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Abstract: 
Corporate failure is an important issue to understand, and, if possible, predict. In this paper we present Artificial Neural 
Networks as potential tools to predict corporate failure, and apply the technique to the current Australian industrial 
environment. We investigate the effectiveness of Neural Networks for the application of predicting corporate faillU'e, as 
well as the influence the network topology has on this application. Significant impacts that the selection of inp11t 
variables has on the network performance are also discussed in detail. It is shown that the overall quality of resultant 
prediction models, in terms of prediction accuracy, explanation capacity and generalisation ability, vary greatly across 
techniques and the groups of explanatory variables selected. Subsequently, a best neural network is selected as the 
foilure predictor for the application. Comparison with statistical analysis method based predictors shows that the neural 
network model is superior. 
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1. Introduction 

The failure of a corporation, defined as the termination of 
operations with resultant loss to creditors, poses grave 
problems for credit institutions, and results in significant 
costs to society in terms of employment, productivity, and 
stability. It is highly desirable that accurate tools be 
available for predicting such an event so that steps can be 
taken to avoid it, or at least to reduce its impact. 
Researchers and corporations bave made great efforts to 
develop models as decision aids for failure riSk evaluation. 
The techniques employed to build up these models are 
varied. Most academic workers use some form of 
statistical aualysis. Typical examples are Multiple 
Discriminant Analysis [1,2] and Logistic Regression [14]. 
Judgemental procedures, such as a check-list of factors, 
are widely used by finance analysts and other 
practitioners. In recent years, Artificial Neural NetwOiks 
have shown great potential in this area, and have received 
interest from both academic and industrial circles (see for 
example,[3], [5], [8], [12], [15]). 

Among the above studies of using Artificial Neural 
Networks for corporate failure prediction, most have 
focussed on the effectiveness of back propagation 
networks (the most frequently used neural network 
architecture) relative to benchmarks represented by the 
conventional statistical techniques listed above. As 
pointed out by Boritz et al [5], there is only limited 
understanding about the degree to which the results m: 
constrained by the choices of input variables, models and 

model structuret. ~ other techniques, the neural netwodt 
approach can be significantly influenced by such choices. 

It is also worthwhile to note that, like other techniques, 
the effectiveness of the neural netwodt approach may also 
be influenced by the environment in which it is applied. 
The quality and reliability of financial data as weD as 
market conditions for corporate failure may be different 
from oountty to countiy. Most of the above mentioned 
studies centred on American data and therefore American 
market conditions, only some of them reported the 
experiences of other countries such as Italy [3], Japan [17] 
and Korea [12]. 

In this research, we used Artificial Neural Networks to 
predict corporate failure in the current Australian 
industrial environment. The influeooe of the choices of 
input variables, models and model structure on the 
netwodt performance are discussed. Results achieved are 
evaluated by a comprehensive set of statistics, and 
compared with what has been obtained with the statistical 
aualysis approaches. 

2. Testing the Generalisation Ability of 
the Prediction Model 

The ability to generalise, (ie., being able to produce 
accurate results on data not used to develop the model), is 
ooe of the most important criteria for estimating the 
success of a prediction tool. The concept of generalisation 
can be defined precisely as prediction risk: the expected 
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performance of an estimator on new ob8ervations 
(Appendix 1). 

Prediction risk represents the future performance of a 
model. Hence, the value of the prediction risk cannot be 
calculated directly, but rather must be estimated from the 
available data. The standard method of estimation is based 
on test-data validation. The experiment data set is divided 
into two subsets: a training-subset (used to create the 
model) and a validation-subset (observations which have 
not been used during the model's construction). The 
prediction risk is estimated according to the model's 
performance in its processing of the validation-subset. 

When the volume of data available for validation is 
limited, an alternative approach must be found. Given the 
limited amount of data available to us for the research 
reported in this paper, we employed a cross-validation 
process. 

Cross-validation is a sample re-use method for estimating 
prediction risk. It makes maximally efficient use of, and 
minimal assumptions about the available data [13, 16]. 
This method. as well as its modified version koown as v
fold cross-validation (Appendix m, has been successfully 
applied in previous studies (see, for example, 
[8],[10],[18]). In this work. we use the v-fold cross
validation prediction risks as the estimation criterion to 
assess the generalisation ability of all resultant models for 
corporate failure risk evaluation. 

3. Description of the Research 

3.1 Experiment Data 

In this study, a data sample of 49 Australian companies 
was used. The data included 9 companies that failed in 
1996 with available data for four years prior to failure. 
These companies were selected from the failed companies 
listed by the Australia Stock Exchange. The state of 
business failure for a company is defined as follows: 

• Companies which have applied for, have started, or 
are under a process of corporate clearance. 

• Companies which have quit or closed for business. 
• Companies which have been reported as withdrawn or 

terminated from listing on the Australia Stock 
Exchange. 

• Companies which have had losses for three 
consecutive years and are under legal control. 

In practice, the prediction of failure risk is a sophisticated 
procedure. Generally an organisation being evaluated is 
estimated and placed in an ordinally ranked risk categocy, 
based on its past financial status, current general 
performance, and future prospects. A comprehensive set 
of ri&k measures regarding the failure's causes and 
symptoms needs to be appraised. 

To build up a tool for corporate failure prediction, one 
should, therefore, make use of both quantitative and 
qualitative information in order to enhance the model's 

discriminant ability and make the model able to detect the 
failure risk at an early stage [4,19]. In this paper we 
present only part of the results of our research project, that 
is, using pure quantitative financial data as input to build 
up models for prediction of corporate failure in Australia. 

The whole set of financial variables analysed were: 

XI: Totalliabilitieslfotal assets~ 
X2: Cash flowffotalliabilities~ 
X3: Current assets/Current liabilities~ 
X4: Sales/Total assets~ 
XS: Net profit before taxffotal assets~ 
X6: Net profit after taxffotal revenue; 
X7: Total Revenue Growth; 
XS: Net profit after tax (NPAT) Growth; 
X9: (Current assets- Current liabilities)ffotal assets. 

The sample companies were classified into two predefined 
categories of risk: d = 1 meaning 'acceptable' (healthy 
company)~ d = 0 meaning 'unacceptable' (company with 
high risk of failure). In order to use the v-fold cross
validation approach to estimate the prediction risk, the 
sample data set was divided into v = S subsets. Each test 
set had 7 rotationally selected observations, 6 from the d 
=1 {healthy) group, 2 from the d = 0 (risky) group, 
making 56 observations in total. This also provided 7 
training sets for each with 40 observations. or 280 
observations in total. 

3.2 Statistical Analysis 

We initially considered a number of statistical techniques 
for this type of analysis: 

• Multiple Linear Regression 
• Multiple Discriminant Analysis 
• Logistic Regression 

Multiple linear regression is a flexible and well known 
method for analysing data. It is used for both summarising 
and understanding the relationships among quantitative 
data. In our case, however. where the dependent variable 
could only have two values: risky (0) or healthy (1). this 
technique posed difficulties. The assumptions necessary 
for hypothesis testing in regression analysis are 
necessarily violated in this situation. 

Multiple Discriminant Analysis (MDA) is a statistical 
technique for direct prediction of group membership. 
MDA classifies a population into a number of groups 
based on a number of explanatocy variables which are 
combined in a linear equation to derive a z-score for each 
group. This z-score can then be calculated for any member 
of the population for which we have the explanatocy data, 
and a group deduced. 

MDA technique, however, also encounters some 
problems. The basic assumptions underlying the method, 
namely the multivariable normality of the independent 
variables and the equal variance-covariances in the two 
groups, are vecy often violated in practice. Nevertheless. 
MDA is the method most frequently used in previous 
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failure research (see, for example, [1],[2],[3],[7],[11]). We 
therefore conducted an MDA experiment. Using the data 
descnbed in 3.1 above, a discriminant function was 
derived and a z-score was calculated acoordingly. We 
applied this score to both training data set and validation 
data set. Companies within the respective data set were 
classified as one of the two groups: healthy and failed. 

Logistic regression (LR) is another statistical technique 
for group membership prediction. It is similar to multiple 
linear regression but differing in that the statistical 
premise that it is based on is appropriate to the analysis of 
a binaJy response, for example healthy/risky, In logistic 
regression, the probability of an event occurring can be 
directly estimated For the case of a single independent 
variable such as the estimation of corporate failure, the 
logistic model can be written as: 

I 
Prob(bealth)= = -------

I +exp(-Z) I +exp[-(a +btXt+ ... +bpXp)] 

The probability of failure is estimated as 
Prob (failure) = 1- Prob (health) 

The a and b coefficients are chosen so as to maximise the 
joint probability of health for the known healthy 
companies, and the probability of failure for the known 
failed companies. The . relationship between the 
independent variables and the probability is nonlinear, 
and the probability estimates will always be between 0 and 
1, regardless of the value of Z. This technique makes mr 
fewer assumptions than most of other statistical methods. 

Using the data described in 3.1, an optimized LR model 
was developed. Prediction results of this LR and above 
mentioned MDA models are discussed in section 4.4 of 
this paper, to compare the perfomiance of the artificial 
neural network model. 

3.3 Neural Network Modelling 

Neural networks are a biologically inspired computation 
technique, designed to emulate or mimic the functions of 
the human brain (but not, of course, to exactly replicate it). 
The components of Artificial Neural Networks are based 
on a simplistic mathematical representation of what people 
think biological neural networks loOk like: 

Biology Comoutation 

Neurons +--+ Nodes 
Dendrites +--+ Input Signals 
Axons +--+ Output Signals 
Synaptic Strengths +--+ Associated Weights 
Synapses +--+ Input Connections 
Axonal projections +--+ Output connections 

Neural networks are nonlinear dynamic computational 
systems where, rather than relying on a number of pre
determined assumptions, data is used to form the model. 
They are therefore potentially capable of handling the 
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noisy and approximate data that are typical in the domain 
of failure risk analysis. When using neural network 
techniques. model developers do not Deed to deal with the 
assumptions which are imposed by statistics and which 
limit their modelling ability. The primary disadvantage of 
neural networks is that the lack of a theoretical base to 
models developed makes explanation of model 
performance difficult. 

The 8l'Chitectures and learning algorithms for neuml 
network models are many. Most applications utilise a 
three layer backpropogation design, as illustrated in Fig I. 
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In such a model, when the input neurons receive data ( in 
our case the e:xplanatoly variables), a calculation is 
performed at each neuron, with a subsequent signal sent 
to each connected hidden neuron, which in turn passes a 
signal to each output neuron. The output layer then 
performs the evaluation (in our case the prediction of 
corporate failure risk). 

The calculation performed at each neuron is determined 
by an activation function (usually logistic, linear, linear 
threshold or hard limiting (on/oft)). The size of the signal 
passed between any two neurons depends on both the 
activation function and the weight of the connection. As 
with the logistic model, the output (prediction result Y) of 
such a model can be constrained to values from 0 to 1. 

The neural network learns by using training data. Iftput 
attributes are supplied and resultant output is compared to 
the desired output. The network then adjusts the 
interconnection weights between layers. This process is 
repeated until the network performs well on the training 
set The network can then be assessed on data not 
included in the training set, the validation data, to 
estimate its perfo_nnance. 

In the development of neural networks, the selection of 
the inputs is a very important issue to be considered. The 
inclusion of too many variables as inputs may result in a 
network "memorising" the training set, thereby ·making 
the model useless for predictive purposes [9]. Using more 
input variables may need to use more hidden neurons [6] 
which in turn can lead to the "over learning". Too few 
variables, on the other hand, may result in the omission of 
valuable information. In our experiments, a group of 
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models was built using different numbers and types of 
explanatory variables as inputs. 

Selection of the number of bidden neurons is 3nother 
basic decision to be made in building neural networks. 
Heuristics have been suggested (see for example [6]), but 
care must be taken when using them in practice, as the 
issue may be case dependent and an inappropriate 
decision may degrade the networks' accuracy in 
generalisation. We therefore tested a wide range of hidden 
neuron numbers in order to achieve an optimal 
generalisation. 

In a neural network, the calcuJations performed at each 
neuron are determined by an activation function which 
may be of various mathematical fomis, as mentioned 
before. The intensity of the signal passed between any two 
neurons depends on both the activation function and the 
weight of the connection. While connection weights will 
be modified during training of the network as observation 
patterns are passed along, activation functions should be 
decided before the network training. ' 

Tbe selection of an activation function for the hidden 
layer is most important, since this is the layer that actually 
performs the feature extraction from the patterns 
processed. For an empirical estimation, a group of neural 
net models was designed to study the network's 
performance, with Logistic, Gaussian, Tanh, and 
Gaussian Complement as their respective hidden layer 
activation functions. 

As indicated above, the selection of network model and 
model structure is another important issue needing more 
detailed study. Regarding this, we designed an experiment 
to investigate the eligibility of different network 
configurations for the purpose of failure prediction. 

4. Empirical Results and Discussion 

Tbe empirical results are described below in four respects. 
The first part is an investigation of model input selection. 
Tbe second part discusses the influence the number and 
the activation function of the bidden neurons had. 
Following this, the structure of the network models is 
considered. Finally, we make a comparison between the 
optimal neural network model with its statistical based 
counterparts. 

In order to estimate the quality of resultant models from 
several aspects, a group of five statistics was chosen as 
standard criteria to evaluate the models' performance. 
These statistics were: 

• R-Squared Coefficient (RSQ) which measures the 
actual variation explained by the model (ie. the 
capacity of explanation), ranging from 0 (none 
explained) to 1 (all explained); 

• Normalised Root Mean Squared Error (NRMSE), 
which measures the average evaluation error, 

• Percent Correctly Predicted, which measures the 
percentage of healthy/failed companies correctly 
estimated; 

• Misclassification Rate, categorised as Type I E"or 
(which measures the frequency of incorrect 
classification of failure as health) and Type 11 error 
(which measures the frequency of incorrect 
classification of health as failure); 

• Cross-Validation Prediction Risk, which measures 
the accuracy of a model when being applied to new 
data (ie, the generalisation ability). 

4.1. Input Variables of the Neural Network 
Models for Corporate Failure Prediction 

Picking which variables to include in a neural network is 
crucial to model performance. Knowing what kind of 
information is relevant is the key to a successful 
implementation of neural network design. 

In our application, we used the financial ratios as the 
explanatory variables to implement a neural network 
model as the failure risk predictor. Ratio analysis is often 
employed by management accountants and financial 
analysts, and is found to reveal conditions and trends that 
often cannot be noted by inspection of the individual 
components of the ratio. Ratios may not be significant of 
themselves but assume significance when they are 
compared with (1) previous ratios of the same company 
(trend analysis), (2) some predetermined standard (target 
analysis), (3) ratios of other enterprises in the same 
industry (comparative analysis), (4) ratios of the industry 
as a whole within which the company operate (behaviour 
analysis). 

An important decision in using continuous-valued data 
like financial ratios is whether to use actual amounts or 
changes in amounts (i.e. differencing from pre-year to the 
present). For neural network applications in financial 
modelling, it is often helpful to create additional input 
variable derived from differencing or manipulating the 
raw input data one already has. 

For the purpose of predicting corporate failure based on 
the company's financial statements, we found that 
differencing some data significantly improved the 
predicability of the resultant model We started by using 
ratio data drawn directly from a certain year's balance 
sheets to build up the neural network models. The results 
achieved were not good. We therefore decided to create a 
new group of variables as the network inputs. The 

modified variables dXi (i = 1 to 9) were derived from the 

difference of the financial ratios Xi (i = 1 to 9) 
respectively listed in the balance sheets 1994 and 1993. 
After using the modified explanatory variables, 
performances of the resultant models were improved 
significantly. Taking an example of the neural network 
(model lll) in Table I, which includes dXl, dX4, dX6, dX9 
as inputs, it achieves high quality in terms of the 
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explanation capacity and the generalisation ability, whilst, 
the misclassifkation rates of the model, especially the 
important Type I error, are very low. 

Picking how many variables to use as input for a 
prediction model is another important issue to ensure the. 
neural network predictor works properly. This question 
can, unfortunately, only be answered only through trial 
and error. In our case, the appropriate number was 
determined to be 4 as illustrated in Table I(a) and I (b). 

When building up a neural network, one might expect to 
achieve a better explanation capacity for the model by 
including more variables as the model input. This is not, 
however, correct in all applications. Taking our 
experiment results as an example, the 4-input model 
demonstrated better (for training data), or at least the 
same (for validation data), perfonnance when compared 
with the 5-input models. 

AIIU :at Moiell Mollelll Model m MolleiiV 
CllfeMry 4-inputa !1-inpub 4-inputs !1-inputs 

%Correct 
Predktloa 97.!10% 9!1.00% ,,01% 99.00% 

~I Error 16.67% 33.33% 8.84% !10.00% 

Tnen Error 0 0 0 2 .. 94% 

RSQ 0.810 0.630 0.925 0.314 

NRMSE 0.32!1 0.478 0.133 0.676 
PndidiGB 
Risk 0.02!1 0.0!10 0.011 0.100 

Tlble I Cal: Influence of Input Variables 011 the ANNs 
Model Performance (Training Data Set) 

All I d Mollel.l Mollelll Mollelm .MaWJV 
CatHon" 4:iqJW 5-iQIW 4-QJuts !i-Qutl 
%Correct 
Predlctioa 7!1.00% 7!1.00% 98.21% 87.!1oe..-

~I Error so.ooe..- !10.00% 2.38% SO.OO% 

~n Error 16.67% 16.67% 7.14% 0 

R.SQ 0.111 0.111 8.918 0.429 

NRMSE 0.817 0.817 0.065 1.281 
PndidiGB 
Risk 0.2!10 0.2!10 0.018 0.12!1 

Table I (bl: Iafluence of Input Variables 011 the ANNs 
Model Penormuce (Validation Data Set) 

Where: 
Model I includes variables XI, X4, X6, X9 as inputs, 

datadrawnfromyear 1994; 
Model II includes XI, X2, X4, X6, X9 as inputs, data 

drawn from year 1994; 
Model m includes dXI, dX4, dX6, dX9 as inputs, data 

derived from the changes of balance sheets of year 
1994 and year 1993. 
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Model IV includes dXI, dX2, dX4, dX6, dX9 as inputs, 
data derived from the changes of balance sheets of 
year 1994 and year 1993. 

and: 
XI: Total liabilities/Total assets; 
X2: Cash tlowfl'otalliabilities; 
X4: Sales/Total assets; 
X6: Net profit after taxfl'otal ~evenue; 
X9: (Current assets - Current liabilities)fl'otal. 

Neural network design: 
Backpropagation 4layers jump connections; 
Learning rate= 0.038; Momentum factor= 0.14; 
Activation Functions of hidden layer: Gaussian. 

4.2 Hidden Neurons and Activation Function 

Table II below indicates the significant impact the number 
of hidden neurons and the choice of hidden layer 
activation function bad on the network performance. With 
the same number of hidden neurons, when different types 
of activation function were used, the performance of the 
resultant network model varied greatly, in terms of the 
prediction accuracy, the explanation capacity, and the 
generalisation ability. 

There are wide ranges of choice on the number and 
activation :functions of hidden neurons. The answer to the 
question that which combination would be the best is 
really case dependent. At this stage of the technology 
development, trial and error still appears to provide the 
principal mechanism for determining the optimal neural 
network architecture. 

A111111 led MolleiV MolleiVI Mollelm MMelVII c....,. 4 +4 6+4 4 +4 6 +4 
AF:Tanh AF:Tanh AF:a..im F:a-iln 

%Cernd 
PndidiGB 87.!10% 89.!111% ,.01% 87.!10% 

TJpeiKnw 7!1.00% SO.OO% 8.84% 7!1.00% 

TJpeUKnw 0 2.!10% • 0 

RSQ 0.217 0.336 o.m 0.223 

NRMSE 0.818 0.667 0.133 0.7!16 
~ 
Risk 0.12!1 0.104 0.011 0.12!1 

Table U: Influence of Hidden Neuroa Numben aad 
Activation Function 

Where: 
Model V consists of 2 jump connected hidden layers, 

with each including respectively 4 and 4 neurons 
and taking Tanh as the activation function; 

Model VI consists of 2 jump connected hidden layers, 
with each including respectively 6 and 4 neurons 
and taking Tanh as the activation function; 

Model m consists of 2 jump connected hidden layers, 
with each including respectively 4 and 4 neurons 
and taking Gaussian as the activation function; 
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Model VII consists of 2 jump connected hidden layers, 
with each includiDg respectively 6 and 4 neurons 
and taking Gaussian as the activation function. 

Input variables: 
d.¥1: Total liabilities/Total assets 
d.¥4: Sales/Total assets 
d.¥6: Net profit after tax/I'otal revenue 
d\'9: (Curmlt assets- Current liabilities)lfotal assets. 

4.3. Selection of Model Structure 

As discussed above, the application of the neural networks 
to prediction of corporate failure is constrained by the 
model architecture used. For our application, we designed 
neural network models with different configurations to 
test their eligibility as failure risk predictors. These 
network configurations included: (1) standard connected 
backpropagation network with three or four layers; (2) 
Jump connected backpropagation network with three or 
four layers; (3) Mixed activation networks: a) two hidden 
slabs standard coonected; b) three hidden slabs standard 
connected, and c) two hidden slabs with jump connection. 

Table m below lists some of the prediction results these 
models achieved. Clearly, model performance varied 
greatly across network topology selected. 

All IF 
t 

MMel M«** MMel MMel 
Catqory vm m IX X 

"'Correct 
PreUdloa 9S.83% ,.01% 93.7S% 87.SO% 

TDeJEn-or 2S.OO% 8.84% 37.50% 7S.OO% 

l'DeUEn-or 0 0 0 0 

R.SO 0.714 0.91!5 0.736 0.217 

NRMSE 0.409 0.133 O.S17 0.670 .. , ... 
Rbk 0.042 0.011 0.063 0.12S 

Table m: IDf1ueace of Model Structure oa ANNs 

Where: 
Model VIII is a backpropagation network having 4 

layers with standard connection; 
Model m Is a backpropagation network having 4 

layers with jump connection; 
Model IX is a Mixed Activation network consisting of 

3 layers with standard connection; 
Model X is a Mixed Activation network consisting of 

2 layers with jump connected. 

Input variables: 
d.¥1: Total liabilities/Total assets; 
d.¥4: Sales/Total assets; 
d.¥6: Net profit after taxffotal revenue; 
d\'9: (Current assets - Current liabilities)lfotal. 

4.4. Comparing Statistical and Artificial 
Neural Network Models 

Taking into consideration all the influential factors 
discussed above, an optimal neural network model (model 
Ill) was selected for the application of predicting corporate 
failure. This model achieved, amongst the neural 
networks, the highest prediction accuracy (98%), the 
highest explanation capacity (RSQ =0.92), the lowest 
misclassification rate (0.84% and 2.38% for training data 
and validation data respectively), and the lowest cross
validation prediction risk (0.02). 

We subsequently developed a number of logistic 
regression models, using either direct or modified 
financial ratios as inputs. Based on the assessment of each 
model's prediction accuracy, goodness-of-fit, Chi-square 
coefficient, and -2 Log likelihood, an optimal model was 
chosen which included the following 4 input variables: 

dXJ: TotalliabilitiesfTotal assets 
dX4: Sales/Total assets 
dX6: Net profit after taxffotal revenue 
dX9: (Current assets - Current liabilities)lfotal assets. 

Similarly, an optimized multiple discriminant model was 
derived, using the same group of input variables as above. 

Table N(a) and IV (b) presents the outputs of the optimal 
neural network (ANN), multiple discriminant analysis 
(MDA) and logistic regression (LR) models. As can be 
clearly seen, the neural network model demonstrated 
superior performance than the MDA and the LR model. 

·"•n•...t ANN MDA LR 
Catqory MCMiel Model M Me! 

%Comedy 
Pndktecl ,.01% 80.36% 87.50% 

Type I Error 0.84% 35.71% 7S% 

TypeUEnw 0 14.29% 0 

RSQ 0.925 0.144 0.211 

NRMSE 0.133 0.838 0.828 

Predktlon Rbk 0.011 0.189 O.lSO 

I3ble W (a): Comparison of Optimal Model 
Performances (Training Data Set) 

A• I ... ANN MDA LR 
c.tqory Model Model Model 

%COI'ftdly 
77.86% Predlde4 91.%1% 76.79% 

TypeiEnw l.JS% 4S.24% 8S.71% 

Type 11 EJTor 7.14% 18.0,..4 2.38% 

RSQ 0.918 0.297 0.241 

NRMSE 0.06!5 0.667 0.9S2 

Predktlon Rbk 0.018 0.196 0.232 

Table W (b): Comparison of Optimal Model 
Performance (Validation Data Set) 
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It is interesting to note that as well as the high percentage 
of corect predictions (~10 for training data and 98% for 
validation data), the neural network model generated very 
much lower misclassification rates for Type I error (0.84% 
for training data and 2.38% for validation data set), 
compared with its statistical counterparts. For the 
validation data set, the MDA model achieved the correct 
prediction rate of 77.86% with Type I error generated as 
45.24%; the LR model achieved correct prediction rate of 
76.790.10 with Type I errors generated as 85.71%. The 
difference in overall classification accuracy among these 
three models seems not that dramatic. However, in terms 
of correct prediction of failure (low rate of type I error), 
the ANN model far outperforms the MDA and LR models. 
Clearly the MDA and LR achieved their results by 
defaulting classifications to "healthy", corresponding to 
the bulk of cases. 

In practice, maintaining a low rate of misclassification for 
Type I errors is of significant economic value. A Type I 
error is defined as a prediction of healthy when the 
company is actually failed. ·Hence, from the investors' 
point of view, such misclassification means the possibility 
of encountering direct monetary loss. From the COipOrate 

management perspective, however, it means losing the 
opportunity for taking steps to prevent the failure, or 
reduce its impact at least 

5. Conclusions 

We utilised Artificial Neural Networks and statistical 
techniques Logistic Regression (LR) and Multiple 
Discriminant Aoalysis (MD A) to simulate business failure 
prediction, and applied the techniques to the ament 
Australian industrial environment. 

In order to develop a good neural network predictor, and 
to study the mechanism behind it, influential factors for 
building up the network such as the network structures, 
the numbers and activation ~on of the hidden layer, 
the number and type of input variables, etc. were detailed 
and investigated. 

The results of this research have indicated that Artificial 
Neural Networks are well suited to solving the real world 
problem of business failure prediction. 

To SUCQCSS(ully implement a neural network for predicting 
cooperate failure, one, however, needs to carefully deal 
with some influential factors. Tbcse factors can be the 
structure of the network, the number of the neurons in the 
hidden layers, their activation fiinctions, the number and 
the type of input variables, and so on. In our application, 
the last par.uneter proved of extreme importance. 

It is · vital that Neural Networks are designed with some 
intuitive notion of why the explanatory variables are used 
as the model inputs. This, to a certain extent, avoids the 
"black-box" syndrome and derivation of spurious models. 
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The final selection of the explanatory variables in this 
research is based on the knowledge of financial analysis in 
business failure evaluation. 

We have made a comparison of the performance among 
the optimised ANNs model, MDA model and LR model. 
It indicates that neural network approach can outperform 
conventional statistical techniques at extracting 
information from explanatory variables for business 
failure prediction. The results are interesting primarily 
because that, in contrast to the statistical model, the 
neural network demonstrates far better quality not only in 
terms of the overall accuracy, explanation capacity and 
generalisation ability, but also in terms of very low rate of 
Type I error. 

We are currently in the process of undertaking a follow up 
study to· compare Neural Networks with other AI 
techniques, utilising a large data set drawn from 
Australian and new Zealand industries in reclent years. 
This broadens the research to encompass a practical as 
well as theoretical base. 

6. Reference 

[1]. Altman, E., "Financial Ratios, Discriminant Analysis 
and the Prediction of Corporate Bankruptcy," Joumal 
of Finance, Sept. pp. 589-609, 1968. 

(2]. Altman, E., "Corporate Financial Distress - A 
Complete Guide to predicting, Avoiding and Dealing 
with Banknlptcy, John Wiley, New York, 1983. 

[3]. Altman, E., Marco, G. and Varetto, F., "Corporate 
Distress Diagnosis: Comparison Using Linear 
Discriminant Analysis and Neural Networks (the 
Italian experieoce)", Journal of &mking Olfd 
Finance,~. 18,pp.SOS-529, 1994. 

[4]. Argenti, 1., Corporate Collapse: The CaMs and 
Symptoms, McGraw-Hill, Maidenhead, UK, 1976. 

[S]. Boritz, 1., Kennedy, D., and Albuquerque, A., 
"Predicting Corporate Failure Using A Neural 
Network Approach," Intelligent Systems In 
Accounting. Finance And Management, vol. 4, pp. 
95-111, 1995. 

[6]. Caudill, M., "Neural Network Training Tips and 
Techniques," AI Experts, January, 199L 

[7]. CollinS, R. and. Green, R., "Statistical Methods for 
Bankruptcy Forecasting," Joumal of Economics and 
Business,. vol: 34, p. 349-354, 1982. 

[8]. Fletcher, D. and Goss E., "Forecamng with Neural 
Networks - An Application Using Bankruptcy Data," 
Information & Management, vol. 24, p. 159, 1993. 

[9]. Flitman, A. "Towards Analying Student Failures: 
Neural Networks Compan:d with Regression Analysis 
and Multiple Discriminant Aoalysis ", Computers 
Op8 &s. vol. 24, No. 4, pp. 367-377, 1997. 

Australian Journal of Intelligent Information Processing Systems Wmter 1997 



118 

(10]. Geisser, S., "The Predictive Sample Reuse Method 
with Applicatioos", Journal of the American 
Statistical Association, 70(350), pp. 320-328, 1975. 

(11]. Jones, F., "Current Techniques in Bankruptcy 
Prediction," Journal of Accounting Literature, vol: 
6, p. 131-164, 1987. 

[12]. Lee, K., Han, I., and Kwon, Y., "Hybrid Neural 
Networlc Models for Bankruptcy Predictions," 
Decision Support Systems, vol: 18, p. 63-72, 1996. 

[13]. Mosteller, F. and Tuk:ey, J., Handbook of Social 
Psychology, vol. 2, Addison-Wesley, (first edition 
1954), 1968. 

(14]. Ohlson, J., "FiMncia) Ratios and the Probabilistic 
Prediction of Bankruptcy," Journal of Accounting 
Research, vol. 18, No. 1, Spring, pp. 109-131, 1980. 

(15). Odom, M and Sharda, R, "A Neural Network Model 
for Bankruptcy Prediction," Proceedings of the IEEE 
International Conforence on Neural Networks, (San 
Diego, CA), ll. pp. 163-168, 1990. 

[16]. Stone. M, "Cross-Validation Choice and Assessment 
of Statistical Predictions", Roy. Stat. Soc., B36, pp. 
111-147, 1974. 

[17]. Tsukuda, J. and Bada, S., "Predicting Japanese 
Corporate Bankruptcy in Terms of Financial Data 
Using Neural Network", Computers Industrial 
Engineering, vol. 27, No: 1-4, pp. 445-448, 1994. 

[18]. Utans, J. and MoOdy, J., "Selecting Neural Network 
Architectures via the Prediction Risk: Application to 
Corporate Bond Rating Prediction", Proceedings of 
First International Conference on Artificial 
Intelligenu Application on Wall Street, IEEE 
Computer Society Press, CA, pp. 35-41, 1991. 

[19]. Wu, X and Flitman, A., "Corporate Failure 
Prediction - on from Ratios Analysis", Business 
Systems Research Journal, pp. 185-200, 1995. 

Appendix 1: Prediction Risk 

The notation of generalisation can be defined precisely as 
the prediction risk - the expected performance of an 
estimator on new observations. 

--+ 
Assume that a set of observations D- {( x .1o ,IJ );J = 1 .. .N} is 
to be generated as 

wbere: 
11 (x) is an unknown function, 
lj are observed target values, 

(1) 

xi are inputs drawn independently with unknown 
probability density function p(x), 

e i are independent random variables with zero mean 
( e= 0) and variance G8

2
• 

The neural networlc learning or statistical regression 

analysis problem is to find an estimate jJ. 4 ( x, D) of 11 (x), 

given the data set D from a class of predictors or models 
J.t;.(x) indexed by A.. 

The prediction risk P(..t) is defined as the expected 
performance on future data: 

p(..t) = J d(x)p(x)fJ.I(x)- ,U(x)]
2 + u & 

2 
(2) 

This is approximated by the expected performance on a 
finite test set: 

1 N • • 
2 

P(A.) "' E{- ~ (r .-p4 

( .)) } 

N ]•1 J A. X J 
(3) 

• • 
wbere (xi. t i ) are new observations that were not used 

in constructing jJ. 4 ( x) . 

Appendix ll: Cross-Validation 

Let J.l.tu> ( x) be a predictor trained using all observations 

except (xi, lj) such that jJ. .t(j) ( x) minimises 

1 2 
MSE · = -- L (t k-P A.(J)(x k)) 

J (N-1) k*f 
(4) 

Then, an estimator for the prediction risk P(..t) is the cross 
validation mean squared e"or 

1 N 2 
CV(A.) • N J~l (t rP ...t(J)(x J)) (5) 

This form of cross-validation is known as leave-one-out 
cross-validation. To calculate the value of CV(A) for 
model A. involves constructing N sub-models, each trained 
with N-1 known observations. 

V -fold cross-validation is a modified version of the leave
one-out cross-validation. Instead of leaving out only one 
observation for the computation of the sum in equation 
( 5), large subsets of the data D will be deleted. 

Let the data D be divided into v randomly selected disjoint 
subsets P of roughly equal size: 

uj=1Pj"'D and 'rli~f.p;"PJ=0. 

Let ~ denote the number of observations in subset Pi, and 

jJ. .t( PJ > ( x) be an estimator trained on all data expect for 

(x, t) e Pi . The cross-validation mean square error for 
subsetj is then defined as 

1 2 
CV P/A.) =- L <tk- PA.(PJ)(xk)) 

N /:tek' 'k)ep j 

1 
~ crpW=-~cr~~ 00 

V J 
CVp is an estimate of the prediction risk that relies 
only on the available data. Typical choices for v are 
usually 5 and 10. The leave-one-out CV is obtained in the 
limitv=N. 
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