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Abstract

Neural networks are designed to detect complex relationships among variables better

than traditional statistical methods.

Our study examined whether the complexity of

the response measure impacts whether logistic regression or a neural network pro-

duces the highest classification accuracy for financially distressed firms.

We com-

pared results obtained from the two methods for a four state response variable and a
dichotomous response variable. Our results suggest that neural networks are not su-
perior to logistic regression models for the traditional dichotomous response variable,
but are superior for the more complex financial distress response variable.

Introduction

ur study examines the impact that the

complexity of the financial distress

response variable has on the relative
predictive ability of logistic regression models
and neural networks. We examine this impact
by comparing the relative ability of neural net-
works and logistic models to distinguish between
(1) a dichotomous response variable and (2) a
multi-state response variable.

As recommended by Greenstein and
Welsh (1996), we conduct our analysis on an
unbalanced sample. We use Ward and Foster’s
(1996) unbalanced sample, but collapse their
three distressed states into one distressed state to

Readers with comments or questions are encour-
aged to contact the authors via e-mail.

21

create a dichotomous response variable. Neural
networks and logistic regression models produce
comparable classification accuracy rates for the
dichotomous response variable. In contrast, with
the same sample, Zurada et al. (1997) found that
their neural network better classified the firms
into four states of distress than did Ward and
Foster’s (1996) logistic regression models.
Comparing our results to Zurada et al.’s (1997)
results provides evidence that neural networks
provide higher predictive accuracy than logistic
models for a more complex response variable.
However, logistic models may perform as well
or better than neural networks in predicting a di-
chotomous response variable.

The rest of this paper is organized as

follows. The next section more fully discusses
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the motivation for the paper and reviews prior
literature. We then describe our research meth-
ods and discuss the results of our analysis. The
final section contains our conclusions.

Motivation and Literature Review

Some researchers believe neural net-
works can capture more complex relationships
between and among variables than can traditional
statistical analysis. Explaining a multi-state re-
sponse variable should require more complex
relationships among and between independent
variables than would explaining a two-state re-
sponse variable. Consequently, while logistic
models may perform as well as neural networks
in predicting a dichotomous financial distress re-
sponse variable, neural network literature sug-
gests that neural networks should better predict
companies in a multi-state financial distress
context than logistic models. To examine this is-
sue we compared the -classification accuracy
rates for neural networks to those of logistic re-
gression models, on the same sample data.
Unique to this study, we compared the classifi-
cation accuracy rates of the two techniques for
both a dichotomous and multi-state financial dis-
tress response variable.

Comparison of logistic regression and neural
networks for dichotomous financial distress re-
sponse variables

Several studies compared the predictive
ability of neural networks and traditional statisti-
cal models to distinguish between financially
troubled companies and healthy companies.
Some studies found neural networks were some-
what better at distinguishing between the firms.
For example, Coats and Fant (1993) found that a
neural network was better at distinguishing the
companies than a multiple discriminant model
while Lenard et al. (1995), Fletcher and Goss
(1993), and Salchenberger et al. (1992) found a
neural network superior to a logistic regression
model. Limitations of these studies are that they
conducted their analysis on a sample that
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matched one healthy firm with one distressed
firm and that they use a dichotomous response
variable.

Not all prior research supports the supe-
riority of neural networks over traditional statis-
tical techniques. For example, in a study of
healthy and financially vulnerable or unsound
Italian industrial firms, Altman et al. (1994)
found that a neural network produced classifica-
tion results comparable and sometimes superior
to linear multiple discriminant analysis (LDA).
However, they concluded that LDA produced
better results overall because of concern about
the neural network producing illogical weight-
ings of some indicators and overfitting in the
training stage.

Greenstein and Welsh (1996) compared
the ability of a neural network and logistic analy-
sis to predict bankrupt and healthy U.S. firms.
They used a training sample in which 20% of the
firms had declared bankruptcy and a testing data
set that included less than 1% bankrupt firms.
Greenstein and Welsh found that, overall, a lo-
gistic model outperformed the neural network in
predicting the testing data set. Thus, they noted
their results should generate caution when inter-
preting the results of prior studies that used
matched-pair data sets.

Research with multi-state distress response vari-
ables

Some researchers have examined the
usefulness of different accounting information in
traditional multi-state statistical models. (For
example, see Bahnson and Bartley (1992), Ward
(1994), and Ward and Foster (1996)). Bahnson
and Bartley (1992) cautioned that when a multi-
state definition of financial distress was used
rather than the traditional bankrupt vs. nonbank-
rupt definition, logistic regression models pro-
duce different research results. Ward and Foster

(1996) used ordinal logistic models to analyze a -

four-state response variable from an unbalanced
sample of healthy and distressed firms. (Over
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70% of the firms included in their sample were
healthy.) Zurada et al. (1997) performed a neu-
ral network analysis on Ward and Foster’s
(1996) to compare classification accuracy rates
on the multi-state holdout sample for the neural
network and logistic models. Zurada et al. con-
cluded that neural networks generally produced
better overall classification rates than logistic
models.

Current study’s goals

Prior literature suggests that the relative
predictive ability of neural networks and logistic
regression models can be impacted by sample
proportions and the complexity of the response
variable. We want to examine this issue. Thus,
we compare the differences between neural net-
work and logistic model classification rates for a
dichotomous response variable to the differences
between the classification rates from the same
sample for a multi-state response variable.

,,R.esearch: Methods
—Sample

We use Ward and Foster’s (1996, p.
140) sample for the analyses reported in this
study. The sample was derived by using Wall
Street Journal Index and Compact Disk Disclo-
sure information from 1988 and 1989 to identify
companies that became bankrupt or defaulted on
loan interest or principal payments or received a
favorable debt accommodation. Also, a search
of Compustar tapes identified companies that
had, after paying a dividend for each of the three
prior years, cut their dividend by at least 40%.
Ward and Foster then randomly matched the
distressed companies with healthy companies
across the same industries. (See Ward and Foster
(1996, p. 140) for a complete description of the
sample and sampling technique employed.)

Nineteen eighty-eight firms were used
as the training sample and 1989 firms as a hold-
out sample. The 1988 sample totals 204 compa-
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nies of which 150 were healthy and 54 were dis-
tressed firms (16 cut dividends, 21 loan de-
faulted or received a favorable debt accommoda-
tion, and 17 went bankrupt). The 1989 sample
serves as a test sample and includes 141 compa-
nies of which 103 were healthy and 38 were dis-
tressed (12 cut dividends, 13 loan defaulted or
received a favorable debt accommodation, and
13 went bankrupt). Unlike many samples used
in previous studies, distressed companies are not
as numerous as the healthy companies included
in the sample.

Variables and Time Period Investigated

Because we compare neural network
and logistic regression model results for a di-
chotomous and multi-state response variable
from their sample, we examine the same inde-
pendent variables used by Ward and Foster
(1996, 139-141). The independent variables are
traditional accrual accounting ratios or traditional
ratios adjusted for accounting allocations: (1)
SALESCA = sales/current assets, (2) CACL =
current assets/current liabilities, (3) OETL
owners’ equity/total liabilities, (4) CATA = cur-
rent assets/total assets, (5) CASHTA cash
plus marketable securities/total assets, (6) SIZE
= log (total assets), (7) CFFF = estimated cash
flow from financing activities/total liabilities,
and (8) CFFI estimated cash flow from in-
vesting activities/total liabilities.

Ward and Foster (1996) developed four
different logistic models with these variables.
The ninth variable varied depending on the
model used. Each model included the independ-
ent variables described above and one of the
following variables: (a) NITA net income/
total assets, (b) DPDTADJ = depreciation and
amortization and deferred tax allocations ad-
justed operating flow/total assets, (c) NQA
FLOW net-quick-assets operating flow/total
assets, or (d) CFFO = estimated cash flow from
operating activities/total assets. Ward and Fos-
ter (1996) focused on the impact of accounting
allocations on predictive models. Consequently,
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for the models including DPDTADJ, NQA
FLOW, and CFFO, they removed the impact of
depreciation and deferred taxes from the scaling
measures of total assets, total liabilities, and
owners’ equity. (See Ward and Foster, 1996, p.
141 for a more complete description of the vari-
ables.)

Ward and Foster (1996) and Zurada et
al. (1997) examined an ordinally scaled response
variable with companies coded as: 0 = healthy,
1 = dividend cut, 2 = loan default or favorable
debt accommodation, or 3 = bankruptcy. To
conduct our comparison of the relative predictive
ability of neural networks and logistic models,
we collapse the three distressed categories into
one category to produce the following dichoto-
mous response variable: 0 = healthy and 1 =
distressed. Following Ward and Foster (1996),
we analyze data from 1987, 1986, and 1985 for
the 1988 companies. A neural network and lo-
gistic regression model are developed for each
year’s data. We then apply the results from
these analyses to data from 1986, 1987, and
1988 to the holdout sample of 1989 companies.
Like Ward and Foster (1996, 148), based on the
output probabilities produced for the 1989 com-
panies, we use the holdout sample proportions as
the cutoff classification point when classifying
firms.

Neural Network Model

In this study we use the same neural
network structure as Zurada et al. (1997). This
is one of the most popular neural networks used
in financial applications, a two-layer feed-
forward neural network with error back-
propagation. Zurada e al.’s network architec-
ture included four neurons in the output layer
and the number of neurons in the hidden layer
varied from 12 to 30. We used the same neural
network architecture in this study, except the
output layer included -only two output neurons.
Figure 1 provides a graphical representation of
the neural network used by Zurada et al. (1997)
while Figure 2 provides a graphical representa-
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tion of our neural network. The figures illustrate
the additional complexity caused by including
four rather than two output neurons.

We train and test the neural network on
the nine input variables for the years discussed
above. Each neuron uses a sigmoidal unipolar
activation function that produces a value within
the range (0, 1). Before training begins, the
network’s weights are initialized at random with
values within the range (-0.1, 0.1). Also, to
prevent network’s saturation, the nine variables
are normalized to values from within the interval
(-1, 1). During training, a nine-tuple (nine vari-
ables) that constitutes a training pattern is sub-
mitted to the network. The pattern flows
through the network’s layers and for the di-
chotomous response variable appears as a couple
on the output. The network’s output is con-
fronted with the true response submitted by a
teacher. In this case the true responses, (1, 0)
and (0, 1) represent a healthy firm or a dis-
tressed firm, respectively. In Zurada et al.’s
(1997) study, for the multi-state response vari-
able, the pattern appears as a four-tuple on the
output and the true responses, (1, 0, 0, 0), (0, 1,
0, 0), (0, 0, 1, 0), and (O, O, O, 1) represent: a
healthy firm, a firm that experienced dividend
cuts, a firm that experienced a loan default, and
a firm that filed for bankruptcy, respectively.

The differences between the network’s
output and the true output are passed back to the
neural network to modify its weights. This pro-
cess, called a training step, is repeated for all
204 training patterns (the 204 firms) in the
training set. The training set is shown to the
neural network 30,000 times. (This number is
chosen arbitrarily and it guarantees that the
maximum allowable error value will be reduced
to a small value.) After training is finished, the
network’s performance is tested for 141 test
patterns (the 141 holdout firms) which the net-
work has not seen during training. The net-
work’s decision is determined by the larger of its
two outputs for the dichotomous response vari-
able and was determined by the largest of its
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Figure 1. The neural network used for testing financial distress for four-state models.
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Figure 2. The neural network used for testing financial distress for two-state models.
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four outputs for the multi-state response vari-
able.

Comparing Logistic Predictions and Neural Net-
work Predictions

The main objective of this study is to
compare the relative classification accuracy rates
of logistic models and neural networks for di-
chotomous and multi-state response variables.
Thus, after obtaining classification rates on the
holdout sample for the dichotomous response
variable, we test for significant differences be-
tween the overall accuracy rates for the two
methods. To test for significant differences be-
tween the two methods’ classification ability we
use the Z-test for differences between binomial
proportions described by Bhattacharyya and
Johnson (1977, p. 310). For the four-state re-
sponse variable, we also test for significant dif-
ferences between the overall classification accu-
racy rates for the logistic models and neural net-
works reported by Ward and Foster (1996) and
Zurada et al. (1997), respectively.

Discussion of the Results

Table 1 reports the classification accu-
racy rates for the two-state logistic regression
models and neural networks. The logistic mod-
els better classified the distressed firms, while
the neural networks better classified the healthy
firms. Overall, the logistic regression models
correctly classify the companies slightly better
than do the neural networks. We test for signifi-
cant differences in the overall classification rates
using a two-tailed binomial proportional Z-test
because conflicting prior research with two-state
response variables did not lead to any definite
expectations that one method would properly
classify more firms than the other.

The only significant difference between
overall classification rates for the methods is for
the analyses that included DPDTADJ two years
prior to distress; the logistic model’s overall
classification rate is significantly higher (at p-
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value < .10) than the neural network. These re-
sults are comparable to prior research with a
two-state financial distress response variable
when the sample of distressed firms was not
matched one for one with a healthy firm (Green-
stein and Welsh 1996, Table 6).

Table 2 presents classification rates ob-
tained for Ward and Foster’s (1996, p. 148)
four-state ordinal logistic regression models and
Zurada et al.’s (1997) neural networks for the
data. We test for significant differences between
these classification accuracy rates. Because we
expect neural networks to perform better than
logistic models when the response variable is
more complex, we use a one-tailed binomial
proportional Z-test to test for significant differ-
ences. For all twelve models (four models for
each of three years), the neural network’s overall
classification accuracy is higher than the logistic
regression models’ accuracy - significantly high-
er for nine of the twelve models.

Neural networks’ superiority is due to a
higher classification rate for the healthy compa-
nies (class 0) for all models in all years. How-
ever, comparing classification accuracy within
classes 1 through 3 for the four models for the
three years (36 classes), the neural network out-
performs the regression analysis only 15 out of
36 times and the two methods classify firms
equally well two times. No clear pattern of su-
periority by logistic models or the neural net-
works is evident among the three distress classes
for any particular year prior to distress.

Conclusions

Proponents of neural networks claim
that the networks can better capture and analyze
complex relationships than traditional statistical
analysis. A dichotomous financial distress re-
sponse variable may lack the complexity neces-
sary for a neural network to outperform logistic
models when analyzing an unbalanced sample (a
sample that more realistically reflects the true
population). However, a multi-state financial
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Table 1
Classification Rates for Dichotomous Response Variable
by Logistic Regression Models and Neural Networks

Percentage of firms classified correctly

Year-1 Year-2 Year-3
Model Regression NN Regression NN Regression NN
NITA:
All firms 81.56 79.43 76.60 76.60 68.09 64.54
State 0 82.52 87.38 80.58 90.29 67.96 75.73
State 1 78.95 57.89 65.79 39.47 68.42 34.21
DPDTADI:
All firms 83.69 81.58 81.56* 73.05 68.79 68.79
State 0 86.41 87.38 84.47 85.44 68.93 78.64
State 1 76.32 65.79 73.68 39.47 68.42 42.11
NQAFLOW:
All firms 80.14 80.85 75.89 74.47 67.38 70.21
State 0 83.50 90.29 78.64 84.47 65.05 83.50
State 1 71.05 55.26 68.42 47.37 73.68 34.21
CFFO:
All firms 80.85 80.85 77.31 73.76 68.09 66.67
State 0 84.47 92.23 71.67 87.38 67.96 84.47
State 1 71.05 50.00 76.32 36.84 68.42 18.42

Results of 2-tailed proportional z-tests that neural network and logistic regression models’ overall clas-
sification rates not equal: *significant at < .10. The models and neural networks were developed for
a dichotomous response variable where 0 = healthy and 1 = distressed. Each model and neural net-
work included the following variables: SALESCA = sales/current assets, CACL = current as-
sets/current liabilities, OETL = owners’ equity/total liabilities, CATA = current assets/total assets,
CASHTA = cash plus marketable securities/total assets, SIZE = log (total assets), CFFF = estimated
cash flow from financing activities/total liabilities, and CFFI = estimated cash flow from investing ac-
tivities/total liabilities. The models as listed in the table included the above variables and either: NITA
= net income/total assets, DPDTADJ = depreciation and amortization and deferred tax allocations
adjusted operating flow/total assets, NQAFLOW = net-quick-assets operating flow/total assets, or
CFFO = estimated cash flow from operating activities/total assets. For the analyses including
DPDTADJ, NQAFLOW, and CFFO, the impact of depreciation and deferred taxes have been removed
from the scaling measures of total assets, total liabilities, and owners’ equity.

Volume 15, Number 1

distress response variable may require a more
complex relationship structure among the pre-
dictor variables than can be adequately modeled
with logistic regression. Consequently, we an-
ticipated that a neural network would more likely
outperform a traditional logistic model in classi-
fying companies into a four-state financial dis-
tress response than into a two-state financial dis-
tress response. Our findings provide some evi-
dence of the superiority of neural networks in fi-
nancial distress analysis with a more complex re-
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sponse variable.

Our analysis of a two-state distress vari-
able reveals little difference in the overall classi-
fication rates by neural networks and logistic
models. Our results and prior research results
(Greenstein and Welsh 1996) question the supe-
riority of neural networks over logistic regres-
sion models when analyzing a dichotomous fi-
nancial distress response variable with more re-
alistic sample proportions. In contrast, our
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Table 2

Classification Rates for Multi-state Response Variable
by Ordinal Logistic Regression Models and Neural Networks

Percentage of firms classified correctly

Year-1 Year-2 Year-3
Regression NN Regression NN Regression NN
(Ward & (Zurada et al. | (Ward & (Zurada et al. | (Ward & (Zurada et
Model Foster 1996) 1997) Foster 1996) 1997) Foster 1996) al. 1997)
NITA:
All firms 63.31 74.47%* 57.45 68.79%* 53.19 62.41*
State 0 77.67 89.32 70.87 86.41 66.02 78.64
State 1 8.33 16.67 0.00 16.67 0.00 0.00
State 2 7.69 57.14 38.46 21.43 46.15 50.00
State 3 53.85 25.00 23.08 25.00 7.69 0.00
DPDTADIJ:
All firms 70.92 74.47 64.54 69.50 56.74 65.25%*
State O 80.58 90.29 74.76 85.44 67.96 83.50
State 1 41.67 16.67 33.33 0.00 8.33 0.00
State 2 61.54 50.00 53.85 28.57 46.15 42.86
State 3 30.77 25.00 23.08 50.00 15.38 0.00
NQAFLOW:
All firms 69.50 75.18 61.70 71.63** 51.06 66.67***
State 0 79.61 93.20 72.82 85.44 64.08 84.47
State 1 66.67 16.67 0.00 33.33 0.00 8.33
State 2 46.15 42.86 84.61 21.43 38.46 28.57
State 3 15.38 16.67 7.79 50.00 7.69 16.67
CFFO:
All firms 65.96 75.18%* 60.28 70.21%* 53.90 66.67**
State 0 80.58 94.17 72.62 87.32 67.96 83.50
State 1 33.33 16.67 25.00 8.33 8.33 8.33
State 2 23.08 35.71 30.77 28.57 30.77 42.86
State 3 23.08 16.67 23.08 33.33 7.69 8.33

Results of 1-tailed proportional z-tests that neural network overall classification rates were higher than the
logistic regression models’ overall classification rate: ***significant at < .01, **significant at < .05,
and *significant at < .10. The response variable was an ordinal scale with companies coded as: 0 =
healthy, 1 = dividend cut, 2 = loan default or favorable debt accommodation, or 3 = bankruptcy. See

Table I for a description of the independent variables included in each analysis.

comparison of differences between the ability of
ordinal logistic regression models and neural
networks to classify companies in a multi-state
distress response variable show that neural net-
works provide higher (significantly higher in
nine of sixteen comparisons) overall classifica-
tion accuracy rates than logistic models. How-
ever, neural networks’ superiority mainly results
from better classification of the healthy firms in
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the holdout sample.
Suggestions for Future Research

Neural networks do not provide statis-
tics on individual variables included in the net-
work. Thus, they are not well suited for testing
the usefulness of specific information (such as a
specific accounting ratio) to predict financial
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distress. In contrast, logistic regression output
provides statistics on each variable included in
the model; researchers can analyze these statis-
tics to test the usefulness of specific information.
Thus, for unbalanced samples of financially dis-
tressed and healthy firms, our results lead to
these suggestions. When predictive accuracy is
the most important goal, (a) a neural network
analysis should be used for a multi-state financial
distress response variable and (b) logistic regres-
sion and neural networks produce comparable
results for a two-state financial distress response
variable. When testing the usefulness of specific
information is the most important goal, research-
ers should use logistic regression analysis. Fu-
ture research studies should test whether these
suggestions are valid for research with other
samples of healthy and distressed firms and for
other response variables. [
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