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The back-propagation neural network (BPN) has long been successfully applied in bankruptcy
prediction problems. Despite its wide application, some major issues must be considered before its
use, such as the network topology, learning parameters and normalization methods for the input and
output vectors. Previous studies on bankruptcy prediction with BPN have shown that many re-
searchers are interested in how to optimize the network topology and learning parameters to improve
the prediction performance. In many cases, however, the benefits of data normalization are often
overlooked. In this study, a genetic algorithm (GA)-based normalization transform, which is defined
as a linearly weighted combination of severa different normalization transforms, will be proposed.
GA is used to extract the optimal weight for the generalization. From the results of an experiment,
the proposed method was evaluated and compared with other methods to demonstrate the advantage
of the proposed method.
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1. Introduction 1997; Chen and Du, 2009; Liu and Marukawa,

2004; Salchenberger et a., 1992; Swicegood and
Neura networks have long been successfully  jark, 2001; Tsai and Wu, 2008; Wilson and

goplied in bankruptcy prediction problems. The BPN Shandra, 1994). Some major issues must be con-
model, however, is the most popular neurd network  Sidered, however, before using the BPN ago-
for bankruptcy predictions because it outperforms rithm: the network topology, learning parameters
other modds in prediction accuracy (Baniv et d., and data normalization methods for the input
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and output vectors.

Various data normdizetion methods have
been gpplied to machine learning dgorithms, such
as min-max (Al Shdabi and Shagban, 2006; Doherty
e d., 2004; Doherty e d., 2007; Jain & d., 2005
Kim, 1999, Kim et d., 2005, Olden and Jackson,
2002 Saka ¢ d., 19%), Z-soore (Chia & d., 2009;
Jn & d., 2005, Jola and Ghanbari, 2010; Schaffer
and Green, 1996, Sharker & d., 1996), mean (Wang and
Zhang, 2009), median (Jain & d., 2005), range (Mazzatorta
and Benfenati, 2002), decimel (A1 Shelebi and Shaeben,
2006; Berry and Linoff, 1997; Davis, 1991; Jin & d.,
2005). Different normdization methods can bring
about different results (Crone & d, 2006; Kim, 1999).
Shanker @ d. (1996) found in therr study that
Z-score  normalization  was dominant  over
min-max normdization. On the other hand, Al
Shdabi and Shaaban (2006), from the reaults of ther
study, suggested thet in dl experiments, the min-max
normaization data set should dways be given the
highest priority. Jain e d. (2005) reveded from their
study, however, that both min-max and Z-score nor-
madization were sendtive to outliers, and the tangent
normalization method wes both robust and efficient.
Wang and Zhang (2009) discovered from their study
that the maximum value and mean methods are
more reasoneble then the Z-score and  min-max
methods. Through these previous researches, it can
be found that there is no single normalization
method that aways dominate the others, and that
it is important to sdect a specific normalization
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procedure according to the nature of the data sets
(Visdakshi and Thagave, 2009).

Thus, in this study, a GA-based normal-
ization transform, which is defined as a linearly
weighted combination of severa different normal-
izetion transforms, is proposed. GA is used to ex-
tract the optimal weight for the combination. Of
particular interest is how to optimize the normal-
ization methods with GA and how the proposed
method affects the performance of BPN for the
prediction of the bankruptcy prediction.

2. Rdated Studies

In developing a bankruptcy prediction model
with BPN, the preprocessing procedure plays a very
important role. If the preprocessing method is well
done, the performance of the model will be improved.
Typically, the preprocessing of bankruptcy data in-
cludes noise elimination, variable selection, and data
normalization. In this study, the effect of normal-
ization on BPN for bankruptcy prediction will be
discussed. To understand the proposed method, the re-
lated basic concept and individua technology will be
briefly reviewed.

2.1 Data Normalization

Data preprocessing is beneficial in many
ways, but it is often neglected in the data mining
process. Data preprocessing consists of all the ac-

tions taken before the actual data analysis process
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starts. It is essentially a transformation T that trans-
forms the raw real world data vectors to a set of
new data vectors (Famili et al., 1997). Data pre-
processing includes data cleansing, integration,
transformation and reduction. Data cleansing can
be used to remove data noise and correct data
inconsistencies. Data integration merges data from
multiple sources into a coherent data storage area,
such as a data warehouse. Data transformation
converts data from a source data format into desti-
nation data, for which normalization may be
applied. Data reduction can reduce the data size by
aggregating, and eliminating redundant features, or
by clustering (Han and Kamber, 2001). In data
transformation, the data are transformed or con-
solidated into forms appropriate for mining (Han,
and Kamber, 2001). Data transformation can in-
volve the following : smoothing, aggregation, gen-
eralization, normalization, and attribute construction.

In this paper emphasis will be given to normaliz-
ation. Normalization is a “scaling down” transformation
of features. Within a feature, there is often a marked
difference between the maximum and minimum values,
as, eg., 0.01 and 1,000. When normalization is per-
formed the value magnitudes are scaled to appreciably
low values (Kotsiantis et al., 2006). Normalization is
particularly useful for classification algorithms that in-
volve neural networks (Akdemir and Yu, 2009; Kim,
1999, Mazzatorta and Benfenati, 2002; Shanker et a.,
1996), or for distance measurements such as nearest

neighbor classification and clustering (de Souto et dl.,

2008; Doherty et al., 2004; Doherty, 2007; Visaakshi
and Thagavel, 2009; Wang and Zhang, 2009). Previous
studies on normalization with machine learning algo-
rithms revealed that in most of the studies, normal-
ization improved the performance of the machine learn-
ing agorithms (Doherty et a., 2004; Jolai and Ghanbari,
2010; Kim et al., 2005), and there was no single nor-
malization method that always dominate the others (Al
Shalabi and Shaaban, 2006; de Souto et al., 2008; Jain
et d., 2005; Shanker et al., 1996; Wang and Zhang,
2009). Thus, it is very important to select specific nor-

malization procedures according to the domain.

2.2 Back-propagation Neural Network

Neura networks, which constitute an area of ma-
chine learning, are mathematical models of brain
activity. In the area of bankruptcy prediction, neural
networks have been used in place of the statistical
method for a long time because neural networks need
no priori assumption of models and can infer under-

lying complex, and non linear relationships.

The network model trained by BPN is particularly
the most popular tool used for bankruptcy prediction
problems because its prediction accuracy outperforms
other models. BPN has long been one of the most ef-
ficient learning procedures for multi-layer networks.
The learning method for BPN is supervised learning.
Within the BPN, the layers are connected by weights.
The connection weights between the neurons are the

links between the inputs and the outputs, and there-
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fore, are the links between the problem and solution.
BPN'’s activation function has two parts. The first
part is the combination function that merges all the
inputs into a single value. The most common combi-
nation function is the weighted sum. The second part
of the activation function is the transfer function,
which transfers the value of the combination function
to the output of the units. Three typical transfer func-
tions for BPN are sigmoid, linear, and hyperbolic
tangent. Among these, the sigmoid and hyperbolic
tangents are the most widely used functions and they
result nonlinear behavior. Their major difference is in
the ranges of their outputs, which are [0, 1] for the
sigmoid functions and [-1, 1] for the hyperbolic tan-
gent functions (Berry and Linoff, 1997).

Previous studies on BPN for bankruptcy pre-
diction revealed that to prove that BPN is an effec-
tive method of bankruptcy prediction problems,
most researchers compared BPN with other learn-
ing methods such as logistic regression, liner dis-
criminant analysis, multiple discriminant analysis,
k-nearest neighbor, decision trees (Barniv et al.,
1997; Chen and Du, 2009; Fletcher and Goss,
1993; Javanmard and Saleh 2009; Sharda and
Wilson, 1993; Tsukuda and Baba, 1994; Wilson
and Shandra, 1994; Yim and Mitchell, 2002). To
improve the performance of BPN, most researchers
are interested in optimizing the network archi-
tecture and learning parameters (Khashman, 2010;
Leshno, 1996, Moody and Utans, 1995; Rahimian et
al., 1993; Sen et al., 2004; Surkan and Singleton,
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1990; Utans and Moody, 1994), and the effects of
the normalization on the performance of network

are almost neglected.

2.3 Genetic Algorithms

GA is an adaptive search procedure that can
search for large and complicated spaces, given cer-
tain conditions on the problem domain. GA tend to
converge on solutions that are globally nearly so
(Deboeck, 1994). GA performs the search process
in four stages: initialization, selection, crossover,
and mutation (Davis, 1991).

In the initialization stage, a population of
genetic structures (called chromosomes) are ran-
domly distributed in the solution space is selected
as the starting point of the search. The selection is
similar to natural selection, wherein only the fittest
individuals in the population survive to pass their
genetic material to the next generation. Selection
methods can have an important influence on the
evolutionary process. The purpose of selection is
to choose appropriate individuals from the current
generation to create offspring and to propagate the
fitter individuals (Mitchel, 1996). The next oper-
ator that is applied to the surviving genomes is the
crossover. The purpose of the crossover is to split
the parent chromosomes and exchange the corre-
sponding components to create offspring, with the
expectation that the recombination of genes may
introduce new features to the individuals. Mutation

rarely occurs in nature and is the result of the pass-
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ing of a miscoded genetic material from a parent to
a child. The resulting change in the gene may rep-
resent a significant improvement in the fitness of
the existing population (Berry and Linoff, 1997).

GA is particularly suitable for multi-parame-
ter optimization problems with an objective func-
tion that is subject to numerous hard and soft
constraints. They can also be used as data mining
and knowledge discovery to discover previously
unknown patterns. Many researchers are becoming
interested in bankruptcy prediction problems with
GA to optimize the model performance (Jiang et
a., 2007; Kim and Han, 2000; Kim and Han 2003;
Min et al., 2006; Shin and Han, 1996; Shin and
Lee, 2002; Wu et al., 2007).

3. Experiment Design

Each normalization method has its own
strengths and weaknesses, and no single normal-
ization method always dominates the others in al do-
mains and algorithms. Thus, it is difficult to de-
termine the optimal normalization method for the in-
put data. Therefore, in this study, a GA-based nor-
malization transform, which is a linearly weighted
combination of several different normalization trans-
forms, is proposed. A set of parameters, that include
weighting coefficients are determined. To determine
the optimal set of parameters in the entire solution
space, GA is employed. The proposed GA-based nor-

malization is shown in <Figure 1>.

Experiment Data ]

The First Stage
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<Figure 1> A GA based Normalization Approach for BPN
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The proposed approach is divided into three
main stages. Normalization, Generalized normal-
ization (GN) for BPN, and GA based normalization.

3.1 Normdlizaion Stage

In the normalization stage, each input nor-
malization method is determined. In this study,
four types of data normalization methods were

used.

Min-max normalization :

Norm.1= M (1)
(max—mln)
Mean valued normalization :
Norm.2 = ) 2
mean
Median normalization :
_ Vi
Norm.3 = “median (3)
Z-score normalization :
Nopm.d — \Vizmean) @

0

Where in ¢ is the Standard Deviation.

Excluding the min-max normalization, the in-
put value normaized with the mean, median, and
z-score did not fall into [0, 1] rage, so in this study
logistic function transformed normalized value was
applied to the value of [0, 1].
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3.2 Generdized Normdization for BPN

Each normalized input value differs from oth-
ers according to the normalization method used. To
generalize those individually normalized input val-
ues, a linearly weighted combination of four normal-
ization transform GN is proposed. In this stage the
same weight was assigned to each normalization
method, after which it was used to train the BPN.

GN = W1XN.1+ W2XN.2+W3xN.3

+W4x N4 = f]] W,N, (5)
Here, w1, w2, w3, and w4, are real numbers
within the range [0, 1], with wl+w2+w3+w4=1.
To train the BPN with generally normalized input
data, PASW Statistics 18.00's Multi-layer Perceptrons
were used. Here, the network architecture and learn-
ing parameters were determined as follows: for the
network architecture, one hidden layer, four hidden
units were set, and the sigmoid functions were ap-
plied to the hidden units and output's activation
functions. For the network training, the batch learning
method and 0.3 were used for the initia learning rate,
0.7 for the momentum, and 0.5 for the interval
center. To assign an optimal or nearly optimal weight
to each normalization method used, the BPN model
was represented on Microsoft Excel 2010 sheet.

3.3 GA-based Normadlization

In the third stage, GA was used to determine
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the optimal weight for each normalization method.
The weight was then used to transform the input data
into the corresponding normalized input value. When
GA is applied, the task of defining a fitness function
is aways application specific. In this study, the ob-
jective of the system was to improve the performance
of BPN. Thus in this study, the classification rate of
the validation set was applied to the fitness function.

Mathematically, the fitness function is expressed as :
Mazimize Hit = %Z VA, (6)
i=1

Wherein is the classification accuracy of the
case of the validation set denoted by 1 and O (‘cor-
rect' =1, ‘incorrect’ =0). The parameters i.e, the
population size, crossover rate, mutation rate, and
stopping condition had to be defined first in the de-
velopment of the GA-based system. There has been
a debate regarding the optimal controlling parameters
that should be specified for experimentation. For this
study, 500 organizations in the population were used,
0.5 in the crossover rate, and 0.06 in the mutation

rate. For the stopping condition, 4,000 trials was used.

4. Experiment and Results

4.1 Research Data and Experiment

The research data consisted of 106 financial
ratios of Korean non-audit construction companies.

The total sample available included 2020 companies

whose commercial papers have been rated during
2003 to 2008. The bankruptcy conditions were defined
as outputs and classified as two groups (bankruptcy =
1, healthy = 0) according to the financial status. The
data set was arbitrarily split in to three subsets: about
60 percent of the data was used for a training set, 20
percent for a test set and the remain 20 percent for
a validation set. The training and test data were used
to construct model and the validation data was used
to test the validation of the model .

We applied two stage of input variable se-
lection process. At the first stage, we selected 24 var-
iables by 1-way ANOVA. In the second stage, we
selected 9 variables using a MDA stepwise method to

reduce dimensionality. The aim of input variable se-

<Table1> Definition of Variables

Variables Definitions Data
Type
Net income before taxes to total )
X1 Numeric
assets
X2 Net income to sales Numeric
X3 Retained earning vs. total assets Numeric
x4 Opgraﬂng profit of managerial Numeric
capital
X5 Interest expenses to sales Numeric
X6 Net interest expenses to sales Numeric
X7 Taxes and dues Numeric
GrossValue added to total assets or )
X8 = ) Numeric
productivity of capital
X9 Operating flow vs. total liabilities Numeric
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lection approach is to select the input variables sat-
isfying the univariate test first, and then select sig-
nificant variables by stepwise method for refinement.
The selected variables for this study are shown in
<Table 1>.

4.2 Resaults and Analysis

As mentioned previously, the proposed model has
three steps. In the first normalization stage, data were
normalized with four different normalization methods
(min-max, mean, median, and Z-score). To inves-
tigate the effectiveness of GA based normalization,
individually normalized data were applied to the
BPN. In the second stage, four individually normal-
ized input values were combined with equaly as-
signed weights. These data were also applied to the
BPN. In the third stage, GA was applied to search for
the optimal weight for each normalization method,

then GA based normalization was used to transform

<Table 2> Performance of BPN with Differently
Normalized Data Sets

Data Min-max | Mean | Median | Z-score | GAopt
Sets
Training | 74 ha0r | 69:33% | 70.77% | 69.64% | 72.80%
& Test

Validation | 68.81% | 70.54% | 71.29% | 66.09% | 75.00%

" GAopt = GA-based Normalization.

the input data into the corresponding normalized input
values. <Table 2> shows the effect of different nor-
malization methods on the BPN performance.

The McNemar test was used to examine
whether or not the predictive performance of the pro-
posed approach was significantly better than that of
the other methods. Since this study is interested in the
impact of normalization methods on the performance
of BPN, the test measure for testing was the classi-
fication accuracy rate (the number of correct classi-
fication from the number of whole validation sam-

ples). <Table 3> shows the results of the McNemar

<Table 3> Mcnemar Value for Comparison of Performance between the Normalization Methods

Significant level

Min-max Mean Median Z-Score GAopt

Min-max - 0.483 0.261 0.100° 0.002"™

Mean - - 0.799 0.039" 0.016"

Median - - - 0.008™ 0.037"

Z-Score - - - - 0.000™
GAopt - - - - -

" Significant at 1%, " Significant at 5%, "Significant at 10%

8
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<Figure 2> Cassification Accuracy of the Validation Set

test. The results indicate that BPN using input data
normalized via the GA approach has significantly

higher classification accuracy than other methods..

5. Conclusons

In this study, a GA based normalization ap-
proach was proposed. GA was used to find the opti-
mal or nearly optimal weight for the combination.
The preliminary results showed that the proposed
method significantly increased the BPN performance,
which means it is a stable method for BPN in bank-
ruptcy prediction problem. The results of this study
also showed that the genetic algorithm is an effective
method of knowledge extraction, since nearly optimal
or optimal weight can be obtained using GA.

This study had the following limitations that
point to the need for further research. The first limi-
tation is that the data used in our study came from
a non-audit construction company. In future studies,
we need to apply the proposed method to external au-

dit industry companies to examine the method's val-

idity and reliability. The second, limitation is that in
setting up the GA optimization problem, several pa-
rameters such as the stopping conditions, population
size, crossover rate, and mutation rate must be
selected. The third, limitation is only four normal-
ization methods (min-max, mean, median, Z-score)
were used, even though other normalization methods

also have considerable.
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