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ABSTRACT

A number of recent studies have demonstrated that artificial intelligence such as back-propagation
neural networks (BPN) can be an alternative methodology for classification problems to which
traditional statistical methods have long been applied. However, the well-known limitations of gradient
search techniques such as BPN applied to complex nonlinear optimization problems have often
resulted in inconsistent and unpredictable performance.

We investigate the classification performance of neuro-genetic approaches for the bankruptcy
prediction tasks. Although genetic algorithms (GAs) and BPN have in common that they are general
search techniques, empirical studies show GAs perform a more global search than BPN. The
preliminary results demonstrate that genetic training can be an alternative training algorithm for neural

networks learning, although the model does not outperform the back-propagation learning algorithm
[. INTRODUCTION

A number of ways of determining the potential for corporate failure using past financial data is a
well-documented topic. The solution to this problem is a discriminant function from the variable space
in which observations are defined into a binary set. In particular, a number of recent studies have
demonstrated that artificial intelligence such as back-propagation neural networks (BPN) can be an
alternative methodology for classification problems to which traditional statistical methods have long
been applied (Barniv er af, 1997; Bell, 1997; Boritz and Kennedy, 1995; Chung and Tam, 1992;
Etheridge and Sriram, 1997; Chen et al., 1995; Fletcher and Goss, 1993; Jo et af., 1997; Markham and
Ragsdale, 1995; Odom and Sharda, 1990; Salchenberger er a/., 1992; Shin and Han, 1998: Shin er «/.,
[998: Tam and Kiang, 1992:; Wilson and Sharda, 1994).



However, the well-known limitations of gradient search techniques such as BPN applied to complex
nonlinear optimization problems have often resulted in inconsistent and unpredictable performance.
Although prior studies have attempted to address the problem by adjusting the characteristic of back-
propagation (Coats and Fant, 1993; Fahlman and Lebiere, 1990; Lacher et /., 1995; Wang, 1995), the
results were rather disappointing.

This paper investigates the effectiveness of neuro-genetic approach which combines neural networks
(NNs) and genetic algorithms (GAs) to build a bankruptcy prediction model. In this approach, GAs are
used to search the weight space of a neural network without the use of any gradient information
{Montana and Davis, 1989). Although GAs and BPN have in common that they are general search
techniques, empirical studies show GAs perform a more global search than BPN (Kitano, 1990: White,
1093).

The remainder of this paper is organized as follows. The next section provides the basic concepts of
neuro-genetic approach we are applying including the general description of GA methodology. The
third section describes model building process. The fourth section presents comparison results with

BPN and the final section discusses further research issues.

II. NEURO-GENETIC METHODOLOGY

2.1 Genetic Algorithms

GAs are stochastic search techniques that can search large and complicated spaces on the ideas from
natural genetics and evolutionary principle (Davis, 1991; Holland, 1975, Goldberg, 1989). GAs
perform search process in four stage: initialization, selection, crossover, and mutation (Davis, 1991:
Wong and Tan, 1994). They have been demonstrated to be effective and robust in searching very large
spaces in a wide range of application (Colin, 1994; Fogel, 1993; Klimasauskas, 1992; Koza, 1993;
Shin and Han, 1998). In the initialization stage. a population of genetic structures (called
chromosomes), that are randomly distributed in the solution space is selected as the starting point of the
search. After the initialization stage, each chromosome is evaluated using a user-defined fitness
function. The goal of the fitness function is to numerically encode the performance of the chromosome.
For real-world applications of optimization methods such as GAs, the choice of the fitness function is
the most critical step.

The mating convention for reproduction is such that only high scoring members will preserve and
propagate their worthy characteristics from generations to generation and thereby help in continuing

the search for an optimal solution. Chromosomes with high performance may be chosen for replication
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several times, whereas poor-performing structures may not be chosen at all. Such a selective process
causes the best-performing chromosomes in the population to occupy an increasingly larger proportion
of the population over time.

Crossover causes to form new offspring between two randomly selected ‘good parents’. Crossover
operates by swapping corresponding segments of a string representation of the parents and extends the
search for new solution in far-reaching direction. The crossover occurs only with some probability (the
crossover rate). There are many different types of crossover that can be performed: the one-point, the
two-point, and the uniform type (Syswerda,1989).

Mutation is a GA mechanism where we randomly choose a member of the population and change
one randomly chosen bit in its bit string representation. Although reproduction and crossover produce
many new strings, they do not introduce any new information into the population at the bit level. If the
mutant member is feasible, it replaces the member which was mutated in the population. The presence
of mutation ensures that the probability of reaching any point in the search space is never zero.

GAs have been increasingly applied in conjunction with other Al techniques such as neural
networks, rule-based system, fuzzy theory, and CBR. The integration of GAs and neural networks is a
rapidly expanding area. The common problems faced by researchers and developers in using neural
network techniques are optimization of input selection, network design and learning condition. Various
problems of neural network design can be optimized using GAs (Wong and Tan, 1994). Examples
nclude selecting relevant input variables, determining the optimal number of hidden layers, nodes and
connectivity, and tuning the learning para;neters (Bishop, ef af., 1993; Harp and Samad, 1991 Schaffer,
ctul., 1992),

Another method of combining neural networks and GAs is called neuro-genetic approach (Harp, et
ol 1989: Heistermann, 1989; Miller, et al., 1989; Miihlenbein, et al., 1989; Montana and Davis, 1989;
Whitley, 1988, 1989; Whitley and Hanson, 1989) which will be discussed in detail in the following
section. In neuro-genetic model, GAs are used to search the weight space of a neural network without
the use of any gradient information.

(i As are also used in conjunction with fuzzy logic systems to provide an appropriate set of fuzzy IF-
THEN rules for classification problems (Ishibuchi, e @/, 1993) and to improve fuzzy logic controller
(Karr. 1991: Park, er al., 1994).

Few studies have dealt with hybridization of genetic and case-based reasoning. though there exists a
vreat potential for useful applications in this area. Wang and Ishii (1997) applied GAs to the method of
stmilarity metrics based on the cases being represented by structured representations. The recent study
ol Shin and Han (1998) proposed a new hybrid approach using genetic algorithms to case-based

retrieval process in an attempt to increase the overall classification accuracy. They utilized a machine
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learning approach using genetic algorithms to find an optimal or near optimal importance weight

vector for the attributes of cases in case indexing and retrieving.
2.2 Neuro-genetic approach

In neural networks training, the most commonly used algorithms are versions of the back-
propagation algorithms developed by Rummelhart et al. (1986). The well-known limitations of
gradient search techniques applied to complex nonlinear optimization problems have often resulted in
inconsistent and unpredictable performance. They typically start at a randomly chosen point (set of
weights) and then adjust the weights to move in the direction which will cause the errors to decrease
most rapidly. These types of algorithms work well when there is a smooth transition toward the point
of minimum error. Unfortunately, however, the error surface of the neural network is not smooth. It is
characterized by hills and valleys that cause techniques such as BPN to become trapped in local
mintmum.

Many researchers have attempted to address the problems associated with the training algorithm by
imposing constraints on the search space or by restructuring the architecture of the neural network
(Coats and Fant, 1993; Fahlman and Lebiere, 1990; Lacher er al., 1995; Wang, 1995). The recent study
of Sexton, er «/.(1998) demonstrates that such constraints and restructuring are unnecessary if a
sufficiently complex initial architecture and an appropriate global search algorithm is used and show
that the genetic algorithm can not only serve as a global search algorithm but by appropriately defining
the objective function it can simultaneously achieve a parsimonious architecture.

The idea of combining GAs and NNs came up first in the late 1980s (Harp ez al., 1989, Heistermann,
1989: Miller. ¢t af., 1989; Miihlenbein, et al., 1989; Montana and Davis, 1989; Whitley, 1988, 1989;
Whitley and Hanson, 1989) and it has generated an intense field of research in the 1990s (Whitley, et
al.. 1990; Dodd. 1990; Kitano, 1990; Heistermann, 1990; Schiffmann and Mecklenburg, 1990;
Schiffimann, ¢t al., 1991, 1992, 1993; Weiss, 1990). Much of the research has focused on the training
ot feedforward networks (Fogel, et al., 1990; Whitley, er a/.. 1990), applying evolutionary algorithms
to recurrent neural networks (Angeline, er al, 1994; Beer and Gallagher, 1992: Bornholdt and
Graudenz. 1992), generalized regression neural network(Hansen and Meservy. 1996), and Hoptfield
neural networks (Shirai. et al., 1994; Lin, et af., 19953).

In neuro-genetic approach, the learning of a neural network is formulated as a weights optimization
problem. usually using the inverse-mean-square error as a fitness measure. The basic concept behind
this technique is as follows. A complete set of weights is coded in a string. which has an associated

“fitness” representing its effectiveness. Starting with a random population of such strings. successive
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generations are constructed using genetic operators to construct new strings out of old ones such that
better strings are more likely to survive and to participate in crossover operations. Unlike the back-
propagation learning rule, GAs perform a global search and are thus not easily fooled by local
minimum. The utilization of the linkage among population searches makes the GA a good global

search method.

III. MODEL DEVELOPMENT

The architecture of our neuro-genetic models is represented by a connectivity constraint matrix of
dimension {(M+1)N + (N+1)}, with the first column denoting the constraint on the threshold bias of
each unit, and the final M columns specifying the constraints on the connections between the N units.

The weights and biases in a neural network are encoded in order as a list. An example is shown in

Figure 1.
Input nodes
bias 1 2 3 4 ... M Output
T1(02 -03 15 09 04 .. .. 0.6 layer
82109 12-34 05 1.2 ... -0.1 _
g _ weights
3 . Hidden
o] . Y50 W
§ weights bias 1 2 layer
N|06 -13 05 19 14 ... .. 26 weiahts
. Input
Hidden nodes bias 1 2) sereen (M !a)?er
Jo bas 12 3 4 .. N A $ A
85 112 -05 05 19 14 .. .. 1.4
- ﬂ (Three-Layer Network)
Encoding {0.2 -0.3 15 09 04 ... .. 0.6,
09 12 -34 05 12 ... -0.1,
06 -13 05 1.9 14 .. .. 26
12 -05 05 19 14 ... .. -1.6}

Figure 1. Encoding a network on a string

As shown in Figure 1, each string (chromosome) codes for weights of neural networks. The string ot

the network is encoded as (wy;. wy2 ... wyy), where each value is a connection weight.
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The GAs maintain a population of strings (each of length (M+1)N + (N+1)). The initial members of
the population consist of weights, and are chosen at random within some interval, for example, (-1, 1).
This initialization allows the GAs to explore the range of all possible solutions, and this tends to favor
the most likely solutions. The interval we apply for the neural network weights is (-4,4).

There has been much debate regarding the optimal population size for the problem. Generally, the
population size is determined according to the size of the problem (bigger population for larger
problem). The common view is that a larger population takes longer to settle on a solution, but is more
likely to find a global optimum because of its more diverse gene pool. We use 100 strings in the
population for this study.

To cvaluate the fitness of a string, the weights on the chromosome are assigned to links in a network
of a given architecture, the network is then run over the training set of examples, and the sum of the
crrors is returned from each example. In other words, the network plays the role of an evaluation
function in our GAs. The activation function of the networks we apply is the sigmoid function.

The genetic operators such as crossover and mutation which are described in the previous section are
used to search for the optimal weight set solutions. Several parameters must be defined for the above
operators, and the values of these parameters can greatly influence the performance of the algorithm.
The crossover rate ranges 0.5 - 0.7 and the mutation rate ranges 0.06 - 0.1 for our experiment. As a
stopping condition, we use 3,000 trials. These processes are done by the genetic algorithms software

package EvolverTM 4.0, called from an Excel macro.

IV. EXPERIMENTS AND RESULTS

4.1 Data and Variable

The data set contains 1,450 small sized manufacturing companies. Among cases, 1,225 companies
are bankrupt firms which filed for bankruptcy during the period of 1995 -1997. The financial ratios are
used as the input variables of the model. A two-step procedure is used to select input variables. We
sclect input variables satisfying the univariate test first. and then select significant variables by stepwise
method for refinement. At the first stage, we select 30 variables by factor analysis. I-way ANOVA
(between input variable and output variable). In the second stage, we select 10 financial variables using

stepwise method to reduce the dimensionality. Table I illustrates the selected variables for this study.
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Table 1. Selected variables

Variables Names
x1 Inventory (A)
x2 Total assets (A )
x3 Ordinary income to total assets
x4 Net income to total assets
X5 Retained earnings to total assets
X6 Stockholders' equity to total assets
x7 Total borrowings to total assets
x8 Total borrowings to sales
x9 Inventory turnover
x10 Cash flow to interest expenses

Each data set is split into two subsets, a training set and a validation (holdout) set. The training data
are used to train the prediction models. The validation data are used to test the model's results with the
data which have not been used to develop the system. For each set of data set (bankrupt and non-
bankrupt), a training subset and testing subset, consisting of 80% and 20% of the data, respectively, are
randomly selected. We replicate five times (Setl to 5) of data set selection, estimation and testing

process to reduce the impact of random variation in data set composition.
4.2 Experiments and Results

To study the effectiveness of neuro-genetic approach for the bankruptcy prediction modeling, the
results obtained by applying the hybrid approach are compared with results from BPN and other

statistical classification techniques. Table 2 presents the comparison of the results of these models.

Table 2. Classification accuracies (hit ratio: %)

Logit BPN Neuro-genetic

Train Test Train Test Train Test

Set | 71.03 67.59 74.31 71.03 71.98 69.66
Set 2 70.86 67.93 71.81 70.34 71.63 69.66
Set 3 68.88 73.79 71.12 76.21 69.96 75.17
Set 4 71.47 65.17 73.71 68.97 71.98 70.34
Set 3 68.79 71.03 73.45 69.66 71.63 69.66
Average 70.21 69.10 72.88 71.24 71.44 70.90

Among the modeling methods, the neural networks model has the highest level of average accuracy
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(71.24%) across the given data sets, followed by neuro-genetic model using genetic training technique
(70.90%), and logit model (69.10%). We have expected that neuro-genetic model using genetic
training would show a better performance than the back-propagation neural networks considering the
fact that GAs perform a more global search than BPN (Kitano, 1990; Sexton, et a/.,1998; White, 1993).
However, the performance of the hybrid approach combining GAs and NNs is slightly inferior to that
of the back-propagation. Since the difference of average classification accuracy of five sets is very
small {0.34%), we apply the McNemar tests to examine whether the predictive performance of the
BPN is significantly higher than that of neuro-genetic approach. The McNemar test is a nonparametric
test of the hypothesis that two related dichotomous variables have the same means. This test is useful
for detecting changes in responses due to experimental intervention in 'before and after’ designs using
the chi-square distribution. Since we are interested in the correct prediction of cases, the measure for
testing is the classification accuracy rate (the number of correct classification from the number of
whole holdout samples). Table 3 shows the results of McNemar tests to compare the classification
ability between the BPN and the neuro-genetic model holdout samples. As shown in Table 3, the BPN

dose not reject the null hypothesis that the classification results of two methods have the same means.

Table 3. McNemar values for the pairwise comparison of performance between models

Neuro-genetic Vs. Back-propagation
Set | Set2 Set 3 Set 4 Set 3
Chi-Square 0.07143 0.00769 0.12121 0.23684 0.00000
(P-value) (0.78927) (0.93011) (0.72772) (0.62650) (1.00000)

From the preliminary results above, we conclude that genetic training can be an alternative training
algorithm for neural networks learning, although the model does not outperform the back-propagation
learning algorithm. We analyze the reasons of rather disappointing results for the following reason.
GAs are less competent in local searching since the search in GAs is mainly driven by the crossover
operation. Each new individual competes with other individuals instead of the original one. and the
competition occurs only once per generation. 1f we see the entire population as one entity, such a GA is
a population hill-climbing method. Local search is important because it could help GAs do a more
rapid and comprehensive search than can crossover and mutation (Lin e /.. 1995). To increase the

effectiveness of GAs, we should consider the way to deal with these problems.
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CONCLUDING REMARKS

The aim of integrating different method is to make more powerful and efficient technique by taking
advantage of the strength of each method. Therefore, developing more effective technique using
synergistic integration is continuing research issue. We still think that GAs and NNs are somewhat
complementary each other because GAs have the problem of local search, and NNs are lack of global
search ability.

While genetic training approach of NNs have not proven to be better than the best gradient descent
methods for this study, this is still a viable research area for situations in which BPN is not effective.
For future work, we intended to apply the technique to more complicated problems that the global

search is more applicable.
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