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Abstract

Thi s paper exami nes the efficiency of a generalized adaptive
neural network al gorithm (GANNA) processor in comparison to
earlier nodel based nethods, a back propagation artificial neural
network, and | ogistic regression approaches to data
classification. The research uses the binary classification
probl em of discrimnating between failing and non-failing firns
to conpare the nethods. The results indicate the potential in
time savings and the successful classification results avail able
froma GANNA processor
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1. INTRODUCTION

The literature on classification techniques is vast. One
subsection of this area is the classification of failed and non-
failed firnms. The various ways of determ ning the potential for
failure of corporations using past financial data is a well-
docunented topic. Foster (1978), Altman (1983), Zavgren (1983),
Jones (1987), and Boritz (1991) provide conparisons and sunmari es
of the major extant nmethods and the enpirical results of tests of
t hese nethods. The docunented performance of a wi de variety of
conpeting nodels for distress prediction nmakes this arena
suitable for testing new nethods. This paper will exam ne the
potential of a generalized adaptive neural network algorithm
(GANNA) processor in a financial distress prediction context.

Most proposed nodels for failure prediction have done
reasonably well for distinguishing (in sanple) between failed and
non-failed firms. Hamer (1983) in conparing several suggested
nodel s found that although the nodels differed, their
di scrimnati ng power was conparable. However, no nethod has been
totally effective and no satisfactory theory has been devel oped
to explain differences between failed and non-failed firns.
Therefore, this issue remains of academ c interest and the
results of this study indicate an additional tool for this
research.

It nust be recognized also that non-failed firns statistics
are far nore plentiful than those for failed firnms. This results
in nost published studies using validation sanples with higher

proportions of failed firns than extant in practice in order that



a statistically nmeaningful nunmber of firms of both kinds be
subject to prediction. To assess the relative perfornance of al
nmodel nost conpletely, we have utilized a wide variety of
performance neasures. These include total m sclassification rates
when firnms are matched by industry as well as unmatched and are
further conpared separately for Type | and Type |l errors. These
results are further broken down by nunber of years to failure.

Al so, to account for differential costs of the two types of error
as well as a prior probabilities and validation sanple
conposition, we report the relative resubstitution risks for each
nodel under varying assunptions regarding the relative costs of
Type | errors.

The nost popul ar net hod of bankruptcy prediction has been
subject to criticismfor nethodol ogical reasons. Certain aspects
of the use of |inear discrimnant analysis have been criticized
in Joy and Tol | efson (1975), Eisenbeis (1977), Chlson (1980),

Pi nches (1980), Richardson and Davi dson (1983), Zm jewski (1984),
Zavgren (1985) and Lo (1986). Common fornms of |inear

di scrimnant analysis inplicitly assume normality of vari ables.
Anot her common critical assunption is that the group dispersion
(vari ance-covariance) is equal across groups. Eisenbeis (1977)
suggests that both assunptions are probably violated in nost
sanpl es used in enpirical research since many neasurenents are of
nom nal or ordinal nature at best

Logistic regression (Logit) does not suffer from many of

t hese probl ens but Hanmer (1983) suggests its ability to



di scrimnate between failed and non-failed firnms has not proven
statistically superior to linear discrimnant analysis.

Zm j ewski (1984) suggests that the matched pairs design of
nost of the prior enpirical work on bankruptcy prediction may
lead to biased results. This is the result of sanpling a | arger
proportion of failed firms than exist in the general popul ation.

It has been proposed by Bell et al. (1990), Colenman et al.
(1991), Coats and Frank (1991-92), Sal chenberger et al. (1992)
and Tam and Kiang (1992) that Artificial Neural Networks (ANN s)
may be able to overcone these difficulties and differentiate
between failed and non-failed firns nore effectively than
| ogistic regression and linear discrimnant analysis. ANN s have
| ong been recomended for tasks of pattern recognition and
categorization. ANN s success in other fields such as speech
recognition, control systens and visual pattern recognition may
indicate its potential for use in economc research. For a
summary of ANN s success in other fields see Schal kof f (1992).

Anot her major issue in the use of ANN's in research is the
ef fectiveness of certain types of ANN's in conparison to others.
The nunber of conpeting ANN s are numerous and growi ng rapidly.
For a summary of many of the different types see Gllant (1993)
or Zahedi (1993). In Cogger (1992) the benefits of the
general i zed adaptive neural network algorithm (GANNA) are
di scussed. It is suggested that GANNA m nim zes the | abor
involved in constructing a neural network while achieving results
conparable to nore traditional ANN s. Mich of the difficulty in

the use of ANNs |lies in the trial and error approach required of



nost current ANN' s. The GANNA net hod does not suffer fromthis
requirenent. It also provides a specific ending point that

i ndi cates an optinum configuration for the ANN. Both factors
contribute to its potential use in classification and ot her
endeavors. The architecture of the neural network is determ ned
by the nature of the data and software based on the conceptual
framewor k of GANNA provi des a fast and sinple neans of
constructing networKks.

Thi s paper conpares a standard back propagation ANN with a
GANNA processor using financial distress prediction. Performance
of these two networks is neasured relative to both nodel based
predictors and |l ogistic regression. The next section will review
the prior literature specifically related to bankruptcy
prediction. This will be followed by a discussion of ANN's. The
design of the enpirical study is then described. The results of
five different approaches (Ganbler's ruin, Wener process,

Logi stic regression, ANN, and GANNA) to the classification of
failed and non-failed firnms are presented next. Finally, a
di scussion of the results, conclusions, and prospects for future

research i s provided.

11 BANKRUPTCY PREDICTION

In the bankruptcy prediction literature several nethods have
been used successfully in the past. First, there are nodel based
met hods. Anong the nore successful of these are the approaches

of Wlcox (1971, 1973), based on the Ganbler's Ruin nodel, and



Enmery and Cogger (1982), based on a Wener process. These
approaches utilized results fromthe theory of stochastic
processes. Under certain assunptions, mathematical expressions
may be derived for the probability of financial distress
occurring over a particular time span. Such probabilities
require the estimation of critical parameters such as the |evel
of liquid assets, the volatility of cash flows, the nean cash
flowrate, the tine span of interest, etc.

There are advantages and di sadvantages to such nodel based
approaches. The advantage of such approaches is that they
specify a priori the mathematical function to be enpl oyed.
Criticisms of "data mning" and "fishing expeditions" cannot be
made because the data on bankruptcy per se is not used to devel op
the mat hemati cal expression for the probability of financial
distress. The nodels nmay therefore be validated in a true ex
ante fashion. A potential disadvantage of such nodels is that
their supporting assunptions may not be satisfied. As an
exanpl e, the stochastic process nodels cited above assune t hat
successive (e.g., daily) cash flows are independent random
vari ables. Sonme enpirical evidence for this assunption is given
in Cogger and Enery (1983) and sone practical reasons for this
property to exist in a well-managed firmcan also be given. The
literature on stochastic processes is vast, but readers
interested in further reading in this area m ght peruse the works
by Karlin and Taylor (1975), Cox and MIler (1980), and Heyman
and Sobel (1982).



Anot her nmet hod enployed in financial distress predictionis
statistical analysis, using a variety of financial variables and
ratios for failed and non-failed firnms. Discrimnant analysis is
a common statistical analysis for determ ning which variables are
nost significant in predicting financial distress. Mny studies,
for exanple Altman (1968), Deakin (1972) and Altman et al.

(1977), used linear discrimnant analysis. The advantage of such
approaches is that a stochastic nodel is not inposed a priori.

Rel evant vari ables, such as cash flows, volatilities, etc. are
identified by the analysis if they are included by the
investigator in the analysis. A disadvantage is obvious: if a
vari able is not thought to be inportant, or not even envisioned
as being potentially relevant, the appropriate discrimnant
function cannot be di scovered. Another disadvantage is that the
functional formof the discrimnant function nust be chosen by
the investigator. Usually linear functions are enpl oyed,
creating a potential for nodel m sspecification. A final
limtation arises fromthe ex post nature of these anal yses. The
estimation and validation sanple both have firnms that are known
to have failed on particular dates. A true ex ante analysis of
predictive ability would be based on currently non-failed firns
wi th predictions about the timng as well as the occurrence of
financial distress. For detailed treatnent of discrimnant

anal ysis, the reader may refer to Lachenbruch (1975).

It should be noted that |inear and quadratic discrim nant
functions are special cases of GANNA as described i n Cogger

(1992) and their performance is not studied in this paper. CQur



conpari son of GANNA with nodel based approaches inplicitly
subsunes these two common di scrim nant functions.

Logi stic Regression (Logit) is another method that has been
applied to the problem of bankruptcy prediction. Logit does not
suffer fromthe problens associated with |inear discrimnant
anal ysis such as the assunption of normality and simlar
di spersion neasures. Press and WIlson (1978), Ohlson (1980),
Zavgren (1985) and Lo (1986) suggest that Logit should be used
when dealing with qualitative variables. A discussion of the
Logit and Probit nodels can be found in Maddala (1983, 1991).
The Logit nodel was used for conparison in this paper since it is
t he nost preval ent and Gessner et al. (1988) found that Logit and
Probit results were simlar across various conditions. This
simlarity is not surprising given that the |l ogistic and
cunmul ative standard normal functions used in Logit and Probit,
respectively, are nearly identical except in the extrene tails.
The rel ative conputational sinplicity of the logistic function
thus favors its choice.

Many ot her nethods have been suggested for bankruptcy
predi ction. Messier and Hansen (1988) and Tam and Ki ang (1992)
recommend | nductive Dichotom zer 3 (I1D3). Tam and Kiang (1992)
propose the k nearest nei ghbor (kNN) approach. Marais et al.
(1984) and Fryman et al. (1985) recommend the Recursive
Partitioning Algorithm Several mathematical progranmm ng
met hods, summarized in Erenguc and Koehler (1990), can al so be

applied to classification problens.



Thus many net hods have potential as classification
approaches. However, since the purpose of this paper is to
suggest the possible potential of GANNA, a thorough exam nation
of all nethods and variables is unnecessary. For conparative
pur poses, we have chosen several nmethods with very high reported
accuracy in bankruptcy prediction. Based on reported results in
the literature, it is unlikely that methods not chosen for this
study woul d achieve significantly higher |levels of accuracy in
our sanple. The conputational sinplicity of GANNA further
pronotes its consideration relative to nore conplex nmethods in

future research endeavors.

111. ARTIFICIAL NEURAL NETWORKS

In this paper, we will conpare two artificial neural
networks (ANN s) nethods to established nethods using the
financial distress arena. Use of ANN's in accounting and
financial research has been growi ng rapidly over the | ast several
years. ANN s have been used successfully in many accounting and
financial applications. Some applications include the follow ng
studies. Dutta and Shekhar (1988) and Surkan and Ying (1991)
have applied ANN's to bond ratings. Collins et al. (1988)
applied an ANN to nortgage underwiting judgnents. VWhite (1988)
exam ned the efficient market hypothesis using an ANN. Hansen et
al . (1992) used an ANN to distinguish between qualified and
unqual i fied audit opinions and litigated and non-litigated firns.

Yoon et al. (1993) found information using an ANN in forecasting



stock price novenents. Bell et al. (1990) and Sal chenberger et
al. (1992) enployed an ANN in examning thrift failure. Coats and
Frank (1991-92), Tam and Kiang (1992) and Fl etcher and CGoss
(1993) used ANN's to predict bankruptcy. All these papers
indicate that ANN' s have potential to achieve greater
di scrimnating power than alternative nethods.

The ANN net hod may be defined as an approach to conputing
based on mat hemati cal nodels inspired by biological theories of
i nformati on processing. Typically, conputing is acconplished by
an ANN with sinple processing elenents connected in several
| ayers. Each processing elenent is anal ogous to a neuron, the
fundanmental cell of any central nervous system The neuron was
first mathematically nodel ed by McCull och and Pitts (1943).
Thus, ANN s are not new. However, recent devel opnents have
encouraged their use in a variety of applications, and this paper
explores their performance in the financial distress area
relative to the traditional approaches described in the previous
section. ANN s are often suggested for problens in pattern
recognition, and in areas where a nodel based theory is not
avai lable. Hawl ey et al. (1990) point out that ANN s are nost
effectively applied to classification, associative nenory and
clustering. Financial distress prediction, if one is unwlling
to accept stringent assunptions about stochastic processes, is
arguably such an area. ANN s are constructed using | earning
paradi gns that are anal ogous to statistics. The commonly
enpl oyed backward propagation al gorithm described in Runel hart et

al. (1986) is an iterative |east squares procedure applied to the



connections in an ANN. The back propagation network is normally a
feed forward network that nodifies its errors backwards. The
training data is presented to the network repeatedly with the
nmodel adjusting the errors using the gradient descent nethod to
mnimze the errors.

For our purposes, it is convenient to think of an ANN as a
statistical nodel that does not inpose an a priori nodel on the
data; unlike linear discrimnant analysis, no limtations are
i nposed on the conplexity of the predictive nodel. One
di sadvantage of this approach is that the investigator nust
deci de upon the physical architecture of the network. This is
often done by trial and error, varying the nunber of |ayers, the
nunber of processing elenents in each |layer, the nature of the
connection patterns, etc. Sonme heuristics, see for exanple
Caudi I I (1991) and Zahedi (1993), exist to guide the network
architect. Sinply connected networks of two or three | ayers of
si gnoi dal (logistic) processing el enents conbined with standard
back propagation estimation of connection wei ghts have perforned
quite well in many settings. This was our choice for the present
study. There are many good references to ANN's. Perhaps the
si ngl e nost conprehensive treatnment is Runel hart et al. (1986).

The fifth nmethod examned in this paper is generalized
adaptive neural network architectures (GANNA). This net hod
devel ops an ANN with a particul ar type of processing el enent
where the architecture of the network is itself |earned by trial
and error. Described in detail in Cogger (1992), these networks

growto fit the problemat hand and do not require a prior



specification of the nunber of |ayers, nunbers of nodes, etc.
The particular inplenmentation of GANNA enpl oyed in this paper
uses processing el enents which conmpute quadratic functions of
their inputs. Wth many such el enments connected together, of
course, there is no restriction on the functional formof the
i nput -out put function. Linear and quadratic functions, for
exanpl e, are special cases of a GANNA network. Briefly, this
approach uses an evol utionary nmechanismto grow networks. New
| ayers are added provided they offer inproved perfornmnce,
measured in squared output error. To protect against
overspeci alization, performance is validated on a hol d-out
sanple. \When performance in this sanple declines, network
evol ution ceases.

Al l conputing was perforned on standard i486 processors. W
used Neural Ware Professional (C) from Neural Wrks, Inc. for
devel opnent of the back propagation ANN. There are nmany ot her
commerci al packages avail abl e, although this appears the nost
popul ar at this tinme. W used AutoNet(C) from Peak Software,
Inc. for the devel opnment of adaptive neural network
architectures. AIMC) from Abtech, Inc. is the only other
simlar software package that we are aware of. Cogger (1992)
devel ops the conceptual framework for generalized adaptive neural
network architectures. AutoNet(C) was devel oped following this
framework. AIMC) is quite simlar but detailed descriptions of
its algorithm are unavailable. Since these approaches are novel,

they are included in these study to introduce themto a w der



audi ence. The Statistical Analysis System (SAS) provided the

| ogi stic regression results.

IV STUDY DESIGN

One of the few proposed nodels for bankruptcy prediction is
the ganbler's ruin nodel. This was adapted from Feller (1968).
A summary of this nodel is found in Altman (1983). The basic
premse is that a conpany's future liquidity position is a
function of its current liquidity, its cash flow, and the
vari ance of the cash flow In WIlcox (1973), the author tested
this theory on a sanple of matched pairs of 52 failed firnms with
52 non-failed firns fromone to five years prior to failure.
Firmse were matched in terns of size and industry characteristics.
This sanple was al so used in Emery and Cogger (1982), who
proposed a different decision criterion (Lanbda), based on W ener
processes, for differentiating between failed and non-fail ed
firms. Results of Wlcox (1973) and Enery and Cogger (1982) are
our standards of conparison for nodel based nethods in the
present paper. It should be enphasized that our selection of
t hese studies was not based on a view that they are w thout
met hodol ogical critics. Rather, they describe nodels with very
high predictive ability, giving us difficult |evels of accuracy
to match or exceed.

The three inputs required for all prediction nodels in this
paper are X, the nean adjusted cash flow divided by its standard

deviation, N, the firm s adjusted cash position divided by its



standard devi ation, and T, the nunber of years prior to failure
for the failed firm The values for X ranged from.99 to -.93,
while the values for N ranged from34.79 to -26.30. The val ues
for X and N were provided over a five year period, so T ranged
fromone year before bankruptcy to five years to bankruptcy. Not
all firms had five years worth of data thus the total sanple of
380. The definition of a failed firmwas a filing for Chapter X
or Xl bankruptcy. Details of these variables can be found in
Appendix B in Wlcox (1973). Enery and Cogger (1982) al so used
these variables to calculate their proposed decision criterion,
Lanbda.

It should be recognized that the current study conpares
several nethodol ogies using the data of WIlcox (1973) and,
subsequent|ly, Enmery and Cogger (1982). To fairly conpare al
met hods, only the three variables, X, N, T, can be used. This
limts the predictive ability of the neural network nodels, which
could profit fromadditional variables if they were avail abl e.
In future studies, with a |larger variable sets, it is reasonable
to expect that the relative performance of neural network nodels
woul d i nprove over the results reported in this paper.

The first step in the study design was to establish a
trai ning sanple and a hold-out sanple. This allows the testing
of any network on a sanple not used in its design. This wll
hel p address sone of the ex post criticismof discrimnant nodel
design. The conpl ete sanple consisted of the 190 matched pairs
reported in Wlcox (1973). Since Joy and Tol |l efson (1975)

recommend the use of inter-tenporal validation, the first 75



mat ched pairs (150 firns) were selected in chronol ogi cal order
for the training sanple. The | ast 115 natched pairs (230 firnms)
defined the hol d-out sanple. One matched pair reported in WI cox
(1973) and Enmery and Cogger (1982) was not used in this study due
to inconplete data. This matched pair has been elimnated in
reporting the results. The training sanple covers the period
from 1942 to 1951. The hol d-out sanple covered the period from
1948-1965. The industry mx of the two sanples was simlar in
conposi tion.

In WIlcox (1973) an el aborate series of rules decided
correct choice in the matched pairs conparisons. These results
are continued in this paper as the "Wl cox" results. Enmery and
Cogger (1982) based their results on a particular statistic,
Lanbda, which is a function of X, N, and T. This termnology is
preserved in this paper.

A Logi stic Regression was performed on the independent
variables X, N, T. The results for the logistic regression are
reported as Logit. The back propagati on network enployed in this
paper is displayed in Figure 2. There are six nodes in the first
hi dden | ayer and seven in the second hidden |ayer. The results
for the back propagation network are reported as ANN

Research has shown that any continuous function can be
approxi mated by one hidden | ayer (Cybenko (1989), Hornik et al.
(1989), Hecht-N elsen (1990), Hertz et al. (1991)), while at nost
two hidden | ayers are necessary (Cybenko (1988), Lapedes and
Farber (1988) and Zwi etering et al. (1991)). Kol nobgorov's
Mappi ng Neural Network Existence Theorem (Hecht-Ni el sen (1990))



states that a network should be able to describe any conti nuous
function using 2n + 1 nodes with n being the nunber of inputs.
O course, these theoretical mnima may in practice be achieved
only at the expense of a | arge nunber of hidden units. W found
two hidden | ayers, as described, to be an efficient
representation in our problem domain.

Al'l nodes used signoidal (logistic) transfer functions and
were fully connected to the nodes in the subsequent |ayer. W
exam ned many ot her back propagati on network architectures with
training at 4,000 epochs. These included networks with a single
hi dden | ayer with up to 75 nodes and networks with two hi dden
| ayers, each with as many as 20 nodes. None of these
alternatives were superior to the network reported here. The
decision criterion was success on the matched pairs conpari son.
As was expected, the best net fell within the Kol nogorov's
Mappi ng rul e.

The ANN nodel s were based on the commonly chosen back
propagation (bkpstd) with a heteroassociative network type.
Trai ning of the network reveal ed that connection weights were
wel | stabilized by 4,000 epochs or presentations. To avoid the
probl ens of over-fitting (Hecht-Ni elsen (1990), Zahedi (1993))
t he nodel s which discrimnated best at 4,000 epochs were tested
over intervals of 500 epochs starting at 500. The nodel
selected is the result of training at 3,500 epochs since this was
the best result. The devel opnent of the back propagation network
requi red a couple of orders of nmagnitude of additional |abor and

time than the other nethods. Sone of the |abor and conputer tinme



was related to preprocessing of input data, since the signoidal
(logistic) transfer function only works well when inputs are
scaled to the interval (0,1). Al so, since the nodels tested had
all nodes fully connected and only certain intervals were

exam ned there is no guarantee that the best back propagation
nodel was found.

GANNA has the advantage of constructing the network w thout
this manual trial and error. Network architecture is entirely
data-driven and the process is very fast. Typically a few
seconds, or m nutes depending on sanple size, are needed to
construct a network with the GANNA approach. Preprocessing of
the input variables was also not required, as it often is for a
standard neural network. AutoNet(C) produced a GANNA network in
|l ess than a mnute. Also, since GANNA is automated, a new
network can be easily constructed when new data is obtained.

Figure 1 represents the network architecture selected as the
best discrimnator using GANNA. All three inputs are used in
this network which has a single hidden |ayer with two nodes. It
shoul d be noted that GANNA inplicitly exam ned | arger networks,

but found the structure in Figure 1 to be optinmal.

Bot h networks produced quite sim/lar output patterns. W
suspect the different network architectures are due to the nature

of the transfer functions enployed. The GANNA network used



quadratic functions while the back propagation network was based

on signoidal (logistic) functions.

V RESULTS

Tables 1 to 6 display the results of the five methods . The
Tabl es indicate that generally, the neural networks are producing
results that are conpetitive with, and often superior to, the
predictive ability of nodel based predictors and Logit. The
results for GANNA are strongly supportive of its useful ness. The
results in predictive ability are conparable to the back
propagation ANN i n nost cases and are better in nost instances.
Probably the strongest argunment for considering GANNA is its ease
of use and speed. Wiile achieving very good predictive results,
very little was required of the investigators in terns of
speci fying architectural paranmeters, preprocessing inputs, etc.

It should be noted that WI cox, Lanbda, Logit, GANNA and ANN
achieved 92, 93, 96, 95 and 95 percent accuracy, respectively, in
mat ched pair conparisons in the training sanple. Al so, both
neural networks as well as Logit were able to achi eve 100 percent
accuracy in matched pair conparisons within two years of failure.
That is, wwthin two years of the bankruptcy of the failed firm
GANNA, ANN and Logit achieved perfect prediction. These results,
of course are biased upward since they are based on the training
sanple. The results reported in Tables 1-6 are for the hol d-out

sanpl e only.



The results in Table 1 are the msclassification rates
occurring when nmaki ng a conparison within each matched pair. The
GANNA processor conpares well to the other nethods, with only a
6% error rate within one year of failure. Predictions based on
W1l cox and ANN fare poorly by conparison, with error rates
doubl ed, at 12% which increased to as high as 28%as the tinme to
failure increased to five years. As expected, error rates for
all nmethods increased as the prediction lead tine increased, with
quite high error rates for all methods at the five year point.

Mat ched pair conparisons are easier to nake since it is
known a priori that one of the two firnms will fail; it is often
easy to decide which of the two firns is nore solvent. Thus
predi ctions on a non-paired basis are of nore inportance in
practice.

The results presented in Tables 2 to 4 are the result of
using sensitivity analysis to determne a cutoff point with the
objective of mnimzing total overall msclassifications in the
training sanple. This cutoff score is then used to classify al
firms in the hold-out sanple. The predictions nmade reflect how
t hey woul d be made in practice, since the training sanple would
be the data a user of these nethods woul d have. Sensitivity
anal ysis could not perforned on the Wl cox nodel since its rule-
based decision criteria are not conpatible with such cut-off
scores.

Tables 2 to 4 nmust be interpreted with appropriate caution.
W note that Joy and Tol |l efson (1975), Altnman and Ei senbei s
(1978), Ohlson (1980), Pinches (1980), Frydman et al. (1985), and



Tam and Kiang (1992), anong others warn that the a prior
probabilities of failure and the relative costs of Type | and |
prediction errors are not equal. Tables 2 to 4 nmake inplicit
assunptions about these quantities. The cost of a Type |I error,
classifying a failed firmas non-failed, denoted by Cpy, is
greater than the cost of a Type Il error, denoted by GC,;. Al so,
the prior probabilities for failure, _,, are normally much |ess
than for non-failure, _;. The rel ative val ues of these four
paraneters influences how Tables 2-4 can be interpreted. For
nore details on this issue see Altman et al. (1981).

To facilitate a conparison of the nmethods (Tam and Ki ang
(1992)) equal expected m sclassification costs are inplicitly
being assuned in Tables 2 to 4. This represents the case of Cp, »
= Gy 1 where C, , represents the cost of msclassifying a
bankrupt conpany as non-bankrupt tinmes the probability of a
bankrupt conpany and C, , represents the cost of m sclassifying a
non- bankrupt conpany as bankrupt tinmes the probability of a non-
bankr upt conpany.

Tables 2 to 4 show the m sclassification rates occurring
when conparing each firms score with the cutoff value as opposed
to the success in the matched pair conpari sons reported in Table
1. The cutoff value is the one that m nim zes total
m scl assifications for Table 2. Tables 3 and 4 break down these
errors by type. It is inportant to note, therefore, that Tables
3 and 4 do not report the | owest achievable Type | and Il errors,
since cutoff scores could be fine-tuned to enphasi ze one error

type or the other.



Agai n the GANNA processor conpares well to the other nethods
in Tables 2 to 4. In terns of total error, Table 2 indicates an
error rate of only 15% w thin one year of failure for the best
t hree net hods, which again includes GANNA. As before, as the
prediction lead tine increases, error rates increase to as high
as 40% However, GANNA continues to conpare favorably with the
best of the other nethods at all lead tines.

In terns of the nost costly Type | error, Table 3 reveals
that GANNA error rates are the lowest by large nargins up to
three years before failure, with Logit predictions being nore
accurate for lead tinmes exceeding four years. Type Il errors are
not usually thought of as being particularly costly, but the
conparisons in Table 4 are of sone interest. There, predictions
based on Lanbda dom nate except five years fromfailure, where
interestingly the GANNA predictor is again superior wwth an error
rate of 28%

Tables 2 to 4 inplicitly assune equal expected
m scl assification costs. To exam ne the relative performnce
under different conditions, we present Table 5 which breaks down
m scl assification errors by type, under a variety of assunptions
about the relative cost of Type | and Type Il errors. Assum ng
the cost of a Type | error is 1, 5, 10, 20, 30, 40, 50, 60, 70,
and 100 tines as large as that of a Type Il error, which is

assigned a value of 1.0, and choosing a cut-off score to m nim ze



resubstitution costs in the training sanple, Table 5 reports
m sclassifications results for the validation sanple.

Tabl e 5, as expected, reveals a decrease(increase) in Type
I (I'l) errors as the relative cost of a Type | error increases,
and this is uniformacross all nethods. For noderately |arge
cost ratios, which are probably realistic, Lanbda and Logit
predi ctions appear superior in total msclassification
percentage. In terns of Type | error, however, this superiority
is not as domnant; at a cost ratio below 70, for exanple, GANNA
begins to produce results superior to Lanbda and Logit, while the
traditional ANN predictor becones superior for internedi ate cost

rati os.

Tabl e 6 sunmarizes the results in terns of the
resubstitution risk. As described in Frydman et al. (1985) and
Tam and Kiang (1992), the resubstitution risk is the observed
expected cost of msclassification and is defined as

[--- Unable To Translate Graphic ---]

where n; is the nunber of Type i msclassifications and N is the
nunber of firms of each type in the training sanple. i are the
a prior probabilities of failure/non-failure and G; are the
costs of msclassification. Followng Fryman et al. (1985) and
Tam and Kiang (1992) we set ; =0.98 and , = 0.02, C; = 1 and
C., =1, 5, 10, 20, 30, 40, 50, 60, 70, and 100 in Table 6. These



results are perhaps easier to interpret graphically in Figure 3.

No single nmethod domnates for all values of Cp,. For
| arger values, Logit is best, followed by GANNA, ANN, and Lanbda,
with a slight reversal at C, = 100. For G, _ 10 all four nethods

yield conparably low risks, with no consistent dom nance.

V1 CONCLUDING REMARKS

The results are encouraging for the use of ANN's in
financial distress prediction. It is clear fromour results that
ANN s and GANNA processors rival the predictive ability of the
two nodel - based approaches using this set of data. Potenti al
reasons for this performance are that ANN and GANNA are capabl e
of handling nonlinear response functions automatically. Further,
GANNA does not inpose a priori network architecture, thus
reduci ng architecture m sspecification as a possibility.

Wil e no single approach studied in this paper was uniformy
superior across all conparisons and statistics, it should be
recalled that we were necessarily restricted to using only three
variables in this conparative study. This biases dowward the
performance of ANN, GANNA, and Logit since all are capabl e of
profiting from additional explanatory vari abl es.

Since ANN s are suggested for "nodel scarce" / "data rich"

probl ens of classification, the excellent conparative perfornmance



of both an ANN and the GANNA processor is not surprising. This
lends itself to two interpretations. First, ANN s should be
viewed as serious conpetitors in the financial distress
prediction area, especially when | arge data sets are encountered
wi th many potential variables. They can be very useful as data
exploration devices when little is known about data structure.
Second, their nearly equivalent predictive ability may provide

i ndirect evidence for the validity of the nodel based approaches,
or, at a mninmum that the proposed nodels of WIlcox (1973),
Enmery and Cogger (1982), and the ANN s may all be neasuring the
sane underlyi ng phenonena. The use of these nodels and networks
with only three inputs is just the start of possible future
research in the area of financial distress. There have been many
ot her sanples of failed versus non-failed firnms in the literature
whi ch could be tested. There are also many ot her possible input
vari ables incorporated in other nodels for prediction of

financial distress that could al so be exam ned usi ng ANN s.

The area of financial distress is not the only area that ANN
and GANNA show potential for beneficial use. The authors are
currently exam ni ng whether ANN s and GANNA processors can be
hel pful in detecting fraudul ent financial statenents. There are
many other topics that also could benefit fromthe potential of
neur al networks.

Finally, the automated GANNA approach perfornmed very well
W th respect to a standard back propagation network. @G ven the

latter's trial and error nature, the data processing required,



and the architectural experience needed, GANNA seens preferable
in practice.

In terns of guidelines for future investigations in this
area, it seens prudent to offer several suggestions and conments.
The potential inmportance of nonlinear relationships, and the
difficulty of nodelling these in a trail and error fashion with
Logit, Discrimnant Analysis, etc. favors a continuing interest
in GANNA and ANN approaches. This is even nore so in a |large
vari abl e set environnment. W would expect the architectural
specifications required by traditional artificial neural networks
to be daunting to inexperienced investigators. The data-driven

architecture of GANNA favors its consideration in future work.
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TABLE 1
The Percentage of M sclassifications
Using the Matched Pairs in the Hold-Qut Sanple!

Year Before Failure

Model 1 2 3 4 5 Tot al

W | cox 12 13 12 12 24 15

Lanbda 6 4 12 12 24 12

Logit 6 9 20 16 24 16

GANNA 6 9 20 20 28 17

ANN 12 13 28 20 28 21

Nunmber of 17 23 25 25 25 115

Mvat ched Pairs
in Each Year
' Assuning Cp > = Gy
TABLE 2
The Percent of Total M sclassifications
in the Hol d-Qut Sanpl et
Year Before Failure

Model 1 2 3 4 5 Tot al
Lanbda 15 24 22 30 40 27
Logit 15 22 28 30 30 26
GANNA 15 24 30 34 38 29
ANN 18 33 32 38 36 32
Nunmber of Firns 34 46 50 50 50 230

in Each Year

P Assuming Ci, > = Gy

TABLE 3



M scl assification Rates of Type 1
Errors in Hol d-Qut Sanpl e!
(Predicting that a Bankrupt Firmis a Non-Bankrupt Firm

Year Before Failure

Model 1 2 3 4 5 Tot al
Lanbda 12 39 28 32 44 32
Logi t 6 26 24 24 20 21
GANNA 6 13 24 36 48 27
ANN 6 30 24 36 40 29
Nunmber of Firns 17 23 25 25 25 115

in Each Year

P Assuming Ciz » = Gy

TABLE 4
M scl assification Rates of Type 2 Errors
in Hol d-Qut Sanpl e'
(Predicting that a Non-Bankrupt Firmis a Bankrupt Firm

Year Before Failure

Model 1 2 3 4 5 Tot al
Lanbda 18 9 16 28 36 22
Logit 24 17 32 36 40 30
GANNA 24 35 36 32 28 31
ANN 29 35 40 40 32 36
Nunmber of Firns 17 23 25 25 25 115

in Each Year
P Assuming Ciz » = Gy a1




