tiw

Fig. 1. Wavelet neural network.
2. Wavelet neural networks

A family of wavelets can be constructed from a function w(x),
sometimes known as a ‘‘mother wavelet,” which is confined in a fi-
nite interval. ‘‘Daughter wavelets” wa,b(x) are then formed by trans-
lation (b) and dilation (a). Wavelets are especially useful for
compressing image data, since a wavelet transform has properties
that are in some ways superior to a conventional Fourier transform
(http://mathworld.wolfram.com/wavelet.html).

An individual wavelet is defined by

wa;bðxÞ ¼ jaj�1=2w
x� b

a

� �
ð1Þ

Industrial processes can impose a number of problems upon the
structures adopted for neural network dynamic modeling due to
varying sampling times, sparse and dense data in different operat-
ing regions and the inherent presence of both large and small
dynamics. In the case of non-uniformly distributed training data,
an efficient way of solving this problem is by learning at multiple
resolutions. A higher resolution of input space is used if the data
is dense and a lower resolution when it is sparse.

Wavelets, in addition to forming an orthogonal basis, are capa-
ble of explicitly representing the behavior of a function at various
resolutions of input variables. Consequently, a wavelet network is
first trained to learn the mapping at the coarsest resolution level.
In subsequent stages, the network is trained to incorporate ele-
ments of the mapping at higher and higher resolutions. Such hier-
archical, multi resolution training has many attractive features for
solving engineering problems, resulting in a more meaningful
interpretation of the resulting mapping and more efficient training
and adaptation of the network compared to conventional methods.
The wavelet theory provides useful guidelines for the construction
and initialization of networks and consequently, the training times
are significantly reduced (http://www.ncl.ac.uk/pat/neural-net-
works.html).The structure of the WNN with two input and six hid-
den nodes is shown in Fig. 1.

The WNN consists of three layers: input layer, hidden layer and
output layer. All the units in each layer are fully connected to the
nodes in the next layer. The output layer contains a single unit.
WNN is implemented here with the Gaussian wavelet function.

The training algorithm (Zhang et al. (2001)) for a WNN is as
follows:

1. Select the number of hidden nodes required. Initialize the dila-
tion and translation parameters for these nodes to some ran-
dom values. Also initialize the weights for the connections
between the input and hidden layer and also for the connec-
tions between the hidden and the output layer. It should be
taken note that the random values should be limited to the
interval (0,1).

2. The output of the sample Vk, k=1, . . .,np, where np is the number
of samples, is calculated with the following formula:
Vk ¼
Xnhn

j¼1

Wjf
Pnin

i¼1Wijxki � bj

aj

 !
ð2Þ

where k = 1, . . .,np, nin = number of input nodes and nhn = num-
ber of hidden nodes.In (2) when f(t) is taken as a Morlet mother
wavelet it has the following form:

f ðtÞ ¼ cosð1:75tÞ expð�t2=2Þ ð3Þ

and when taken as Gaussian Wavelet it becomes:

f ðtÞ ¼ expð�t2Þ ð4Þ
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3. Reduce the error of prediction by adjusting Wj, wij, aj, bj using
DWj, Dwij, Daj, Dbj (see formulas (5)–(8)). In the WNN, the gra-
dient descend algorithm is employed.
DWjðt þ 1Þ ¼ �g
oE

oWjðtÞ
þ aDWjðtÞ ð5Þ

Dwijðt þ 1Þ ¼ �g
oE

owijðtÞ
þ aDwijðtÞ ð6Þ

Dajðt þ 1Þ ¼ �g
oE

oajðtÞ
þ aDajðtÞ ð7Þ

Dbjðt þ 1Þ ¼ �g
oE

objðtÞ
þ aDbjðtÞ ð8Þ

where the error function E is taken as normalized root mean
squared deviation (NRMSE) as follows:

E ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXnp

k¼1

ðVk � V̂kÞ2

Vk

vuut ð9Þ

where g and a are the learning and the momentum rates
respectively.
4. Return to step (2), the process is continued until E satisfies the
given error criteria, and the whole training of the WNN is
completed.

Some problems exist in WNN such as slow convergence, search-
ing space tapping in local minima and oscillation (Pan et al., 2008).
We propose DEWNN to resolve these problems.
3. Meta heuristics used to train WNN

3.1. Differential evolution

Differential evolution is a novel approach in evolutionary algo-
rithms. It was proposed by Storn and Price (1997). It is a stochastic,
population-based optimization method. Differential evolution
algorithm consists mainly of four steps: initialization, mutation,
recombination and selection. DE differs from other population-based
techniques in that it employs differential mutation.

In a population of solutions within an n-dimensional search
space, a fixed number of vectors are randomly initialized, then
evolved over time to explore the search space and to locate the
minima of the objective function. Inside a generation, new vectors
are generated by the combination of vectors randomly chosen from
the current population (mutation). The vectors so generated are
then mixed with a predetermined target vector. This operation is
called recombination and produces the trial vector. Finally, the trial
vector is accepted for the next generation if and only if it yields a
reduction in the value of the objective function. This last operator
is referred to as selection. Appendix A depicts the flowchart of the
differential evolution algorithm.
3.2. Threshold accepting trained WNN (TAWNN)

Threshold Accepting algorithm, originally proposed by Dueck
and Scheuer (1990) is a faster variant of the original simulated
annealing algorithm wherein the acceptance of a new move or
solution is determined by a deterministic criterion rather than
a probabilistic one. Vinay Kumar et al. (2008) proposed
TAWNN. In a sense, this work forms the basis for the present
paper, where DE replaces TA in training the WNN. For further
details on TAWNN, the reader is referred to Vinay Kumar et al.
(2008).
4. Differential evolution based wavelet neural network
(DEWNN)

Application of DE in training WNN basically modifies steps 3
and 4 of the WNN training algorithm for WNN described in Section
2. Output of a WNN is a function of weights W (weights from input
layer to hidden layer), w (weights from hidden layer to output
layer), dilation parameters D, translation parameters T and input
values X, i.e. Y = f(X,R), where Y is the output values vector and
R = (D,T,W,w). During training phase, both the input vector X and
output vector Y are known and synaptic weights W and w, dilation
parameters D and translation parameters T are predicted and
adapted by minimizing network error E to obtain proper relation-
ship from X to Y. In DEWNN, the elements involved in the vectors
D,T,W and w are the decision variables.

Vector R consists of

(i) Weight values from input nodes to hidden nodes W = {Wij,
i = 1,2, . . .,nin, where nin = number of input nodes,
j = 1,2, . . .,nhn, where nhn = number of hidden nodes}

(ii) Weight values from hidden nodes to output nodes w = {wjk,
j = 1,2, . . .,nhn and k = 1,2, . . .,non, where non = number of
output nodes}

(iii) Dilation parameters D = (d1,d2, . . .,dnhn)
(iv) Translation parameter T = (t1, t2, . . ., tnhn)

A population P in each generation consists of M such R vectors
where M is the size of population as below:

P ¼ ðR1; . . . ;RMÞ ð10Þ
The initial population is randomly initialized using the user

specified lower and upper bounds for weights, dilation and trans-
lation parameters as follows:

Ri ¼ Ri min þ randð0;1Þ � ðRi max � Ri minÞ ð11Þ

Mutation is basically a search mechanism, which, together with
recombination and selection, directs the search towards potential
areas of optimal solution. In this step, three distinct target vectors
Ra, Rb and Rc are randomly chosen from the M vectors of the parent
population on the basis of three random numbers a, b and c. One of
the vectors Rc is the base of the mutated vector. To this is added the
weighted difference of the remaining two vectors, i.e. (Ra � Rb) to
generate a noisy random vector, ni.
ni ¼ Rc þ F � ðRa � RbÞ ð12Þ
where i = 1,2, ...,M and a,b,c are random numbers between 1 and M.

F is termed the scaling factor and it is user-supplied. This muta-
tion process is repeated to create a mate for each member of the
parent population. Mutation ensures an efficient search of the
solution space in each dimension.

In the recombination (crossover) operation, each target vector
of the parent population is allowed to mate with a mutated vector.
Thus, vector Ri is recombined with the noisy random vector ni to
generate a trial vector ti. Each element of the trial vector (tj

i,where
i = 1, ...,M and j = 1, ...,n), is determined by a binomial experiment
whose success or failure is determined by the user-supplied cross-
over factor, CR. The parameter CR is used to control the rate at
which the crossover takes place.

tj
i ¼ nj

i if randð0;1Þ < CR or j ¼ randð1; nÞ
¼ Rj

i otherwise
where i ¼ 1;2; :::;M and j ¼ 1;2; :::;n

ð13Þ

Therefore, trial vector ti is the child of two parent vectors: noisy
random vector ni and the target vector Ri. DE performs a non-uni-
form crossover, that determines which trial vector parameters are
inherited from which parent.
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It is sometimes possible that some particular combinations of
three target vectors from the parent population and the scaling fac-
tor F would result in noisy vector values, which are outside the
bounds set for the decision variables. It is necessary, therefore, to
bring such values within the bounds. For this reason, the value of
each element of the trial vector is checked at the end of the recom-
bination step. If it violates the bounds, it is heuristically brought
back to lie within the bounded region.

It is in the last stage of ‘selection’ that fitter of the two vectors
(trial vector and target vector) survives and proceeds to the next
generation. The vector having minimum value of objective function
goes to next generation. This procedure is similar to the ‘tourna-
ment selection’ (Deb, 2000). Based on Gaussian wavelet function,
network error, NRMSE is calculated for both the trial vector and
target vector. The vector giving minimum error goes to the next
generation.

After M competitions of this kind in each generation, one will
have a new population, which is fitter than the population one
started with. This evolution procedure is repeated over several
generations until the termination condition is reached, i.e. when
the objective function varies by a specified tolerance limit in two
consecutive generations or a maximum number of generations is
completed, whichever happens earlier. Eventually, we get the final
population consisting of vector sets of weights, dilation and trans-
lation parameters. Out of these, we choose the best set as the opti-
mal set of decision variables, using which we test the performance
of WNN on test data.

5. Feature selection

Feature selection is a process by which a sample in the mea-
surement space is described by a finite and usually smaller set of
number classed features. The features become components of the
pattern space. Feature selection is regarded as a procedure to
determine which variables (attributes) are to be measured either
first or last. Guyon and Elisseeff (2003) indicated that there are
many potential benefits of feature selection: facilitating data visu-
alization and data understanding, reducing the measurement and
storage requirements, reducing training and utilization times,
and defying the curse of dimensionality to improve prediction
performance.

Nath, Rajagopalan, and Ryker (1997) applied the Garson
(1991) algorithm for feature selection while training MLP. We
adopted the same algorithm and applied it in the context of
WNN. Garson’s algorithm for feature selection is presented as
follows.

For a two-group classification, consider a neural network with q
input nodes, r hidden nodes and one output node. Let wij

(i = 1,2, ... ,q; j = 1,2 , ... ,r) represent the weight of the connection
from ith input node to jth hidden node. Let wko (k = 1,2, ... ,r) be
the weight of the connection from kth hidden node to the output
node.

The method to measure the importance of an input variable is
to partition the hidden-to-output connection weights of each hid-
den node into components associated with each input node. The
resulting weight associated with each input is a reflection of its
importance.

� Each hidden-to-output weight wko, irrespective of its sign, is
incorporated into the input to- hidden weights Wij using the fol-
lowing expression:
W�
ij ¼ jWijj=Sj

� �
� ðjwkojÞ ð14Þ

where Sj ¼
Pp

i¼1jWijj, i = 1, . . .,q and j = 1, . . .,r. | | represents the
absolute value.
� For each hidden node j, the sum of weights over all input nodes
is equal to the hidden-to-output node weight wjo.
wjo ¼
Xq

i¼1

wq
ij ð15Þ
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� For each input node, the adjusted weights W�
ij are summed over

all hidden nodes and converted to a percentage of the total for
all input nodes.
ri ¼ ðW�
ij=wjoÞ � 100 ð16Þ

This percentage serves as a measure of the importance of the
variable represented by the input node.

The features are thus ranked according to their importance and
the top six features in each fold are considered. Once we select the
top six features in ten folds, we calculate the frequency of occur-
rence of each feature across all folds and the features with highest
frequency of occurrence are considered as important ones. Thus,
the six most important features are selected and an optimal feature
subset is formed.

6. Bankruptcy prediction

The prediction of bankruptcy for financial firms especially
banks has been the extensively researched area since late 1960s
by Altman (1968). Creditors, auditors, stockholders and senior
management are all interested in bankruptcy prediction because
it affects all of them in the same way. The banks are mostly mon-
itored by regulators who conduct on-site examinations on banks’
premises every 12–18 months, as stipulated by the Federal Deposit
Insurance Corporation Improvement Act of 1991. Regulators indi-
cate the safety and soundness of the institution using a six part rat-
ing system. This rating, referred to as the CAMELS rating, evaluates
banks according to their basic functional areas: Capital adequacy,
Asset quality, Management expertise, Earnings strength, Liquidity,
and Sensitivity to market risk. While CAMELS ratings clearly provide
regulators with important information, Cole and Gunther (1995)
reported that these CAMELS ratings decay rapidly.

Many statistical techniques such as regression analysis, logistic
regression etc. have been used to solve the problem of bankruptcy
prediction. These techniques make use of the company’s financial
data to predict its financial state. Bankruptcy prediction problem
can also be solved using various other types of classifiers such as
case based reasoning (Jo, Han, & Lee, 1997), rough sets (McKee,
2000), support vector machines (Min & Lee 2005) and data envel-
opment analysis (Cielen, Peeters, & Vanhoof, 2004) to mention a
few. Recently, Ravi Kumar, and Ravi (2006a) proposed a fuzzy rule
based classifier for bankruptcy prediction. They reported that fuzzy
rule based classifier outperformed the well known technique,
BPNN in the case of US banks data. Cheng, Chen, & Fu, 2006 com-
bined RBF network with logit analysis learning to predict financial
distress. They compared the proposed technique with logit analysis
and a backpropagation neural network and found that their meth-
od is superior to both the techniques. Ravi Kumar and Ravi (2006b)
proposed an ensemble classifier using simple majority voting
scheme for the bankruptcy prediction problem based on a host of
intelligent techniques such as ANFIS, SVM, RBF, SORBF1, SORBF2,
Orthogonal RBF and BPNN. They reported that, ANFIS, SORBF2,
BPNN are the most prominent as they appeared in the best ensem-
ble classifier combinations. Ravi, Ravi Kumar, Ravi Srinivas, and
Kasabov (2007) proposed a semi-online training algorithm for
the radial basis function neural networks (SORBF) and applied it
to bankruptcy prediction in banks. Semi Online RBFN without lin-
ear terms performed better than techniques such as ANFIS, SVM,
BPNN, RBF and Orthogonal RBF. In another work, Ravi Kumar and



Table 1
Financial ratios of the datasets and the selected features

S. No. Predictor variable name

Turkish banks’ data
1 Interest expenses/average profitable assets
2 Interest expenses/average non-profitable assets
3* (Share holders’ equity + total income)/(deposits + non-deposit funds)
4 Interest income/interest expenses
5* (Share holders’ equity + total income)/total assets
6 (Share holders’ equity + total income)/(total assets + contingencies &

commitments)
7* Networking capital/total assets
8 (Salary and employees’ benefits + reserve for retirement)/no. of personnel
9* Liquid assets/(deposits + non-deposit funds)
10* Interest expenses/total expenses
11 Liquid assets/total assets
12* Standard capital ratio

Spanish banks’ data
1* Current assets/total assets
2* Current assets-cash/total assets
3 Current assets/loans
4* Reserves/loans
5* Net income/total assets
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Ravi (2007) conducted a comprehensive review of all the works re-
ported using statistical and intelligent techniques to solve the
problem of bankruptcy prediction in banks and firms during
1968–2005. It compares the techniques in terms of prediction
accuracy, data sources, time line of each study wherever available.
Recently, Pramodh and Ravi (2007) employed modified great
deluge algorithm to train an auto associative neural network and
applied it to bankruptcy prediction. Further, Ravi, Kurniawan, Peter
Nwee Kok Thai, & Ravi Kumar, 2008 developed a novel soft com-
puting system for bank performance prediction based on BPNN,
RBF, CART, PNN, FRBC and PCA based hybrid techniques.

Most recently, to solve bankruptcy prediction problems, Ravi
and Pramodh (2008) proposed a threshold accepting based training
algorithm for a novel principal component neural network (PCNN),
without a formal hidden layer. They employed PCNN for bank-
ruptcy prediction problems and reported that PCNN outperformed
BPNN, TANN, PCA-BPNN and PCA-TANN in terms of area under re-
ceiver operating characteristic curve (AUC) criterion. In BPNN and
TANN, there is a hidden layer present and in PCA-BPNN and PCA-
TANN, PCA is used as preprocessor to BPNN and TANN respectively.
6 Net income/total equity capital
7* Net income/loans
8* Cost of sales/sales
9 Cash flow/loans

US banks’ data
1 Working capital/total assets
2 Retained earnings/total assets
3 Earnings before interest and taxes/total assets
4 Market value of equity/total assets
5 Sales/total assets

* Features selected by DEWNN based feature selection algorithm.
7. Results and discussion

The datasets analyzed by us in this work are three different
banks data sets viz. Turkish Banks, Spanish Banks and US Banks
datasets and three other benchmark datasets viz., Iris data, wine
data and Wisconsin breast cancer data. Turkish banks’ dataset is
obtained from Canbas, Caubak, & Kilic, 2005 and is available at
(http://www.tbb.org.tr/english/bulten/yillik/2000/ratios.xls).
Banks association of Turkey published 49 financial ratios. Initially,
Canbas applied univariate analysis of variance (ANOVA) test on
these 49 ratios of previous year for predicting the health of the
bank in present year. However, Canbas et al. (2005) chose only
12 ratios as the early warning indicators that have the discriminat-
ing ability (i.e. significant level is <5%) for healthy and failed banks
one year in advance. Among these variables, 12th variable has
some missing values meaning that the data for some of the banks
are not given. So, we filled those missing values with the mean va-
lue of the variable following the general approach in data mining.
The financial ratios, which are considered as predictor variables are
presented at the end of the paper in Table 1. This dataset contains
40 banks where 22 banks went bankrupt and 18 banks are healthy.
The Spanish banks’ data is obtained from Olmeda and Fernandez
(1997). Spanish banking industry suffered the worst crisis during
1977–1985 resulting in a total cost of 12 billion dollars. The con-
sidered financial ratios are presented in the end of the paper in Ta-
ble 1. The ratios used for the failed banks were taken from the last
financial statements before the bankruptcy was declared and the
data of non-failed banks was taken from 1982 statements. This
dataset contains 66 banks where 37 went bankrupt and 29 healthy
banks. The US banks’ data is obtained from Olemda and Fernandez,
1996 the financial ratios used by them are presented in Table 1.
They obtained the data of 129 banks from the Moody’s Industrial
Manual, where banks went bankrupt during 1975–1982. This 129
US banks dataset contains 65 went bankrupt and 64 healthy banks.
Again, the financial ratios used by them are presented in Table 1.
The benchmark datasets are taken from UCI repository (http://ar-
chive.ics.uci.edu/ml).

The parameters used for WNN were number of hidden nodes,
learning rate and momentum rate. Learning rate is taken between
0.1 and 0.9. Momentum rate is taken between 0.01 and 0.2.
Parameters used for TAWNN were number of hidden nodes, num-
ber of global iterations, number of local iterations, epsilon, pindex,
temtol, threshold value and accuracy. Threshold is taken as be-
tween 2 and 3.5. The parameter pindex is an odd number between
3 and 21. The parameter epsilon is taken as 10�12. Accuracy is ta-
ken in the range 10�13 and 10�15. The parameter temtol is taken
between 0.01 and 0.03. Local iterations are taken between 150
and 500. Global iterations are taken between 2000 and 8000.
Parameters used for DEWNN are number of hidden nodes, scaling
factor F, crossover factor CR, population size, maximum allowed er-
ror and number of generations. F is taken in the range 0.5 to 0.9. CR
is taken in the range 0.4 to 0.9. Population size is generally around
number of parameters divided by two where number of parame-
ters n is calculated as

n ¼ ðninþ nonþ 2Þ � nhn ð17Þ

Number of hidden nodes is taken in the range of 3–15 depend-
ing on number of input nodes for all the three algorithms.

All the datasets are analyzed with WNN, TAWNN and DEWNN
using 10-fold cross validation. The average accuracies over all the
folds are computed for the six datasets. The average sensitivities
and specificities are computed for datasets with two class prob-
lems. The results for bankruptcy datasets are presented in Table
2. It is observed that DEWNN outperformed WNN and TAWNN in
terms of accuracies and sensitivities in the case of all datasets ex-
cept Turkish data. It is also observed that DEWNN is robust in to
variations in parameters. In other words, parameter tuning is very
simple as compared to the original WNN and TAWNN. Further, to
support the claims made in the paper, all the three algorithms
are also tested on some benchmark datasets. The results are
presented in Table 3. It can be inferred form the empirical experi-
ments conducted that DEWNN surpassed the original WNN and
TAWNN.

Then feature subset is extracted from Turkish, Spanish, Wiscon-
sin Breast Cancer and Wine datasets by using Garson’s algorithm.
Six top features are extracted form Turkish, Spanish and Wisconsin
breast cancer datasets where as seven most important features are
extracted from wine dataset. The selected features for DEWNN are

http://www.tbb.org.tr/english/bulten/yillik/2000/ratios.xls
http://archive.ics.uci.edu/ml
http://archive.ics.uci.edu/ml


Table 4
Average results for ten fold cross validation for Bankruptcy datasets with reduced
features

DEWNN (%) WNN (%) TAWNN (%)

Turkish Average 90 90 97.5
Sensitivity 100 100 97.5
Specificity 80 81.67 100

Spanish Average 88.33 86.67 88.33
Sensitivity 94.16 79.5 92.17
Specificity 86 100 91

Table 5
Average results for ten fold cross validation for other benchmark datasets with
reduced features

DEWNN (%) WNN (%) TAWNN (%)

Wine 95.87 90.58 88.19
WBC 97.34 96.32 96.91

Table 6
Comparison of features selected by different techniques

Dataset DEWNN WNN TAWNN

Spanish 1,2,4,5,7,8 1,3,4,5,7,8 4,5,6,7,8,9
Turkish 3,5,7,9,10,12 3,4,5,6,7,12 3,4,5,9,10,12
Wine 1,4,5,7,10,12,13 1,3,4,7,11,12,13 1,3,6,7,10,12,13
WBC 1,2,4,6,8,9 1,2,3,6,7,8 1,2,3,4,6,9

Table 2
Average results for 10-fold cross validation for Bankruptcy datasets with all features

DEWNN (%) WNN (%) TAWNN (%)

Turkish Accuracy 95 95 100
Sensitivity 100 100 100
Specificity 95 95 100

Spanish Average 89.99 86.67 88.33
Sensitivity 91.66 89.67 79.66
Specificity 93 81 90.5

US Average 93.33 85.83 90.83
Sensitivity 97.32 85.82 90.46
Specificity 89.78 87.5 91.54

Table 3
Average results for 10-fold cross validation for other Benchmark datasets with all
features

DEWNN (%) WNN (%) TAWNN (%)

Iris 97.99 94.67 95.99
Wine 97.6 91.76 92.8
WBC 97.05 95.29 95.43
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indicated by asterisk (*) symbol in Table 1. Similar kind of experi-
mentation is done with the feature subset also. The results for
bankruptcy datasets i.e. Turkish banks and Spanish banks are pre-
sented in Table 4. The results indicate the overwhelming suprem-
acy of DEWNN in accuracy and sensitivity as compared to TAWNN
and original WNN. The results for other benchmark datasets i.e.
wine data and Wisconsin breast cancer data with reduced features
are presented in Table 5. DEWNN once again outperformed the
other algorithms. In this case also the robustness of the algorithm
is proved and the high accuracies show us the impeccable feature
selection done by incorporating Garson’s algorithm into DEWNN.
The features for TAWNN and original WNN are extracted again
by incorporating Garson’s algorithm into TAWNN and WNN,
respectively. Barring a few overlaps, all the algorithms selected dif-
ferent feature subsets as the optimal ones. This is not surprising
because the training algorithms are different in each case. The fea-
tures extracted by the three algorithms are presented in Table 6.
Thus, it can be concluded that besides being robust, DEWNN is
an effective algorithm for solving classification problems occurring
in finance.
8. Conclusions

In this study, DEWNN is developed and compared with TAWNN
and the original WNN on benchmark datasets viz. Iris dataset,
Wine dataset and Wisconsin Breast Cancer dataset as well as bank-
ruptcy data sets viz. US banks dataset, Turkish banks dataset, Span-
ish banks dataset and the results indicate that DEWNN can be a
very effective soft computing tool for classification problems. In
addition, we also adopted the Garson’s feature selection algorithm
to WNN, DEWNN and TAWNN and top features are extracted from
Turkish, Spanish, Wine and Wisconsin breast cancer datasets using
the procedure explained in Section 5. The results again indicate the
superior performance of DEWNN as compared to TAWNN and the
original WNN. Hence, the present research concludes that training
WNN with differential evolution solves classification problems
with increased accuracy.
Appendix A. Flowchart of differential evolution
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