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Abstract

The aim of this study was to compare three methods of bankruptcy prediction, which were

Multivariate Discriminant Analysis, Logit Analysis and Artificial Neural Networks. The

methods were compared based on their ability to correctly classify and predict bankruptcy on

American public listed companies one year prior to the year of failure. The window of interest

in this study was the ten year period from 1984 to 1994. Eleven financial ratios, based on a

study by Karels & Prakash (1987), were used in the three prediction methods. It was

expected, based on previous literature, that the Artificial Neural Network would be the

superior method. This study used a more robust testing technique, incorporating different

proportions of bankrupt and financially stable companies as well as different sample mixes

between the classification and holdout sample. Overall, it was Multivariate Discriminant

Analysis which proved to be the best method of prediction in this study.
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Chapter 1

Introducti,

1.1 Background

More often than not a corporate collapse comes as a surprise to many people. This should not

be the case as there are signs of impending failure well before businesses go under. For

decades, accounting and finance practitioners have been fascinated with the idea of being able

to predict bankruptcy. The initial trial was conducted by Beaver in 1966 using a number of

financial ratios and univariate analysis. Then in 1968, Altman conducted what is probably the

most quoted bankruptcy prediction study ever. That study also involved the use of financial

ratios but improved upon Beaver's study by using multivariate discriminant analysis (MDA).

MDA was at that time an untried statistical method in bankruptcy prediction.

Since then many more methods have been tried, incorporating new and improved financial

ratios as well as new prediction methods. The financial community has till now only widely

used one version of such prediction methods, which has been the ZETA® credit risk model

developed in 1977 by Altman, Haldeman and Narayanan. The search for new and improved

prediction techniques will continue as long as practitioners and academics feel that bankruptcy

prediction can be improved. The advent of computers and Artificial Intelligence has meant

that techniques such as Artificial Neural Networks are introduced as new prediction

techniques. Thus, the bankruptcy topic has again come under the microscope as academics

test this new prediction method.

I
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1.2 Costs of bankruptcy

There are several stages before a company goes bankrupt. Lam (1994) states that it starts

with the firm facing liquidity problems followed by a reduction in dividend payments. The firm

will then face difficulties raising new capital and lenders refuse to extend credit. From here a

firm may default on covenants and loan repayments (provided it has debts with banks). In

situations like this a firm can either undergo voluntary reorganisation or merger in order to cut

costs or seek protection under Chapter X and XI of the American bankruptcy act. The

receivers will then be appointed and the firm delisted from the stock exchange. Finally the firm

will be either involuntarily declared bankrupt or forced into liquidation.

The costs of going through all the stages described above are divided into direct and indirect

costs. Among the direct costs are lawyers' fees, accountants' fees, restructuring advisers and

specialist charges. When a company becomes financially distressed, a receiver is appointed to

allow the creditors to take over the running of the business and recover their costs. Here

receivership costs are incurred. The company is then liquidated and the relevant costs of

liquidation are incurred. In liquidation, unsecured creditors often receive little by way of any

payment. Also shareholders lose their investment.

Lam (1994) states that direct costs can range from three to five per cent of the market value of

the firm, one year prior to bankruptcy. An extreme example was when the New Zealand

company Fortex went under. The closure of the plant cost the company around 11% of the

firms' book value (Lam, 1994).

Among the indirect costs of bankruptcy are employees losing their jobs, management spending

time trying to turn the company around, delays and legal issues related to bankruptcy. The

company often loses credit and there is a decline in sales. Altman (1994) estimated that the

combined direct and indirect costs are in the range of 8 to 12 percent of the market value of

the firm, one year before bankruptcy. He measured indirect costs as the unexpected loss in

profits.

2



Comparative prediction Methods; the case of Bankruptcy Predictions 	 Chapter 1

1.3 Users and uses of bankruptcy models

Lenders, be they banks giving loans, providers of trade credit, investors holding debt securities

or shareholders can use a bankruptcy prediction model in making decisions on whether to give

out loans, extend credit, or make investments in the company. Auditors can use the model to

help them conduct their audit to help ascertain whether the company will continue as a going

concern (Somerville, 1989; Wilson & Sharda, 1994; Jones, 1987). The use of the model will

then affect the asset and liability valuation methods used in the financial reporting.

Management will obviously benefit from the use of such a model as they will be able to avoid

the huge costs associated with bankruptcy. Also these models may help management in

identifying takeover targets. Academics will of course find such models extremely useful and

could use them to demonstrate the information value of financial statement data. Practical

usefulness of bankruptcy prediction models has led to the acceptance of the ZETA® credit

risk model of Altman, Haldeman and Narayanan (1977). In 1983, it was being used by over

three dozen financial institutions in the USA (Altman, 1983). The ZETA model's primary

uses have been in credit worthiness analysis of firms and identification of undesirable

investment risk for portfolio managers and individual investors.

1.4 Aim of the study

This study is an exploratory case study contrasting the classification and prediction accuracy

of three different methods. This is done via the prediction of which of two states (financially

stable and bankrupt) a company will enter based on a set of financial ratios. The three

methods to be used are the Multivariate Discriminant Analysis model (MDA), the logistic

regression model based on the cumulative logistic probability function (Logit Analysis) and the

artificial intelligence algorithm model based on biological Neural Networks (Artificial Neural

Networks or ANN). It is hoped that this study will help to further test the recent claim that

ANN are the way forward in bankruptcy predictions.
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1.5 Importance of this study

Models that predict bankruptcy can play a useful role in investment decisions and the

avoidance of corporate collapse. Research such as this, which seeks to find superior

bankruptcy prediction models, can be seen as the development of a tool to aid the decision

making process of managers and others interested in the financial health of firms. The benefit

of such a model will be significant in that the model may be able to help interested parties

foresee the possibility of a company's bankruptcy and allow them to take the necessary actions

to reduce the costs associated with bankruptcy. There exits, however, the danger that a

distress prediction will create a self-fulfilling prophecy.

Over and above the uses of such a model, the importance of this study is the due to the fact

that the evidence supporting ANN has not been conclusive. A minority of studies, such as

Altman et al. (1994), have found MDA to be superior to ANN while the majority of others

have concluded that ANN is by far the superior method. This study improves over other

studies in that the three methods are compared using various rigorous comparative tests. The

study also uses ratios which most closely satisfy the restrictive assumptions of the MDA

method. Thus, this study will be able to state with greater conviction which method is best at

predicting bankruptcy, at least for the data set employed.
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Chapter 2

Literature Levew

2.1 Definition of bankruptcy

Bankruptcy can be defined in many ways but the terms commonly used to in this context have

been financial distress, corporate failure, insolvency, default, receivership, liquidation and

bankruptcy (Lam, 1994). Karels and Prakash (1987) explain it succinctly in that bankruptcy is

a process which begins financially and is consummated legally.

Failure as in financial distress was defined by Dun and Bradstreet (1985) (cf Lam (1994)) as

the discontinuity of business enterprise. Foster (1986) defines financial distress as a company

facing severe liquidity problems that cannot be resolved without a sizeable resealing of the

entity's operations. Liquidity problems relates to insolvency and is a state where the company

cannot meet all its current obligations.

Default is when debt covenants or other conditions of a financial agreement are violated.

Receivership seeks to protect the interest of the secured creditors and liquidation is when the

company is wound up under Chapter VII of the Bankruptcy Act'. Bankruptcy is a legal term

where the entity ceases operations following the filing of a bankruptcy petition which may be

due to unpaid debts or voluntarily by shareholders.

Note that the function of a liquidator is different from a receiver in that a liquidator is appointed to
wind-up the company and then terminate its existence.
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Many of these definitions have been used in studies relating to bankruptcy predictions.

Among the other definitions of bankruptcy have been the protection under Chapter X and XI

of the Bankruptcy Act. There have been moves away from defining financial distress in a

binary form and incorporating states like reduction of dividends and technical defaults on loans

along with the traditional bankrupt and non-bankrupt states. Lau (1987) used a five state

model to approximate the continuum of financial distress while Somerville (1989) used a three

state model.

As the purpose of the analysis should dictate the appropriate definition, in this study a two

state definition (financially stable and bankrupt) is used. Bankruptcy is defined as firms that

have been delisted from the COMPUSTAT Files which are classified as having gone bankrupt

or been liquidated. This definition is used for purposes of simplicity and due to the primarily

comparative nature of this research. However, Jones (1987) points out that some companies

may file for bankruptcy for other reasons other than experiencing serious financial difficulty.

A similar opinion is expressed by Gilbert et al. (1990) when they say that not all companies in

financial distress are motivated to file for bankruptcy. Management may view bankruptcy as

one possible strategic decision among others such as mergers, restructuring and voluntary

liquidation. This represents a limitation to the study.

2.2 Use of ratios in designing models

Foster (1986) states that the most pertinent reason for using a ratio in bankruptcy is the ability

to exploit an observed regularity between the ratio and an event of interest. Financial ratios,

however, must be interpreted with utmost care as they are computed from financial statements

which have problems inherent in their preparation based on the interpretation of accounting

standards. This together with the fact that they show the financial position of the firm at a

single point in time are the biggest limitations of financial ratios.

6
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Because of the lack of theoretical support, researchers have had to search for other guides in

variable selection (Jones, 1987). Most researchers have used financial ratios as predictor

variables because of their popularity and predictive success in previous studies. There is no

theory as such establishing causation between the behaviour of financial ratios and bankruptcy,

all evidence is empirical and only observed regularities have been documented (Jones, 1987;

Karels & Prakash, 1987; Lam, 1994; Wilson & Sharda, 1994). Wilson & Sharda (1994) state

that the major evolution in bankruptcy has been identifying financial and economic variables

which improve predictive performance.

Tabb & Wong (1983) countered this lack of causation theory by asserting that prediction

models could still be useful in that the applied aspect has to be considered as well as the

theoretical aspect. They maintain that business decisions can only be made after considering

all relevant information and the decision makers skill, experience and judgement are also

critically important.

Hamer (1983) (cf Jones, 1987) tested to see if classification success was sensitive to variable

selection. The conclusion was that there were no statistical differences between the results

provided by various combinations of ratios in overall classification accuracy, regardless of

whether the Logit or MDA technique was used. Karels & Prakash (1987) however found

otherwise. They compared Altman's 1968 model using two different sets of ratios and found

predictive accuracy to improve using their set of ratios.

In general the ratios selected in this study are in the same category as most other bankruptcy

studies. Jones (1987) states that the fact that numerous studies (using various methods of

ratio selection be they stepwise regression, factor analysis or some other method) have come

up with roughly the same factors is an important consideration. Pinches, Mingo & Caruthers

(1973) identified seven factors; return on investment, capital turnover, financial leverage, short

term liquidity, cash position, inventory turnover and receivables turnover. Jones (1987)

ponders the possibility that these factors may be important financial dimensions that could be

used for economic interpretations.

11111111111111tAw
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Cash flow data until recently has not been used to predict bankruptcy, largely due to

unavailability. Studies using cash flow data alone, however, have not been unequivocal in

their predictive ability and as such there is no conclusive evidence to state that cash flow

measures have higher predictive ability than accrual measures (Jones, 1987; Lam, 1994). But

they were identified as being useful. There is similarly no conclusive results regarding price

level adjusted ratios. However, in relation to financial market data, a large number of

researchers (Altman, Haldeman & Narayanan, 1977; Marais, Patell & Wolfson (1984) (cf

Jones, 1987), ; Foster, 1986) have advocated incorporating ratios related to the financial

market as the market has access to information not reflected in financial statements.

Zavgren (1983) (cf Jones, 1987) points out that there is a danger of including too many ratios

as this may result in a problem of overfitting. This is when the classification accuracy in the

determination sample may be high but at the expense of prediction accuracy in the holdout

sample. Wilson & Sharda (1994), however, in their comparison of ANN with MDA state that

ANN would perform better with the inclusion of more ratios in the analysis. Udo (1993)

concurs with Wilson & Sharda and states that in the age of fast computers, there is no major

advantage for a model to use less information that results in lower accuracy.

Karels & Prakash (1987) conducted a study evaluating ratios on whether they satisfied the

assumptions imposed by MDA. They wanted to know how this would bias the results and

whether improving this assumption by using different ratios would improve the results of

bankruptcy prediction. They state that previous methods of selecting ratios had not taken into

account the assumptions of MDA and insist that while their ratios may still lack any theoretical

causation basis, they will be on statistically safe ground.

They found that most ratios used in previous studies failed to satisfy MDA's assumptions and

as such used various tests used to detect normality among the ratios they selected. The ratios

selected did not completely satisfy the joint normality assumptions of MDA but their

deviations were not as acute as those used by other studies. They concluded, after comparing

their ratios with Altman's 1968 study, that selection of ratios did improve prediction ability.
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The eleven ratios selected by Karels & Prakash (1987) are working capital ratio, gross profit

margin, earnings per share, total debt to total capital, total debt to total assets, cash flow per

share and the natural logarithms of the following; tangible asset turnover, market value of

common stock, sales per cash, sales per inventory and sales per receivables. It is worth

mentioning that these eleven ratios, with the exception of market value of common stock, all

fit into the seven categories identified by Pinches et al. (1973).

The factors identified all have a sound practical basis to them. Liquidity ratios measure the

ability of a company to meet its short term commitments without having to cease operations

or liquidate long term assets. A firm that lacks liquidity is more likely to default on its loans

and therefore has a higher probability of bankruptcy (Lam, 1994). The working capital ratio is

the liquidity ratio used in this study and will be lower for financially distressed firms.

Profitability is an important characteristic of the long run survival of the firm (Lam, 1994).

Gross profit margin and earnings per share are the profitability ratios used here. If these ratios

are lower, then there is a higher probability of bankruptcy. This is because profitability

indicates the return on the investment and provides a significant measure of the company's

health.

Total debt to total capital and total debt to total assets are leverage or solvency ratios and

these ratios are higher for companies in more severe states of distress. Somerville (1989)

attributes this to the fact that a significant part of a companies profits go towards financing

debt if the company is highly geared. Furthermore, a downturn in the economy, an increase in

competition or a change in interest rates have adverse effects on interest repayment and in due

course profitability and the financial health of the company. Thus, levels of leverage are a

factor in company collapse.

Cash flow per share is a cash flow ratio and the better the cash flow position, the healthier the

company. Companies facing the possibility of bankruptcy will definitely face cashflow

problems (Karels & Prakash, 1987). Cash flow ratios indicate the ability of the company to

generate future cash flows. This in turn indirectly relates to the long term sustainability of

9
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dividend payout. A dividend cut is often interpreted as a signal that management is pessimistic

about the probability of future cash flows covering dividends at their present state (Somerville,

1989; Lau, 1987).

Tangible asset turnover, sales per cash, sales per inventory and sales per receivables are

activity ratios and as such gauge the ability of the company to use its assets to full capacity.

Zavgren (1985) (cf Lam, 1994) asserts that activity variables have long run implications. So

the activity ratios would be lower for companies in a more severe state of distress (Somerville,

1989). Sales per inventory is important, as inventory accumulation without significant sales is

a factor contributing towards bankruptcy (Karels & Prakash, 1987). Sales per receivables

measures the ability of the company in collecting its debt and a large increase in unpaid debt

may signify problems.

The market price of shares, while not a ratio, has been felt to be an important indicator of

bankruptcy (Foster, 1986). Foster's argument is that the market has information that is not in

the financial statements. Karels & Prakash (1987) stated that they found the inclusion of the

market value of common stock surprising and ponder the possibility that the market

anticipates the possibility of bankruptcy further in advance than financial statements. So the

lower this variable, relative to the average of past prices, the closer to bankruptcy the

company is in.

2.3 Analytical methods used in bankruptcy predictions

Scott (1981) (cf Jones, 1987) gives an overview of bankruptcy studies in that he says

"Most bankruptcy-prediction models are derived using a paired-sample technique. Part of

the sample contains data from firms that eventually failed: the other part contains

cotemporaneous data from firms that did not fail. A number of plausible and traditional

financial ratios are calculated from financial statements that were published before failure.
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Next, the researcher searches for a formula based either on a single ratio or a combination

of ratios, that best discriminates between firms that eventually failed and firms that remained

solvent. A careful researcher also tests the resulting formula both on the original sample and

a holdout sample that was used to derive the formula"[p 132]

In place of the formula for predicting bankruptcy that Scott (1981) talks about, statistical

methods have been employed because traditional methods have been unable to capture the

complexity of business (Lam, 1994). The earliest method used was the univariate method

(Beaver, 1966). However this method was heavily criticised as it was felt to be too simplistic

to assess a company's financial health (Foster, 1986; Jones, 1987; Lam, 1994). Beaver's

study was, however, the impetus for the numerous bankruptcy studies that have been done

since 1966.

In these studies, MDA was the most widely used technique in bankruptcy predictions (see

Foster, 1986 for a review of MDA's use) before the advent of Logit Analysis. Other methods

used have been Probit Analysis, Recursive Partitioning (Jones, 1987), k Nearest Neighbour

and Decision Tree (Tarn & Kiang, 1992) among others. The MDA method overcame the

limitation of univariate analysis by better expressing the multidimensional aspect of firms and

not giving conflicting signals (as univariate analysis does when presented with different

variables)2.

MDA, however, makes two restrictive assumptions which are more often than not violated

(Foster, 1986; Jones, 1987; Lam, 1994). The two assumptions are that the predictor variables

are assumed to be multivariate normally distributed and the covariance matrices of the

predictors should be approximately the same for both categories of firms. Jones (1987)

provides remedies for both these assumptions. The first assumption regarding multivariate

normality can be improved using log transformations. Also square root transformations and

elimination of outliers can help as well. The second assumption concerning equal covariance

matrices can be repaired using quadratic discriminant analysis.

2	 Refer to section 5.2.1 for a an explanation of how MDA functions
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However, Altman, Haldeman & Narayanan (1977) used quadratic discriminant analysis and

concluded that the quadratic model was more sensitive to the derivation sample and did not

classify well in the holdout sample. They state that despite the statistical properties of the data

which suggest a quadratic structure being appropriate, the tests of model validity do not

conform to the theory. Jones (1987) also asserts that improving the theoretical underpinning's

of the MDA technique does not improve its classification accuracy. Tarn & Kiang (1992)

agree with Jones and Altman et al. They further add that in the case of correcting for the first

assumption, transformed variables may be difficult to interpret.

Udo (1993) notes some further problems with MDA. He states that the effect of

autocorrelation, which is often present in time series data is not accounted for in MDA. Other

problems noted by Udo include the fact that MDA does not tolerate error in data and handles

missing values poorly.

Jones (1987) quotes others as saying that the predictive ability of a model should be the basis

of it's use regardless of its violation of statistical assumptions. He adds that if classification is

the only objective, the argument has merit. Heine (1995) states that from 1968 to 1995, the

success rate of predicting bankruptcy using MDA (in this case specifically Altman's 1968 Z

score model) have been in the vicinity of eighty to ninety precent. However if prediction

probabilities are to be relied on then Ohlson (1980) (cf Jones, 1987) and Karels & Prakash

(1987) argue that once statistical assumptions are violated then they cannot be relied on.

A technique to improve classification is incorporating prior probabilities. This can be done by

adjusting the cutoff score by an amount so that the cutoff will move away from the midpoint

closer to bankruptcy. This will make it harder to classify a firm as bankrupt. Jones (1987)

also advocates incorporating the cost of misclassification into the various models to make

them more useful. The cost of making a Type I error (of classifying a bankrupt firm as non-

bankrupt) is obviously much higher than a Type II error (classifying a non-bankrupt firm as

bankrupt) and should be reflected in the predictions. Tam & Kiang (1992) state that

depending on the classification tasks, the tradeoff between type I and type II errors may be
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very different and needs to be accounted for. They, however, state that it is essential to allow

the assessor to state his own preference in deciding such a tradeoff.

Logit and probit analysis are other forms of statistical analysis. Logit is based on the logistic

cumulative probability function while probit is based on the normal cumulative probability

function3 . The classification and prediction accuracy of these models can be judged based on a

pre-set critical probability level. A company that is above this critical value is considered to be

bankrupt. Both methods can be solved using the maximum likelihood technique.

Neither method imposes the restrictive assumptions of MDA, however they do assume that

the costs of making type I and type II errors are equal. Both methods also assume that

midranges of probabilities are more sensitive to changes in the independent variable than are

the extremes. In MDA it was easy to correct for prior probabilities whilst in Logit and probit,

a technique called the Weighted Exogenous Sample Maximum Likelihood (WESML)

suggested by Zmijewski (1984) can be used to correct for it.

Zmijewski (1984) states that tests using WESML eliminates most of the bias associated with

the assumption that type I and type II errors are equal. If no correction is done, then the

methods will incorrectly compute the probability unless the proportions of failing and healthy

firms in the population of interest are the same as those in the sample (Jones, 1987). To

correct for costs of misclassification, the cutoff score can be adjusted to account for the

difference between making type I and type II errors (Jones, 1987).

In comparing MDA with Logit Analysis, Wilson & Sharda (1994) state that past studies

indicate that neither technique provides substantially better results. Tam & Kiang (1992) in

comparing MDA and Logit (along with a host of other methods) didn't conclude that one

method performed better than the other. Somerville (1989) on the other hand found that

Logit Analysis outperformed MDA as well as probit analysis in her study. Hamer (1983) (cf

Jones, 1987) also compared Logit with MDA and concluded that Logit Analysis may be

3	 Refer to section 5.2.2 for an explanation of Logit Analysis

is
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slightly more accurate and certainly no less accurate than MDA models in predicting

bankruptcy.

Jones (1987) in his evaluation said that properly weighted Logit and probit analysis models

were preferable to MDA since the theoretical improvements permits a sounder basis for

evaluating the significance of results. Harrell and Lee (1985) (cf Tam & Kiang, 1992)

maintain that even when all the assumptions of MDA hold, a Logit model is virtually as

efficient as a linear classifier.

2.4 The use of Artificial Neural Networks as a predictor

Much research has been directed at predicting the future and this has led to many

developments in forecasting methods, most of which have been based on statistical techniques

such as those explored in section 2.3. A new challenger for these methods is an artificial

intelligence algorithm model based on biological Neural Networks. Artificial Neural Networks

(ANN) in this setting is a computer based technique where the researcher first trains the

network on a set of data (similar to classification of firms) and then uses the networks newly

acquired knowledge to predict an event(s) on another set of data, which is the holdout

sample4.

ANN began to be used for bankruptcy prediction after their abilities in other fields were

already being tested. Chu & Widjaja (1994) state that they had been proven to be an effective

approach for a broad spectrum of applications. They were found to be able to respond

logically to inconsistent and incomplete data and thus, overcame some of the shortages of the

statistical methods (Wilson & Sharda, 1994). An example of where ANN is being used in the

financial field is in New York. The Chase Manhattan Bank of New York uses ANN in credit

card fraud detection. The bank started using it after conventional methods were not

producing adequate results (Rochester, 1989).

4	 Refer to section 5.2.3 for an explanation of Artificial Neural Networks

1'
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2.5 Comparison of Artificial Neural Networks with statistical analysis

There is a very specific relationship between bankruptcy and the financial characteristics i.e.,

the ratios, a relationship which is likely to be very complex. Discriminant analysis assumes

that the relationship is linear whilst ANN does not make any such assumption. The ANN has

a hidden layer which allows complexity to be modelled, thus, overcoming this weakness of

discriminant analysis. Hill et al. (1994) state that ANN are able to model easily any type of

parametric or non-parametric process and automatically and optimally transform the input

data.

MDA assumes that predictor variables are multivariate normally distributed, but as stated in

section 2.3, this is not often the case. Salchenberger, Cinar & Lash (1992) point out that they

used ANN because it develops internal representations of the relationship between the

variables (predictor and dependent variables) so that a priori assumptions about underlying

parameters are not required. Tam & Kiang (1992) state that ANN make no assumptions

about the distribution of the data other than they be continuous and differentiable.

Discriminant analysis also makes an assumption that the covariance matrices of the predictors

(the ratios) should be approximately the same for all categories of distress. Financial ratios

are, however, often highly correlated, thus, creating the problem of multicollinearity. The

learning capability of ANN is independent of whether the independent variables are correlated

or not. Thus, ANN may be best suited to situations where there is insufficient information

about population distributions (Hill et al. 1994). Udo (1993) further adds to this by stating

that ANN can generalise from specific examples and tolerate noisy or random inputs. ANN

can also tolerate faults and missing data, making it useful where all the rules and data are not

known (Udo, 1993).

The results of the ANN are obtained with a small effort on the part of the analyst and by using

ratios that are simpler (Altman et al. 1994). Udo (1993) asserts that ANN can train by

example as well as self organise and learn. Altman et al. (1994) also point out that ANN are
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able to approximate numeric values of the scores generated by discriminant functions even

with a different set of ratios.

Tam & Kiang (1992) as well as Chu & Widjaja (1994) state that ANN allows adaptive

adjustment to the predictive model as new examples become available. They assert that this is

an attractive property especially when the underlying group distributions are changing. This

property proves extremely useful in comparison with MDA as Udo (1993) points out. He

states that once trained, ANN can be used as many times as possible without major changes,

but a regression model requires a change in the number and types of significant variables.

Besides the theoretical advantages of ANN to discriminant analysis, Udo (1993) gives

practical reasons why ANN is preferable. He states that ANN are easier to use, more robust

and more flexible than regression models.

There is also empirical evidence to suggest that ANN outperforms discriminant analysis and

the conditional probability methods. Coats & Fant (1993) compared ANN with MDA using

Altman's 1968 ratios and stated that ANN performed better than MDA only for predicting

bankrupt firms. Coats & Fant's basis for comparing the models wasn't actual bankruptcy but

rather the auditors issuing a going concern opinion i.e., using an experts conclusion. Wilson

& Sharda (1994) again compared ANN with MDA using Altman's 1968 ratios and concluded

that in every instance, ANN outperformed MDA. Udo (1993) compared ANN with MDA

using different ratios for the models and concluded that ANN outperforms MDA in nearly

every instance.

Odom & Sharda (1990), Raghupathi et al. (1991), Koster et al. (1990) (all cf Hill et al., 1994)

all compared ANN to MDA and concluded that ANN performed better. Hill et al. (1994)

however caution that these studies suffer from technical problems in that their number of data

sets are limited and data sets are small. Tam & Kiang (1992) overcome some of these

deficiencies and test ANN against MDA in predicting bank failure and yet come up with the

conclusion that ANN outperforms MDA. However, they do urge further empirical studies

before the results can be validated.

16
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Somerville (1989) found Logit Analysis performed better than MDA. Fletcher & Goss (1993)

in comparing ANN with Logit Analysis found ANN to outperform Logit Analysis in all

categories. They concluded that ANN is a more statistically efficient model with better

prediction accuracy, lower prediction risk and less variance in the errors. Tam & Kiang

(1992) compared ANN to MDA, Logit and a number of other methods and concluded that

ANN outperformed all of them.

Salchenberger, Cinar & Lash (1992) compared ANN with Logit Analysis but using Savings &

Loans institutions only. They stated that even with no serious multicollinearity problem in

their variables, ANN performed better than the Logit Analysis. Bell et al. (1989) (cf Hill et

al., 1994) compared ANN with Logit Analysis in the field of bank failures and found ANN to

be a better predictor than Logit Analysis.

Hill et al. (1994) are, however, not convinced that the results are unequivocal despite all the

success of ANN models. They state that the results were only true in certain conditions and

warn that ANN could be oversold. What they maintain is that ANN many be particularly

valuable if some of the advantages of ANN are particularly evident. Tam & Kiang (1992) note

what these advantages are. They state that ANN surpasses comparative statistical techniques

when the data set is non-linear, there is a need to adaptively adjust the model to changes in the

real world, and the assumptions of the statistical methods do not hold.

Altman et al. (1994) in their comparison of ANN with MDA concluded that MDA perfonned

better on the whole. While Altman et al. mention that ANN does have a great many

advantages and urge that it be used in tandem with statistical techniques, their main conclusion

was that ANN is not a clearly dominant technique over discriminant analysis.

17
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2.6 Inconclusive results and problems with ANN

With MDA, it is possible to explain the significance of the variables using canonical

correlation. The likelihood ratio test will measure the significance of the variables for the

Logit Analysis (Jones, 1987). But for ANN, the identification of the individual contributions

of the variables is complex and uncertain. This inability of ANN to provide explanations of

how and why conclusions is a major factor holding back ANN from general acceptance

(Salchenberger, Cinar & Lash, 1992). Tam & Kiang (1992) as well as Chu & Widjaja (1994)

concur and state that ANN is limited if one wants to test the significance of individual inputs5.

Altman et al. (1994) reasoned that the identification of individual inputs is uncertain because

ANN is a non-linear system whose input/output derivatives depend on the input value

configuration. Therefore, they say the networks capacity to react to input changes is not

always the same whereas discriminant functions always behave in the same way when values

of the exogenous variables vary. Tam & Kiang (1992) and Udo (1993) however disagree with

Altman's reasoning, and give ANN advantages relating to adaptive adjustment to input

changes as pointed out in the earlier section.

Hill et al. (1994) put forward the argument that ANN methodology and techniques are

constantly changing whereas statistical techniques are stable and well developed. They also

state that ANN contain more parameters to estimate and require a larger number of tests than

statistical models which may result in overfitting. The resulting weights in the ANN are not

transparent and are sensitive to structural changes. Finally Hill et al. assert that commercial

ANN software often lags behind in the developments in the field.

Salchenberger, Cinar & Lash (1992) themselves give several limitations of ANN. They state

that there is no formal theory for determining the optimal network topology. Therefore

decisions such as the appropriate number of layers and middle layer nodes must be determined

The exception to this limitation is the neural network called Connectionist Expert System, developed
by Dr. Stephen Gallant of Northeastern University. This ANN can explain itself in a rule based
format (Rochester, 1990).
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using experimentation6 . Tam & Kiang (1992) agree and state that a lack of a formal network

topology presents the problem of overfitting. Chu & Widjaja (1994) state that this limitation

means that the development process requires tedious experiments involving trial and error.

The development and interpretation of ANN requires more expertise from the user than

traditional methods (Chu & Widjaja, 1994). Training a ANN can be computationally intensive

and the results are sensitive to the selection of learning parameters. Poor results can also

occur if the wrong activation function is selected (Salchenberger, Cinar & Lash, 1992).

Altman et al. (1994) state that ANN have difficulties when dealing with complex problems.

The greatest problem with ANN is the existence of non-acceptable types of behaviour which

they say only grow with the increase in complexity of the network architecture.

Altman et al' assert that ANN are by no means a purposeless method but rather

performs best when applied to less clear and more complex problems of classification in which

the flexibility of the network will prove beneficial. They state that the key determinant as to

whether ANN, in conjunction or not with statistical methods, will be integrated into

practitioner decisions is the accuracy, logic and understandability of the process and its

components

2.7 Conclusion

An interesting point detected by Ferner & Hamilton (1987) when they tested Altman's 1968

model on US and New Zealand data was that the ratio's that made more of a contribution to

the function in both countries differ. They concluded that financially distressed companies

were structured differently in both countries. Hamer (1983) (cf Jones, 1987) concluded after

testing different ratios on the same data that classification success was not sensitive to variable

selection. However, Hamer's study was only based on American data.

6	 It is worth noting that there is ANN method called Cascor-Correlation network that determines its
own size and design.
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Karels & Prakash (1987), on the other hand, also based their study on American data and

concluded that ratio selection was an important criteria. They made their conclusions after

comparing their ratios against Altman's 1968 prediction technique. This study is based on the

work done by Karels & Prakash. It is believed that by improving the conditions for MDA i.e.,

overcoming as best as possible the restrictive assumptions imposed by MDA, will give MDA

its best basis for predicting and then be able to compare this "best" basis with ANN and Logit

Analysis.

Wilson & Sharda (1994) state that the composition of the training set was a significant

determinant of ANN predictive accuracy. Thus, in this study the training set is selected as

randomly as possible and many combinations of the training set is used. Wilson & Sharda also

state that they cannot confirm whether ANN are affected by matching. In this study no

attempt is made at any matching so as to better test the ANN prediction capabilities.

Most of the studies comparing ANN with statistical techniques report the results on the basis

of either a single experiment or in an anecdotal form (Wilson & Sharda, 1994). A great

majority of these tests find that ANN outperforms traditional statistical methods. This study

aims to compare both the most common statistical methods i.e., MDA and Logit Analysis with

ANN and do so in such a fashion that the comparison is based on sound statistical procedures

as well as a more robust testing method. The final outcome of the results should allow this

study to be able to state with greater conviction than many of the previous studies that ANN is

the best method at predicting bankruptcy.

2.9 Question Statement

Can ANN predict bankruptcy better than MDA and Logit Analysis?
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•Co is ,ptual Framewot

As this study is a case study, there is no schematic diagram detailing the casual relationships

between the variables. A diagram of the physical process is presented and it seeks to explain how

the discriminating model is connected to the various predictor variables and the financial state.

There is no causation implied nor are there any hypothesis extracted from the diagram. What the

diagram is, is merely the way in which the study is to be carried out. The diagram is presented first

and all the variables are discussed next.
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3.1 The diagram of the physical process

Working capital

Gross profit

EPS        

Debt/capital       

Debt/assets           

Discriminating
Model 

Financial StateCash flow per share        

Asset turnover          

!Market value of stock   

Sales per cash   

Sales per inventory 

ISales per receivables

Predictor Variables Prediction Techniques	 Predicted State

3.2 The variables explained

The criterion variable in this study is a company's financial state which has been defined as a

binomial variable. The two financial states are;

State 1:	 Financially stable

State 2:	 Bankrupt

22



Comparative Prediction Methods; the case of Bankruptcy Predictions 	 Chapter 3

State 1 is a company that is financially stable and has data for at least one year from 1984 to

1994. It must have not filed for any form of bankruptcy, liquidation or had any merger,

acquisition or buyout. This condition is achieved via the proxy that the company is not listed

in the Industrial Research Files of COMPUSTAT.

State 2 is defined as bankruptcy and liquidation. Bankruptcy is defined here as when the

company has filed for bankruptcy under Chapter XI of the Bankruptcy Act. Liquidation is

when the company is wound up under Chapter VII of the Bankruptcy Act. In this study, the

listing under DLRSN or Research Company Reason for Deletion of COMPUSTAT has been

used as the proxy. Companies listed under code two (Bankruptcy) and three (Liquidation)

have been included in the sample data.

Peterson (1993) explains, however, that there is no strict guidelines regarding companies

facing Chapter XI bankruptcies especially with regard to the time they can stay in Chapter XI.

She states that each one is decided on a case by case basis by the judge and bankruptcy courts.

Also mentioned is the fact that companies can continue to be listed on the major stock

exchanges for the entire time they are going through the Chapter XI process as long as the

company continues to meet the listing requirements of the exchange.

The independent variables are eleven financial ratios based on a study in 1987 by Karels &

Prakash. The eleven ratios were chosen after a process of testing various ratios for univariate

normality, multivariate normality and lognonnality. Karels & Prakash (1987) concede that

these ratios were not all univariately normal nor multivariately normal. However, they point

out that the extent of deviation from multivariate normality is less than the those used by other

studies. They tested their ratios by comparing their study with Altman's 1968 study and

concluded that there was an improvement in predictive ability by using their ratios. Five of the

ratios selected were log transformed to further meet the conditions of normality.

Before listing the ratios, it must be pointed out that there was a discrepancy in Karels &

Prakash's paper. In one section, they give one of the ratios as tangible asset turnover and in

another section, it was tangible asset coverage. Since there were no turnover ratios in their
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Ratio.	 Calculation Used Data item from

COMPUSTAT

Working capital ratio (Current Assets - Current liabilities)) /

Total Assets

(4-5)/6

Gross Profit Margin (Net Sales - Cost of Goods Sold) / Net

Sales

(12-4 )/ 2

Earnings Per Share	 Net Income / Total Common Equity 57
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study, tangible asset turnover rather than tangible asset coverage has been used. This may be

a limitation but it is believed, based on all the previous bankruptcy studies, that turnover ratios

are important contributors to the prediction of bankruptcy. As tangible asset coverage is a

leverage ratio, and there are already two other leverage ratios, the tangible asset turnover ratio

is used. Thus, the eleven ratios are;

1. Working capital ratio

2. Gross Profit Margin

3. Earnings Per Share

4. Total debt to total capital

5. Total debt to total assets

6. Cash flow per share

7. Natural logarithm of tangible asset turnover

8. Natural logarithm of market value of common stock

9. Natural logarithm of sales per cash

10. Natural logarithm of sales per inventory

11. Natural logarithm of sales per receivables

The rationale for these ratios is already discussed in section 2.2 of the literature review. All

these ratios are taken directly from COMPUSTAT. The definition of these ratios as well as

the data items used from the COMPUSTAT tapes are listed in Table 1 below;

Table 1: Definitions of ratios used in this study
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12/1Sales / CashSales per cash

(Current Liabilities + Long Term Debt)

/ (Current Liabilities + Long Tenn

Debt + Preferred Stock + Total

Common Equity)

Total Debt to Total Assets (Current Liabilities + Long Term Debt)

/ Total Assets

(5+9)/6

Cash-Flow per Share (Net Income + Depreciation)/Number

of shares outstanding

(18+49+14)/25

Tangible Asset Turnover Sales / (Total Assets - Intangibles) 12/(6-33)

Market value of common

stock

Price / Number of common shares 24*(25/1000)

Sales per inventory Sales / Inventory 12/3

Sales per receivables Sales / Receivables 12/2
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There is a further point to note regarding the ratios. The author disagrees with the calculation

of the market value of common stock or even using market value of common stock as the

variable used to measure the information captured by the market. However, as the variable

and formula was given by Karels & Prakash (1987), the formula has continued to be used for

the purpose of consistency with all their other formula's.

The eleven independent variables are grouped into a single weighted independent variable

which is the discriminating model used to predict the state of bankruptcy. The weighting

given to each of the eleven variables will depend on the discriminating model. This

discriminating model has been operationalised into three methods (which will be compared in

this study): Multivariate Discriminant Analysis, Logit Analysis and Artificial Neural Networks.

All three techniques are explained in detail in Chapter 5 under section 5.2
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A
C

Research De 2n

The research being conducted is one of comparing prediction methods. It aims to find out if

one method, developed using previously identified financial ratios, can better predict than

other methods using the same data. This research seeks to rigorously test the three methods

of predicting bankruptcy i.e., MDA, Logit Analysis and ANN.

4.1 Identifying the sample

The sample of firms will be obtained by selecting American public listed firms from the

Standard & Poor's COMPUSTAT database. A ten year window is set, in this case 1984 to

1994, and firms would be randomly selected from both categories of the dependent variable

(financially stable and bankrupt) that they fall into within this time period.

Finns that fall into either of these two categories will be identified as follows: For the

financially stable firms, they be selected from the COMPUSTAT Primary, Supplementary and

Tertiary Industrial File. They would have at least one year of data between 1984 and 1994.

From the group that satisfies this stable state, a number of random samples would be selected.

The Primary industrial file contains data on the largest companies on the New York and

American Stock Exchanges, including all companies comprising the Standard & Poor's

Industrial Index. The supplementary and Tertiary files contain companies listed on major
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exchanges. In addition, the Tertiary file includes utility subsidiaries that were once Standard &

Poor's five hundred constituents and presents approximately 300 non-industrial companies in a

format comparable to industrial companies (Standard & Poor's, 1994).

The sample of bankrupt firms will be selected from the Industrial Research File. The Industrial

Research File is a file in COMPUSTAT which lists all the files that have been deleted from the

active database. There are eight reasons given for companies being moved from the active

database to the Industrial Research File. The reasons together with the codes are;

Code	 Reason for Deletion

1	 Acquisition or merger
2	 Bankruptcy
3	 Liquidation
4	 Reverse acquisition
5	 No longer fits original format
6	 Leveraged buyout
9	 Now a private company
10	 Other (no longer files with SEC among other possible reasons)

In this case, since the focus of interest is bankruptcy, only those firms that are classified under

code two and three will be selected. The definition of code two is having filed for bankruptcy

under Chapter XI of the Bankruptcy Act. Code three is defined as the company being wound

up under Chapter VII of the Bankruptcy Act.

The random samples for the study will be based on three proportions according to the size of

the bankrupt sample. They will be;

1) One bankrupt company to one stable company

2) One bankrupt company to twenty five stable companies

3) The population of bankrupt companies to the population of stable companies
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In this case, since there are fifty five bankrupt companies and the firms from the financially

stable population that meet all the criteria is two thousand and six hundred and sixty seven

companies, the proportions are as follows';

1) 55 bankrupt companies to 55 stable companies

2) 55 bankrupt companies to 1375 stable companies

3) 55 bankrupt companies to 2667 stable companies

For each of these three proportions, the companies will each be split into two groups, one to

be used as a classification sample and the other to be used as the holdout sample. Table 2 on

the next page lists some of the previous studies done on bankruptcy prediction, the sample

sizes used and the sources of data. In comparison to this study most of the others, with the

exception of Udo (1993), Salchenberger et al. (1992) and Altman et al. (1994), have all used

sample sizes that are similar in size and have collected their data from similar sources.

Refer to Appendix 1 and 2 for a listing of the industry classifications of the companies selected
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Table 2: Summary of data used in bankruptcy prediction studies

.......F..■....
7 _

Researcher Year of :: Source of data Bankrupt :: ff:of Window	 : selection of
:study : :-Stable:

::companies
Companies : bankrupt:

companies
: (Le.; years) :: stable

companies:

Altman 1968 Moody's Industrial Manuals 33 1946-1965 matched
Altman,
Haldeman &

1977 not stated but list of companies
provided

53 1969-1975 matched

Nayra anan
Tabb & Wong 1983 Public

companies
office

public companies
office - Auckland

20 unknown matched

Ferner & 1987 NZSE delisting from the 16 1964-1983 matched
Hamilton NZSE
Karels & 1987 COMPUSTAT COMPUSTAT 14 + 11 1972 + 1976 random
Prakash (IRF)
Lau 1987 COMPUSTAT Wall Street JI & 5 1976 random

S&P stock
reports

Somerville 1989 Otago database Mercantile 29 1980-1988 random
Gazette

Salchenberger,
Cinar & Lash

1992 Federal Home Loan Bank Board 100 (only
S&L
institutions)

1986-1987 matched

Tam & Kiang 1992 unknown Federal Deposit
Insurance

59 (banks
only)

1985-1987 matched

Corporation
Fletcher & 1993 Gentry's data set 18 unknown matched
Goss
Coats & Fant 1993 COMPUSTAT COMPUSTAT 94 1970-1989 matched

(IRF)
Udo 1993 WS Journal, Financial Handbooks, 200 Jan 1989- matched

SEC records, NYSE footnotes, RC-
ROM databases

Dec 1990

Altman et al. 1994 Italian files 404 1982-1992 random

Tsukuda & 1994 Japanese files 29 1970-1990 matched
_ Baba
Wilson & 1994 Moody's Industrial Manuals 65 1975-1982 matched
Sharda

S....111.661J
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4.2 Measuring the independent variables

The eleven ratios for the companies in the financial state of bankruptcy will be calculated for

one year prior to the year of bankruptcy. For example, if a company was liquidated in 1992,

then the ratios will be calculated for the last available year of data. Preferably this should be

1991. In cases where there is no 1991 data listed in the Industrial Research File, the closest

year of data would be used. The reason for such problems is as follows; Peterson (1993)

states that COMPUSTAT will keep a company active as long as it continues to file annual

sources, this is despite being in Chapter XI bankruptcy. Once the company stops filing,

COMPUSTAT will wait for fifteen months to inactivate the company unless earlier

confirmation of the company being no longer in business is received.

For all the stable companies randomly selected, a random year will be selected, anywhere from

1984 to 1994, and the ratios will be calculated for that year. All raw data has to be log

transformed before going into the Neural Network. But since here five of the variables have

already been transformed using the natural log, only the remaining six will need to be

transformed. There will be no transformation for the data before using MDA or Logit

Analysis.

4.3 Sample design

The firms in the sample will have ratios calculated for one year. The firms will then be

separated into a classification and holdout sample. The ratios for the classification sample will

be used to determine classification ability. The holdout sample is a control sample and is used

to test predictive ability. All the firms will be distributed randomly between the classification

and holdout sample.

This random placing into the classification and holdout sample is replicated three times, each

time allocating a different percentage into each category as per the following;
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case 1:	 30% of the companies in the classification and 70% in the holdout sample

case 2:	 50% of the companies in both the classification and holdout sample

case 3:	 70% of the companies in the classification and 30% in the holdout sample

So at the end, all the firms will have undergone the random placing process nine times, the

three cases for each of the three proportions of data i.e., the 1:1 sample, the 1:25 sample and

1:population sample. Thus, in the end there will be nine different cases.

The impetus for such mixing of the samples as well as using the various proportions comes

from Wilson & Sharda (1994). They ask the question of whether a classification model built

using a training sample with a certain base rate works just as well when the base rate is

different (The base rate is the proportion of bankrupt firms compared to the population).

They found that a prediction method did not work as well when the firms of interest

(bankrupt) constitute a very small percentage of the population compared to when the number

of firms of both states were equal. They state that ANN provides a better understanding and

differentiation between the two states when an equal number of examples of each state is used

in the learning procedure.

Using this result Wilson & Sharda imply that since a classification model based on a certain

base rate works across other proportions, predicting bankruptcy may be possible using a

higher proportion of bankrupt firms than actually occur in the population. In their tests,

although they used a matched sample of 65 firms, they split these firms into proportions of

50% bankrupt firms and 50% stable firms, 10% bankrupt firms and 90% stable and 20%

bankrupt and 90% stable.

In this study, a new dimension is added to the tests in that different proportions are used and

there is a mixing of samples between the classification and holdout samples to provide a more

robust test to the base rate results generated by Wilson & Sharda. The aim is to show that

using a higher percentage of firms in the classification sample than the holdout sample results

in better prediction ability. If this proves to be true, then it will add to Wilson & Sharda's
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belief regarding the use of a higher proportion of bankrupt films enabling better prediction

results.

4.4 Tests on the sample

The financial ratios will be incorporated into the three models, MDA, Logit Analysis and

ANN, and results generated for both classification and prediction accuracy. Before the ratios

are incorporated into the models, exploratory statistics will be carried out. Among the tests

will be the Mann-Whitney test which seeks to test if there is a difference between the group

means of the bankrupt and non-bankrupt states. The ratios will also be tested to see whether

they satisfy the two assumptions of MDA. The assumptions are that the predictor variables

are multivariate normally distributed and the covariance matrices of the predictors are the

same for both categories of firms.

In testing for multivariate normality, based on Karels and Prakash (1987), the assumption will

be made that the ratios which satisfy the assumption of univariate normality will satisfy the

assumption of multivariate normality. The Kolmogrov-Smirnov (Lilliefors) test will be used to

test for univariate normality. To test for the second assumption, which is in essence a test for

linear dependence between the variables, the Box's M test will be used.
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Chapter 5

Data and Method

5.1 Data

The eleven ratios to be used as predictor variables will be extracted directly from the

COMPUSTAT database. A description of the samples to be used i.e., the question of number

of companies and years of data etc., has already been thoroughly explained in Chapter 4. The

data for the classification and predictive ability will be the percentage of firms correctly

classified and predicted for each of the nine cases outlined in section 4.3. This percentages

will be in the form of both overall results as well as Type I and Type II errors. These

percentages will be generated by the three methods of data prediction to be explained next.

5.2 Method

As mentioned in the conceptual framework, three bankruptcy prediction techniques will be

used; Multivariate Discriminant Analysis (MDA), Logit Analysis and Artificial Neural

Networks (ANN).
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5.2.1 Multivariate Discriminant Analysis

MDA is a statistical technique used to classify an observation into one of several a priori

groupings dependent upon the observation's individual characteristics. It is used primarily to

classify and/or make predictions in problems where the dependent variable appears in

qualitative form (Heine, 1995). MDA is a multivariate technique that assigns a score to each

company in a sample using a linear combination of independent variables. Weights are

assigned to the independent variables so that the variance in scores between the financial states

is maximised relative to the variance in scores within financial states (Jones, 1987).

MDA in its simplest form attempts to derive a linear combination of characteristics (financial

ratios) which best discriminates between the groups. If a particular object, for example a

corporation, has financial ratios which can be quantified for all the companies in the analysis,

the MDA determines a set of discriminant coefficients. When these coefficients are applied to

the actual ratios, a basis for classification into one of mutually exclusive groupings (bankrupt

and financially stable) exists. The classification criteria is based on the pooled covariance

matrix and also takes into account the prior probabilities of group membership. Each

observation is placed in the state from which it has the smallest generalised squared distance.

The discriminant function takes on the following form:

Z = a1x1+a2x2+...+anxn

Where: al , a2,...,a„ are the discriminant coefficients and x1,x2,...,x3 are the financial ratios.

Such a discriminant function enables values of various financial ratios to be incorporated into a

single number, the Z score, which is then used to classify companies into failed and non-failed

categories (Somerville, 1989). This is done after the discriminant coefficients are estimated

and from them, the discriminant score for each firm is calculated (Heine, 1995). Companies

with a score above the Z score would be classified as financially stable, those below would be

classified as bankrupt. The essence of the procedure is to compare the profile of an individual

firm with that of the alternative groupings. Put simply, the Z score calculated is a linear

analysis in that the financial ratios xi,x2 , etc are objectively weighted and summed up to arrive
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at an overall score that then becomes the basis for classification of firms into either bankrupt

or financially stable. There is usually a "zone of ignorance" which is where misclassification of

companies occur (Tabb & Wong, 1983).

Using MDA in SPSS, the rule for classifying cases into one of the two cases is via a technique

called Bayes' rule. The probability that a case with a discriminant score of D belongs to a

group (i) is estimated by;

P(Gi I D
P(D I Gi)P(Gi) 

1P(D / Gi)P(Gi)
i=i

P(Gi) is the prior probability, which in this case is 0.5. P(D/Gi) is the conditional probability,

which is a figure calculated by SPSS and P(Gi/D) is the posterior probability which is what

SPSS uses to classify the company into either state.

MDA makes two assumptions which are; that the independent variables have multivariate

normal distributions and the covariance matrices of the two groups are equivalent. These

assumptions, as stated in section 2.3, are usually violated in practice. There are measures to

correct for these violations. For the first assumption regarding multivariate normality, ratios

such as those used by Karels & Prakash (1987) are closer to meeting the assumption than

most other ratios. The violation of the second assumption is not corrected for as Altman et al.

(1977) point out that using a quadratic discriminant analysis, which allows the data to better

satisfy the assumption, does not give a better prediction result than the linear form of the

discriminant analysis.

The two most famous versions of the MDA are Altman's 1968 Z score using five variables

and the model marketed by ZETA Services Incorporated of New Jersey, USA; the ZETA®

credit risk model. The ZETA model was created by Altman, Haldeman & Narayanan in 1977.

The variables that are to be incorporated into the MDA here are those that have already been

used previously. If we were selecting variables, then a test to determine the overall

discriminating power such as the F-value test would be used. The F-value is the ratio of the

35



Comparative Prediction Methods; the case of Bankruptcy Predictions	 Chapter 5

sum-of-squares between groups to the within groups sum-of-squares. When this ratio is

maximised, it has the effect of spreading the means of the groups apart and simultaneously

reducing dispersion of the individual points about their respective group means (Heine, 1995).

MDA is used both on the classification sample and the holdout sample. Since the discriminant

coefficients and the group distributions are derived from the classification sample, a high

degree of successful classification is expected. This should occur because the fines are

classified using a discriminant function which, in fact, is based upon the individual

measurements of these same firms (Heine, 1995). Heine (1995) notes that the resulting

accuracy is biased upward by sampling errors in the original sample and the search bias. A

Wilcoxon matched-pairs test can be used to test the significance of the results between the

holdout and classification sample.

Heine (1995) comments that any change in variable must mean that the whole model must be

re-estimated. Ways to improve the MDA is to incorporate group prior probabilities as well as

misclassification costs. Altman et al. (1977) provide a detailed explanation of how this is to

be done. However, they state that they did not do so because to a great extent the two

parameters neutralise each other and it was much easier than attempting to state them

precisely.

In this case, no adjustments were made to the MDA method used. The prior probabilities

were assumed to be equal and no adjustment was made for misclassification costs. The entire

sample was filtered between the classification and holdout sample and the select variable was

used to allow both classification on the training sample and prediction on the holdout sample.

As a result, a different equation was used to classify and predict each of the nine cases.
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5.2.2 Logit Analysis

Logit Analysis is an extension of the Linear Regression model with a single dependent variable

and many independent variables. Pindyick & Rubinfeld (1991) state the because Logit

Analysis is quite similar in form to the cumulative normal function but easier to use from a

computational point of view, Logit Analysis is often used as a substitute for the probit model.

A linear regression form of the present problem can be specified as;

Y = f30 + pon	 onxii + £

Where Y is the state of the company (0 = bankrupt and 1= stable), f3 is the coefficient and X

are the financial ratios calculated in this study. The above equation has the dependent variable

Y in a binary form rather than a continuous. This creates problems of heteroskedasicity as

well a boundary problem (the right hand side of the above equation having infinite bounds

while the left hand side is limited to 0 and 1). To overcome this model specification problem,

Logit Analysis is used. The Logit model is then estimated as follows;

Pi 
log

1— Pi

The dependent variable (Y) is the logarithm of the odds that a particular choice will be made.

This model thus transforms the problem of predicting probabilities within the (0,1) interval to

the problem of predicting the odds of an event's occurring within the range of the entire real

line. The slope of the cumulative logistic distribution is greatest at Pi =1/2. This implies that

changes in independent variables will have their greatest impact on the probability of choosing

a given option at the midpoint of the distribution. The low slopes near the endpoints imply

that large changes in the X's are necessary to bring about a small change in probability

(Pindyck & Rubinfeld, 1991).

-FE
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For prediction purposes, the Logit model is based on the cumulative logistic probability

function and can be specified as;

Pi(Y —
1+ e i30+P1X1-F...+Piai1+e

This then becomes the problem where in which all companies enter one of 2 states (Y= 1 or

0). Each company's future is predicted by K=11 explanatory variables (the financial ratios)

designated X 1 , X2, ..., X11 above. Pi is the probability than a given company will eventually

enter state Y, given the knowledge of K's.

Thus, to construct the Logit Analysis prediction model here consists of estimating the 13i,X's

using an empirical data set containing the actual final state and the values of the financial ratios

of N companies (Lau, 1987). The model is said to have predicted correctly if the state

predicted by Pi matches the actual state. The parameters of the model in Logit Analysis are

estimated using the maximum-likelihood method. The intuition behind Maximum Likelihood

is because the method will choose the coefficients that are most likely to produce the observed

choices.

This study will develop nine different Logit prediction models, one for each of the nine cases

used. Each model will have one logistic function. The model will predict one state and the

other state will be deduced by via 1-Pi. The expected sign of each coefficient in the Logit

function depends on the effect that variable has on a company's final state. Adapting Lau's

(1987) explanation of the previous statement using the working capital ratio as an example; a

higher working capital ratio means a higher probability of entering state 1, the financially

stable state and a lower probability of entering state 0, bankrupt. Thus, the working capital

ratio sign will be higher in state 1 and lower in state 0.

Logit analysis makes the assumptions of type I and type II errors being equal. In this test,

neither prior probabilities nor costs of misclassification will be incorporated into the tests. The
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SPSS model which was used to test Logit does not allow prior probabilities or

misclassification costs to be incorporated into the model. This a deficiency when using Logit

Analysis but it does not hinder comparison to the other methods since neither of them

incorporate either prior probabilities or misclassification costs.

5.2.3 Artificial Neural Networks

Artificial Neural Networks (ANN) are mathematical, algorithmic, software models inspired by

biological neural networks. Compared to conventional software, which produce data upon

which people use to make decisions, ANN examine data, learn from it and make their own

decisions (Rochester, 1989). Explained in technical terms, ANN performs a non-linear

mapping of inputs to outputs.

ANN consist of basic units, termed neurons whose design is suggested by the neural

architecture of the brain (Salchenberger et al., 1992; Coats and Fant, 1993). Rochester (1989)

provides a brief explanation of the biological design that forms the basis for ANN. He states

that the neuron is the fundamental brain cell, which produces an electrical charge that passes

through a dendrite, or gate to connect with a synapse. The synapse provides interconnections

between neurons, and changes the dendrite's electrical potential into either a positive or

negative charge. ANN are, however, more simplistic in that they model only a few of the

more than 150 processes that neurons perform in the human brain. ANN attempts to replicate

the complex interconnections between the brains neurons, which number over 10,000 billion.

The basic characteristic of the ANN is that it is usually composed of three layers, each with a

number of nodes or neurons: The three layers process the data given to them, learn the

relationship through a learning algorithm and produce an output that serves to both classify

the given sample as well as predict the probabilities on a holdout sample. The learning is

achieved through the connections between the layers. These connections have weights

attached to them and it is the adjusting of the weights that determines how effective the ANN
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learns. This is merely an intuitive explanation. A detailed explanation of the functioning of the

neurons follows next and then there will be an explanation of the backpropagation learning

algorithm, an overview of each of the layers in the network, an explanation of the parameters

that need estimating using ANN and finally an explanation of the ANN used in this study.

5.2.3.1 The functioning of the neurons

The artificial neurons have input paths as biological neurons have dendrites and output paths

as neurons have axons (Hill et al., 1994). The neurons incorporates the inputs, the effect of

the predisposition (bias) and produces output signals (Hill et al., 1994). The neuron input

path (i) has a signal on it (x i) and the strength of the path is characterised by a weight (wi).

The weight can either be positive or negative. A positive weight indicates reinforcement and a

negative weight is associated with inhibition (Salchenberger et al., 1992). The neuron is

modelled as summing the path weight times the input signal over all paths and adding the node

bias (0). The output (Y) is usually a sigmoid logistic function of the latter sum.

Mathematically, the sum is expressed as:

sum = wixi + 0

and this sum is transformed into output Y with the sigmoid shaped logistic function shown

mathematically below.

Y = 1/(1 e-

5.2.3.2 The learning process of the ANN

Learning occurs through the adjustments of the path weights and node biases. A simple

overview of training is provided by Coats & Fant (1993). They state that each processing

element (node) receives and combines input signals and transforms them into a single output

signal. Each output signal, in turn, is sent as an input signal to many other nodes. Signals are

passed around the network via weighted interconnections (links) between processing elements.

The objective of training is to autonomously learn the relationship between the output
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(financial state) and patterns in the input (level of the ratios). The training incrementally

captures the relationship in a unique structure of connection weights which produce correct

categorisations of the states of distress.

The most common method for the adjustment is backpropagation (Hill et al., 1994). In this

method weights are adjusted to minimise the squared difference between the model output and

the desired output for an observation in the data set. The squared error is then propagated

backward through the network and used to adjust the weights and biases. The simplest

explanation of backpropagation is that it is a gradient descent system that tries to minimise the

mean squared error by moving down the gradient of the error curve. In a simple system, the

error curve would be a smooth paraboloid but in reality it is a highly complex,

multidimensional, more-or-less bowl shaped curve and may contain many local minima

(Caudill, 1994).

Salchenberger et al. (1992) state that this learning, also called training, consists of repeatedly

presenting the network with examples that can be viewed as input/output vectors. They go on

to say that supervised learning methods require that for each input pattern, an appropriate

response or classification of the output be presented to the network during training. Also,

training the network requires experimentation with starting position, adjusting the weights

during training and modifying the learning parameters (these terms will be explained shortly).

Salchenberger et al. (1992) point out that the learning rate (.,) is usually adjusted downward

during training and a momentum term may be increased to avoid getting stuck in local minima.

Tam & Kiang (1992) provide a good explanation of the backpropagation learning algorithm8.

Tam & Kiang (1992) state that the backpropagation algorithm consists of two phases: forward propagation

and backward propagation. Suppose there are s examples, each described by an input vector Xi = (xil,

xi2,...xim) and an output vector Di = (dil, di2, ...,din), 1 o s. In forward propagation, Xi is fed into the

output layer, and an output Yi = (yi1, yi2,...,yin) is generated on the basis of the current W (weights associated

with the connections). The value of Yi is then compared with the actual (or desired) output Di by calculating

the squared error (yij - dij)2, 1 o i o n, at each output unit. Output differences are summed up to generate an

error function E defined as
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The objective is to minimise E by changing W so that all input vectors are correctly mapped to their

corresponding output vectors. Thus, the learning process can be cast as a minimisation problem with objective

function E defined in the space of W.

The second phase performs a gradient descent in the weight space to locate the optimal solution. Salchenberger

et al. (1992) have commented that an area that needs to be looked at is replacing this steepest descent

algorithm with response surface methods. They state that response surface methods do not require any

functional form assumption, in contrast to the specification function required in current methods. Using the

gradient descent method however, the direction and magnitude change A wij of each wij can be calculated as

aE

awu

where o <a < 1 is a parameter controlling the convergence rate of the algorithm. An additional term can be

added to the above to reflect previous adjustments made to that weight (Hill et al., 1994). This term is called

momentum ( E ) and the above equation becomes;

aE
Ow; = - —a+ E Awu(t

awu

where (t-1) refers to the time of the previous adjustment and where 0 S E S 1 is an exponential decay factor

determining the contribution of the previous gradient descent (Tam & Kiang, 1992). It is worth noting that E

and a are decided by the model developer or the defaults set by Rumelhart & McClelland (1986) (cf Hill et al.,

1994) can be used.

The total squared error calculated in the first phase is propagated back, layer by layer, from the output units to

the input units in the second phase. Weight adjustments are determined on the way of propagation at each

level. Since Ii, Oi and E are all continuos and differentiable (Ii being the input of unit i and Oi being the

output of unit i), the value of a E/ a wij at each level can be calculated by applying the chain rule

aE aE ao,

awe;	 ari awe;

W can be updated in two ways. Either W is updated for each (Xi, Di) pair, or A wij are accumulated and

updated after a complete run of all examples. The two phases are executed in each iteration of the

backpropagation algorithm until E converges. Although the back propagation algorithm does not guarantee

optimal solution, Rumelhart et al. (1986) (cf Tam & Kiang, 1992) report that solutions obtained from the

algorithm come close to the optimal ones in their experiments.

Awu
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5.2.3.3 An overview of the three layers of the neural network

Many neurons combine to form an artificial neural network. The network consists of an input

layer, an output layer and one or more hidden layers. Each layer consists of multiple artificial

neurons, these artificial neurons being connected to other neurons in adjacent layers. The size

of the various layers has to be determined by the model developer. The input layer is

composed of data which describe the situation being studied (Coats & Fant, 1993). Its size is

determined by the number of variables. In this case, there are eleven financial ratios and as

such there will be eleven input nodes. The output layer reflects the situations outcome. The

number of nodes in the output layer corresponds to the number of outcomes to be predicted,

in this case, the two financial states. Thus, there is one output node.

The hidden nodes is the middle layer and they serve to improve the networks ability to

categorise i.e., enhance the ability of the ANN to model non-linear complex relationships.

Chu & Widjaja (1994) state that the main purpose of a hidden layer is to serve as a feature

detector or filter, which performs a mapping between input and output units. Wilson &

Sharda (1994) point out that an ANN with no hidden nodes is equivalent to a multiple

discriminant analysis. An example of an ANN structure is illustrated below in figure 1.

Figure 1: Structure of an ANN

The actual number of hidden nodes is determined by the user and connection weights by the

ANN. Previous studies have stated that a single hidden layer is sufficient for obtaining
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reasonable results (Chu & Widjaja, 1994; Wilson & Sharda, 1994). Chu & Widjaja (1994)

state that a good guess for the size of a hidden layer is between 50% to 75% of the total

number of input and output neurons. Salchenberger et al. (1992) recommend 75% of the total

while Fletcher & Goss (1993) recommend using the rule 2n+1, where n represents the number

of input nodes. Fletcher & Goss (1993) also state that the models should be tested with

different numbers of hidden nodes ranging from 2"In+m to the value 2n+1 where m is the

number of output nodes.

The relationship between the layers is established through learning or training. An overview of

the training and a detailed explanation of the learning algorithm was presented earlier. A more

detailed explanation of the training as a whole follows.

Once the network has looked at all the patterns in the training sample i.e., run through once all

the ratios given, the network starts over again and cycles through the set. This training cycle

through the entire set of training examples is referred to as an epoch. To begin training, the

weights and biases in the network are usually initialised with random values. The ratios are

input into the network and parameters are adjusted using one of the following two methods

(Hill et al., 1994).

In the first method, the first set of ratios is presented to the input layer and an output is

generated. The difference between the network's output and the desired output provides the

error that is backpropagated to adjust the weights. Then the next set of ratios are presented

and more adjustments are made. In the second method, only after the entire data set has been

presented is the adjustment made. The adjustment here is based on the overall fit between

network outputs and the desired output. Usually the first methods starts the gradient process

and the second is used to close in on the minimum point.

The larger the number of cases used to train the ANN, the better its decision making will be

(Rochester, 1989). When further adjustment of the weights produces no significant error

reduction after a certain number of training cycles, training of the connection weight stops.

The ANN will then be able to be used to predict the state of bankruptcy of the sample.
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5.2.3.4 Parameters to be determined when using ANN

There are certain parameters and decisions to be made in using the ANN. These are illustrated

in Table 3, which is adapted from Chu & Widjaja (1994). The parameters that need to be

decided are like the propagation rule which is used to aggregate input signals from other

neurons. Each processing element i.e., neuron, has an activation level, specified by continuous

or discrete values. If the neuron is in the input layer, its activation level is determined in

response to input signals received from the environment.

For neurons in the middle or output layers, the activation level is computed as a function of

the activation levels on the neurons connected to it and the associated connection weights.

This process is called the transfer function (Salchenberger et al., 1992). An activation nile is

used to convert weighted input with its previous level of activation into a new level of

activation after the input signals have been aggregated. As mentioned above, the transfer

function is used to map the activation value of a neuron into an output signal to be sent to

other neurons (Chu & Widjaja, 1994).

The learning rules involve the process of changing the pattern and strength of connectivity

among neurons. The tolerance level allows a variation away from the desired values of 1 and

0 (financially stable or bankrupt) when determining whether adjustments should be made in the

network weights via back propagation (Wilson & Sharda, 1994). A point to note, which will

be better illustrated shortly, is that many of this learning parameters are not self determined in

the ANN that is to be used in this study.
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Table 3: Parameters and decisions of backpropagation networks

Decision to be made Alternatives available

Number of training and test data sets. Based on sample of data available

Selecting the method of transferring data into
suitable input values

Normalisation using natural log, log base 10
and standardisation

Determining the number of hidden layers Any number
Determining the number of nodes in the input
layer

Based on the number of input variables

Determining the number of nodes in the hidden
layer

Using the 50% to 75% rule, between 6 to 9

Determining the number of nodes in the output
layer

Based on the number of output variables

Determining the initial input weights Any number

Selecting a propagation rule weighted sum, cumulative weighted sum,
maximum minimum, majority or product

Select an activation rule Identity or threshold functions

Select a transfer function Identity, linear, sigmoid, sine or hyperbolic
tangent function

Select a learning rule Delta rule, cumulative delta rule or
generalised delta rule

Determine the learning parameters- learning

rate (3) & momentum rate (a)

Any number between 0 and 1

Tolerance level Any number between 0 and 1

Chu & Widjaja (1994) state that most often, the choices of the propagation and activation

functions are the weighted sum and identity function respectively. These are chosen based on

popularity. The hyperbolic tangent function is selected as a transfer function due to its ability

to work well in cases where the objective is to pick up an exceptional structure. For learning,

the choice is usually the delta rule due to the fact that it performs fine in deterministic data.

The learning rate (3) affects the learning time. A faster learning time will cause the network to

oscillate around the minimum. The momentum rate (a) makes the next weight change in more

or less the same direction as the previous one. It also keeps the network from falling into a

local minimum. Salchenberger et al. (1992) state that the learning rate should be set close to 1

for early iterations when larger changes take place as the optimum is approached. They state

that the momentum term is increased as an optimum is approached.
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5.2.3.5 The ANN used in this study

The most popular form of ANN used is the backpropagation technique popularised by Dr.

John Hopfield (Rochester, 1989). Chu & Widjaja (1994) state the backpropagation model has

the largest number of successful applications. In this study, a backpropagation technique

called FuzzyCOPE V1.0 created by the Information Science department of the University of

Otago will be used. FuzzyCOPE contains four modules of which only two are used here; the

data conversion module and the neural networks module. The data conversion module is to

be used to first linear transform the data and secondly to log transform the linear transformed

data. The neural networks module uses a feed forward network with one hidden layer. The

transfer function used is the linear transfer function. The Training is supervised with the error

propagated back through the network to modify the internal connection weights. There are

only several of the parameters outlined above that need to he specified. These are presented

below in Table 4.

Table 4: Parameters estimated in FuzzyCOPE V1.0

Training parameters needing estimation A lternat	 e selected

Method of transferring data into suitable input
values

Linear transformation, then log transform the
linear transformed set

Number of nodes in the input layer Eleven

Number of nodes in the hidden layer alternate between 1, 6, 7 & 9

Number of nodes in the output layer One

Learning rate 0.1

Momentum rate 0.3

Epochs (number of training cycles) alternate between 1000 and 3000 epoch

Error convergence 0.001

With regards to the transferring of data into suitable input values, there was a problem with

regards to missing values. The means of the bankrupt and non-bankrupt firms had to be used

to replace the missing variables of the bankrupt and non-bankrupt firms respectively.

FuzzyCOPE also could not deal with negative numbers so a constant of 1000 had to be added
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to all the numbers. Before being used in the neural network module, the numbers had to be

linear transformed first before log transforming the linear transformed set.

The input and output nodes are already known and the hidden nodes were estimated using trial

and error (based on previous literature). FuzzyCOPE's default figures were used for the

learning rate, momentum rate as well as the error convergence. For the number of epoch's,

again trial and error was used to find the right number of epoch's. Too many epoch's resulted

in overtraining whereas too few resulted in the local minimum being found rather than the

global minimum. In this case, since the number of tests that could be conducted were

limitless, it was decided to classify the model on 1000 epochs and to use the testing model

based on a set trained on 3000 epoch's.

5.3 Comparing the methods

Both the models will be compared on both their ability to classify the companies correctly and

to predict the financial states correctly. The comparison will be based on all the different

proportions in the year before bankruptcy. Besides the overall prediction rates, comparison

will also be based on type I and type II errors.

A type I error is when a bankrupt firm is classified as a financially stable firm and vice-versa

for a type II error. For optimal prediction, the cut-off probability must reflect the different

costs associated with Type I and Type II errors (Jones, 1987). Thus, in bankruptcy studies,

the cost of a type I error is considered more expensive than a type II error. Zmijewski (1983)

considered the cost of type I errors to be thirty eight times the cost of type II errors. Jones

(1987) in contrast only considered them to be five times. In this study, no adjustments are

made for the differences between type I and type II errors.

The comparison of the models would be conducted using the Friedman Two-Way ANOVA.

This technique tests whether there is a difference in the proportion of accurate classifications

46



Comparative Prediction Methods; the case of Bankruptcy Predictions 	 Chapter 5

and predictions and whether the differences are significant. Any significant differences in the

classification and prediction ability between the models will provide evidence that, in this case,

one model was found to be better than another.
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Chapter 6

Results ane Discussion

6.1 Summary statistics

Summary statistics as well as two tests were conducted to see if both of the assumptions of

MDA hold. The summary statistics are presented on the next page in table 5 and table 6 for

the bankrupt and stable firms respectively. As can be seen from table 5, the means and

medians for most of the variables are similar. The reason for this is that the means of the firms

that did not have missing variables were used to replace the missing values. The same

procedure was used for the stable companies. However, as the number of firms in the stable

sample was very much larger than the bankrupt ones, the means are not similar to the medians.

It is acknowledged that this may be inducing a bias into the study in that firms may be more

easily classified because of the size effect.

The two variables that had the highest variation were EPS and cash flow per share. Both had

standard deviations that were more than four times the mean. However, as seen in table 5,

except for Gross Profit, the natural log's of asset turnover, market value of common stock and

sales per cash, all the other ratios failed the test of notmality. Thus, the first assumption of

MDA is violated. In table 6, all the ratios failed the test of normality with significance levels

for the K-S Lilliefors test of 0.0000.
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Table 5: Exploratory statistics of the predictor variables for bankrupt firms

Chapter 6

Mean -.1038 .4081 -3.2922 1.1735 .7982 1.7144 -.8563 -4.1265 1.9079 1.8594 1.3899

Median -.1038 .4081 -1.2900 1.1735 .7982 1.7144 -.8563 -4.1265 1.9079 1.8594 1.3899

Std Deviation .4429 .3086 13.5067 1.4427 .5699 9.4853 1.1423 1.5204 1.9869 .7290 1.4126

Tests of
Normality at 1%
(K-S Lilliefors)

reject
.0000

accept
.0534

reject
.0000

reject
.0000

reject
.0000

reject
.0000

accept
.0676

accept
.0297

accept
>.2000

reject
.0000

reject
.0000

Table 6: Exploratory statistics of the predictor variables for stable firms

In sales/
AR

.9975

Median .2100 .3453 1.4200 .5146 .4751 2.6602 -.3402 -1.6583 2.4036 2.1773

Std Deviation .2171 1.2573 13.3641 .3393 .2602 189.5778 1.2445 1.7090 1.9333 1.1786

Tests of
Normality at 1%
(K-S Lilliefors)

reject
.0000

reject
.0000

reject
.0000

reject
.0000

reject
.0000

reject
.0000

reject
.0000

reject
.0000

reject
.0000

reject
.0000

1.6371

1.9016

reject
.0000
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Wilcoxon::	 Co&Ofed	 ties	 Result (at:the 5%

WC 25229 26769 -8.4950 0.0000 reject

GP 68563.5 79661.5 -.8283 0.4075 do not reject

EPS 22072 23612 -8.8867 0.0000 reject

debt/capital 30580 117645 -7.5594 0.0000 reject

debt/asset 31941 116284 -7.2988 0.0000 reject

cash flow 38883 40423 -5.9925 0.0000 reject

in asset turn 62169 63709 -1.9403 0.0523 do not reject

ln mkt stock 24286 25826 -8.5205 0.0000 reject

In sales/cash 64669 66209 -1.5034 0.1327 do not reject

In sales/stock 57139 58679 -2.8137 0.0049 reject

ln sales/AR 72573.5 74113.5 -0.1333 0.8940 do not reject
	weed■sisma	
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Table 7: Test of covariance matrices being equal

Box's M Approximate F Degrees of freedom  Significance

3366.92503 47.29565 66,	 27643.2 0.0000

In table 7, the results of the Box M's test is shown for the entire population used in the study.

As the significance shows, the null hypothesis that the covariance matrices of both the states

are equal is rejected. Thus, the second assumption of MDA is violated.

In table 8 below is presented the Mann-Whitney U - Wilcoxon Rank Sum W Test. It tests to

see if there is a difference between the means of the ratios for the bankrupt and stable firms.

As seen, with the exception of four ratios (the In of asset turnover, gross profit, the In of sales

per accounts receivable and the In of sales per cash) all the other ratios satisfy the test that

there is a difference between the bankrupt and stable sample. Since there are eleven ratios,

this fact is not expected to distort the results of either of the three prediction methods.

Table 8: Tests for differences between the two states
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6.2 The Multivariate Discriminant Analysis test

The Multivariate Discriminant Analysis used in the study was from SPSS. The options

selected were prior probabilities being equal and the covariance matrix being within groups.

The reasons for selecting equal probabilities and not using quadratic analysis (which corrects

for the violation of the second assumption) were already given in section 5.2.1 earlier. The

classification and prediction results for MDA are as given in table 9 and 10 below. A point to

note here is that all results in table 9 to table 19 are in percentage.

Table 9: Classification results for MDA

Table 10: Prediction results for MDA

Results for all tL, samples 1 year before failure

Proportion :1 1:25 popul ation
Sample mix 30% 50% 70% 30% 50% 70% 30% 50% 70%

Overall results 83.12 81.82 90.91 95.31 92.14 92.14 95.17 97.13 94.6;

Type I errors 27 7.4 6.7 51.2 15 16.7 29.4 42.9 41.2

Type II errors 7.5 29.6 11 1 2.7 7.6 7.5 4.4 2 4.6

As a reminder, the sample mix refers to the how the respective proportion samples were split

between the classification and holdout sample. So 30% of the 1:1 sample means that 30% out
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of the 110 companies in the 1:1 proportion were randomly placed in the classification sample

and 70% were placed in the holdout sample. A type I error is when a bankrupt firm is

classified as a stable firm and a type H error occurs when a stable firm is classified as bankrupt.

Referring to table 9, the classification ability of the MDA does not change very much over the

proportions or the sample mixes. The classification does improve in the 1:population

proportion compared to the 1:1 proportion. This difference is to be expected as when the

number of stable firms gets bigger in the sample, the model finds it easier to classify them.

The downside is that there will be more type I errors and less type II errors as the number of

stable firms in the sample gets bigger. This is the case as per table 9. The type I errors

increased from the range of 11% to 21% for the 1:1 sample to between 24% and 33% for the

1:population sample.

The occurrence relating to improved classification as the number of stable firms in the

proportion increase, as described above, also happens with the prediction. In table 10, another

pattern is present besides the one described earlier. As the sample mix in the classification

sample increases and the holdout sample decreases, the prediction ability increases in terms of

type I errors. This seems to be the case with all but the 1:population sample i.e., in the 1:1

proportion and sample mix of 30%, the type I error is 27% but the figure goes down to 6.7%

in the 1:1 proportion and 70% sample mix.

A possible explanation for the anomaly in the 1:population proportion is that as the population

used to classify becomes very large, as it does when 70% of 2722 companies are selected,

MDA finds it much more difficult to distinguish between bankrupt and stable firms. In the

holdout sample of the 70% sample mix, there are only 17 bankrupt companies and 800 stable

companies. Since the MDA formula was constructed based on 1867 stable and 38 bankrupt

companies, there is a very much bigger likelihood of misclassifying the bankrupt firms.



Results for all the'samples 1 year before

Proportion	 1:1
Sample mix	 30% 50% 70%

Overall results	 84.85 92.73 88.31

Type II errors	 20 7.41 8.

1:population

30% 50% 70%	 30%	 50%	 70%

98.33	 95.86	 97.24	 93.88	 97.43	 94.91

1111111111111.
0.6	 0.42	 0.25	 0.22
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6.3 Logit Analysis test

SPSS was again used in testing the Logit model. The same samples as per MDA were used.

The options selected were the defaults in that prior probabilities were not incorporated and

neither were costs of misclassification. The number of iterations were set at a maximum of

500. A different logit model was re-estimated for all the nine cases. The fact that neither

misclassification costs nor prior probabilities were included does not serve as a limitation in

comparison to the other methods as neither were incorporated for MDA or ANN.

The classification and prediction results for Logit are illustrated in Table 11 and 12

respectively.

Table 11: Classification results for Logit

Table 12: Prediction results for Logit

Results rot !Fl the san	 s 1 year before failure

1:25 1:population

30% 50% 70% 30% 50% 70%

95.31 92.14 92.14 95.17 97.13 94.61

75.61 50 38.89 82.35 82.14 76.47

0.75 0.88 1.24 0.53 0.6 0.12

Sample mix 30% 50% 70%

Overall results 83.12 81.82 90.91

Type I errors 27.03 11.11 6.67

Type II errors 20 32.14 27.78
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Looking at table 11, the classification accuracy improves when the proportion of stable

companies gets bigger. This is the same result as for the MDA. But the overall accuracy and

the type I and type II errors do not differ greatly between the sample mixes. In table 12, again

overall prediction accuracy improves when the proportion of stable companies gets larger.

And similar to MDA, when the sample mixes change and a larger percentage is used to classify

and a smaller percentage to predict, the number of type I errors decreases. In contrast to

MDA, this is true across all three proportions. In fact, for the 1:1 and 1:25 proportions, the

number of type I errors fall under half in the 70% sample mix compared to the 30% sample

mix. Another interesting pattern observed in table 11 is that the number of type II errors

increase when the sample mixes change from 30% to 70%.

6.4 ANN test

For testing neural networks, the neural network module, FuzzyCOPE V1.0 developed by the

Information Science Department of the University of Otago was used. The results were also

benchmarked against a commercial neural network called Neurosolutions TM . It must be noted,

however, that FuzzyCOPE had a number of problems which greatly impeded the study.

The first problem was with FuzzyCOPE's inability to handle missing variables. Thus, the

means of the variables of the bankrupt and non-bankrupt companies was used to replace the

missing variables of the bankrupt and non-bankrupt companies respectively. The second

problem was FuzzyCOPE's inability to handle data in spreadsheet format. Thus, the data had

to be saved in a comma deliminated format in the spreadsheet that was being used and all

coma's had to be eliminated from the data sets before they were saved in text format. A

further problem which was not realised until much later was FuzzyCOPE's inability to handle

negative values. Thus, the data to be used had to have a constant, in this case 1000, added to

it. After adding the constant, the data had to be linear transformed first, before log

transforming the linear transformed data.
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The other problem with FuzzyCOPE compared with using MDA and Logit in SPSS was that

it took an extremely long time to obtain results for any of the tests. In agreement with all the

previous studies (Altman et al., 1994, Chu & Widjaja, 1994, Fletcher & Goss, 1993, Hill et al.,

1994, Salchenberger, 1992, Tam & Kiang, 1992 and Wilson & Sharda, 1994) neural networks

are computationally demanding. The average time it took to obtain a single classification for

one sample mix in one proportion was close to half an hour. Compare this to the fact that it

probably took just as long to do half of all the samples in either MDA or Logit.

In testing ANN, four different hidden nodes were used with 1000 epochs to classify the

network. The results for these tests are presented on the next page in table 13. The results

were generated via trial and error, using hidden nodes between 50% and 75% of the total

number of input and output neurons as per Chu & Widjaja (1994). The best results, i.e., those

that were finally used as ANN's actual classification abilities were mostly from the 6 and 9

hidden nodes. The biggest differences between the results of the different hidden nodes are

those in the 1:25 proportion. For the 1:1 proportion and the 1:population proportion there is

hardly any difference between the hidden nodes.
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Table 13: Classification results for ANN

Hidden Nodes 1 6

1:1

30%-70% sample mix
TYPE II ERRORS 0.00 0.00
TYPE I ERRORS 11.11 0.00
% CORRECT 93.94 100.00
50%-50% sample mix
TYPE II ERRORS 40.74 37.04
TYPE I ERRORS 7.14 0.00
% CORRECT 76.36 81.82
70%-30% sample mix
TYPE II ERRORS 45.95 43.24
TYPE I ERRORS 7.50 7.50
% CORRECT 74.03 75.32

1:25

30%-70% sample mix
TYPE II ERRORS 0.74 0.49
TYPE I ERRORS 78.57 71.43
% CORRECT 96.67 97.14
50%-50% sample mix
TYPE II ERRORS 6.17 22.11
TYPE I ERRORS 34.29 34.29
% CORRECT 92.43 77.29
70%-30% sample mix
TYPE II ERRORS 6.89 7.32
TYPE I ERRORS 32.43 37.84
% CORRECT 92.14 91.53

1:populatio

30%-70% sample mix
TYPE II ERRORS 0.00 0.00
TYPE I ERRORS 100.00 100.00
% CORRECT 97.43 97.43
50%-50% sample mix
TYPE II ERRORS 0.07 0.15
TYPE I ERRORS 100.00 96.30
% CORRECT 97.94 97.94
70%-30% sample mix
TYPE II ERRORS 0.21 0.21
TYPE I ERRORS 100.00 100.00
% CORRECT 97.80 97.80

0.00 0.00
11	 11 11.11
93.94 93.94

40.74 44.44
0.00 0.00

80.00 78.18

48.65 45.95
7.50 7.50

72.73 74.03

1.48 0.49
42.86 71.43
97.14 97.14

24.21 26.77
34.29 34.29
75.29 72.86

7.10 4.88
37.84 37.84
91.73 93.88

0.00 0.00
100.00 100.00
97.43 97.43

0.07 0.07
100.00 100.00
97.94 97.94

0.21 0.21
	100.00	 100.00

	

97.80
	

97.80

CLASSIFICATION RATES BASED ON 1000 EPOCH
7

Comparative Prediction Methods; the case of Bankruptcy Predictions Chapter 6
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To test the prediction ability of ANN, initially the same samples as per MDA and Logit were

used but this gave very poor results. So instead a new 1:1 sample was created using 28

bankrupt and 28 stable firms and this was trained on several nodes and on 3000 epochs. The

weights of this new set was then used to predict all the same holdout samples as per MDA and

Logit. The results are presented next in table 14.

The variation of the prediction results among the different hidden nodes in table 14 are much

greater than those of the classification in table 13. The best results were mostly from nine

hidden nodes. These was because the combination number of type I and type II errors were

minimised using nine hidden nodes. Another big difference between table 13 and table 14 is

that when predicting, using one hidden node may have given reasonably good overall rates but

the type I errors were unacceptable high, over 50% in all but two cases. An unusual pattern

was noticed in the table 14 in that using seven hidden nodes, the number of type II errors was

very high. The network for some reason was classifying all the firms as bankrupt.
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Table 14: Prediction results for ANN

Proportions Hidden Nodes 6
PREDICTION. RATES BA 	 \4 3000 •EPOCH	

1:1

1:population

1:25

TYPE II ERRORS

TYPE II ERRORS
TYPE ERRORS

70%-30% sample mix

TYPE I ERRORS

30%-70% sample mix
TYPE II ERRORS
TYPE I ERRORS

50%-50% sample mix

TYPE I ERRORS

% CORRECT

% CORRECT

TYPE II ERRORS

70%-30% sample mix

TYPE II ERRORS

% CORRECT

TYPE I ERRORS

50%-50% sample mix

TYPE I ERRORS

% CORRECT

TYPE I ERRORS

30%-70% sample mix
TYPE II ERRORS

% CORRECT

% CORRECT

TYPE I ERRORS

70%-30% sample mix
TYPE II ERRORS

TYPE I ERRORS

TYPE II ERRORS

% CORRECT

TYPE II ERRORS

50%-50% sample mix

% CORRECT

% CORRECT

5.00 5.00 22.50 17.50
54.05 70.27 48.65 67.57
71.43 63.64 64.94 58.44

39.29 14.29 39.29 35.71
11.11 11.11 7.41 11.11
74.55 87.27 76.36 76.36

0.00 5.56 0.00 0.00
86.67 66.67 80.00 80.00
60.61 66.67 63.64 63.64

1.06 3.30 72.95 37.59
85.37 60.98 12.20 19.51
95.41 94.29 29.59 63.16

5.59 4.12 67.35 40.88
45.00 60.00 20.00 25.00
93.29 94.29 34.00 59.57

1.24 20.90 54.23 36.07
83.33 77.78 11.11 61.11
95.24 76.67 47.62 62.86

0.37 5.61 91.50 68.25
97.06 73.53 5.88 23.53
97.90 93.18 10.03 32.55

0.53 4.50 87.62 63.17
96.43 71.43 0.00 21.43
97.50 94.12 14.18 37.69

2.75 20.50 33.00 6.88
52.94 23.53 11.76 23.53
96.21 79.44 67.44 92.78

30%-70% sample mix
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From all the results in table 13 and 14, a list of the best results is extracted and these are

presented below in table 15 and 16.

Table 15: Classification results for ANN

Proportion 1:1 1:25 1:population

Sample mix 30% 50% 70% 30% 50% 70% 30% 50% 70%

Overall results 100 81.82 75.33 97.14 92.43 93.88 97.43 97.94 97.80

Type I errors 0 0 7.5 2.96 34.29 37.84 100 96.27 100

Type II errors 0 37.04 43.24 1.48 6.17 4.88 0 0.15 0.21

Table 16: Prediction results for ANN

Proportion 1:1 1:25	 1:population

Sample mix 30% 50% 70% 30% 50% 70% I	 30% 50% 70%

Overall results 64.94 87.27 66.61 63.16 59.57 47.62 32.55 37.69 92.78

Type I errors 48.65 11.11 66.67 19.51 25 11.11 23.53 21.43 23.53

Type II errors 22.5 14.29 5.56 37.59 40.88 54.22 68.25 63.17 6.875

The patterns that were observed earlier in the MDA and Logit classification and prediction

tables do not re-occur in the ANN tables. This is due to the fact that the results presented in

these tables were the best results from a number of attempts with various nodes and epochs.

From either table 15 or 16, no clear pattern seems to be present. It must be noted that in the

case of the 30% and 50% sample mix for the 1:population proportion in table 16, the number

of type II errors were particularly high because as seen from table 14, all the other hidden

nodes produced unacceptably high type I errors.

01
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It was decided to compare the results to a benchmark result generated by the commercial

neural network, Neurosolutions (shown below in table 17). The sample used to generate this

benchmark result was the classification sample of 50% sample mix from the 1:1 proportion

and the holdout sample also from the 50% sample mix of the 1:1 proportion. The

classification ability was excellent in that all the companies were correctly classified but the

predictive ability was very poor. The network seemed to suffer the same problem experienced

by using 7 hidden nodes as above in that most companies were classified as bankrupt.

Table 17: Benchmark results for ANN using NeurosolutionsTM

Overall results Type I error Type II error

Classification 100% 0% 0%

Prediction 52.73% 7.14% 82.14%

Number of epochs = 587

Number of hidden nodes = (default in model is the number of variables) 12

6.5 Comparison of the three methods

In comparing the three methods, it must be noted that all efforts have been made to keep all

the samples the same as well the prediction techniques consistent. The only difference in

terms of samples was that in ANN, the sample used to predict was different in that a separate

1:1 sample was used. However, this was done so as to improve the prediction accuracy of

ANN.

In terms of prediction techniques, neither of the three methods had prior probabilities or costs

of misclassification incorporated into them. With the exception of ANN, neither of the

statistical methods used a specific formula based on a single training set to predict the holdout

sample. Below in table 18 and 19 and figures 2 to 7 is presented the comparative results of all

three methods of prediction.
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Table 18: Classification results for all three methods

CLA SSW ICA TipN
Total results s for all the samples 1 year before failure

Proportions 1:1 1:25 1:population
Sample mix 30% 50% 70% 30% 50% 70% 30% 50% 70%
Overall

MDA 87.88 85.45 88.31 96.43 87.86 91.22 93.88 97.43 94.91

Logit 84.85 92.73 88.31 98.33 95.86 97.24 97.8 98.68 98.16

ANN 100 81.82 75.33 97.14 92.43 93.88 97.43 97.94 97.8
Type I error

MDA 11.1 21.4 15 35.7 25.7 24.3 33.3 25.9 23.7

Logit 11.11 7.14 15 50 71.43 62.16 76.19 55.56 78.95

ANN 0 0 7.5 2.96 34.29 37.84 100 96.27 100
Type II error

MDA 13.3 7.4 8.1 2.5 11.4 8.2 5.4 2.1 4.7

Logit 20 7.41 8.11 0 0.6 0.42 0.25 0.22 0.27

ANN 0 37.04 43.24 1.48 6.17 4.88 0 0.15 0.21

Figure 2: Classification results for all three methods

As can be seen from table 18 and figure 2, there does not seem to be much difference between

the classification ability of the three methods. In table 20, it will also be shown using the

Friedmans Two-Way ANOVA that there is no statistical difference between , the classification

ability of the three methods.
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Figure 3: Type I errors for classification

Looking at figure 3, it seems that the type I errors for ANN rise much faster than either Logit

or MDA. Also the type I errors for MDA seem to be most consistent between the three

methods.

Figure 4: Type II errors for classification

Figure 4 shows the type II errors and it is obvious that ANN while having the highest type II

errors in the 1:1 proportion has the lowest errors in the 1:population proportion. Again MDA

seems to be most consistent in type II errors among the three prediction methods.
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PREDICTION 
Total results for all the samples 1 year before failure
Tests 1:1 1:25 1:populat on
conducted 30% 50% 70% 30% 50% 70% 30% 50% 70
Overall

MDA 83.12 81.82 90.91 95.3 92.14 92.14 95.17 97.13 94.61
Logit 76.62 78.18 81 82 96.12 97.7 97.14 98.01 97.72 98.29
ANN 64.94 87.27 66.61 63.16 59.57 47.62 32.55 37.69 92.78

Type I error

MDA 27 7.4 6.7 51.2 5 16.7 29.4 42.9 41.2
Logit 227.03 11.11 6.67 75.61 0 38.89 82.35 82.14 76.47
ANN 48.65 11.11 66.67 19.51 25 1111 2353 21.43 23.53
Type II error

MDA 7.5 28.6 11	 1 2.7 7.6 7.5 4.4 2 4.6
Logit 20 32 14 27.78 0.75 0.88 1 24 0.53 0.6 0.12
ANN 22.5 14.29 5.56 37.59 40.88 54.22 68.25 63.17 6.88

Prediction - overall results 

MDA

Logit

ANN 
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Table 19: Prediction results for all three prediction methods

Figure 5: Prediction results for all three methods

Referring to table 19 and figure 5, we see that there is a marked difference between the three

prediction methods. Table 20 will later statistically confiim these differences. As can be seen,

,except for one case, ANN is always the worst predictor among the three.
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Figure 6: Type I errors for prediction

Observing figure 6 and figure 7, we see that in both cases, the differences between the

methods seem very visible. In figure 6, we see that ANN has the lowest type I errors for the

1:population proportion whereas for the 1:1 proportion it had very poor results. Logit on the

other hand has type I errors that increase at a much faster rate than MDA.

Figure 7: Type II errors for prediction

In figure 7, we see that ANN has very much bigger type II errors than the other two methods

for both the 1:25 proportion as well as the 1:population proportion. As explained above, the

reasons for this are deliberate. But even after all the adjustments to minimise type I errors,

ANN still seems to perform very poorly.

To test the generalisability of the methods of prediction, it is necessary to test for significant

differences between the results of the classification and prediction samples. If the differences
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1.6852 2 0.4306 Logit 2.11

ANN 2.09
MDA 1.80

Significance	 lean ranks
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between classification and prediction are significant, then it may imply that the model has very

poor generalisability. To conduct this test, the Wilcoxon Matched-Pairs Signed-Ranks test in

SPSS was used. It tests for significant differences between related samples. The results of the

test are reported in table 20 below.

Table 20: Differences between the classification and prediction results

1—Method Z statistic 2-tailed p value

MDA -0.0240 0.9808

ogit Analysis -1.6128 0. 1068

N -1.6577 0.0974

Conclusion (at 10%
level ofignificance) 
reject

reject

do not reject

As seen in table 20, except for ANN, both MDA and Logit Analysis do not report significant

results at the 10% level. The result for ANN could be partially due to the fact that the

parameters used for classification were not the same parameters used for prediction. Thus, the

results were significantly different at the 10% level. However, for MDA and Logit, it can be

taken that they were capable of forming adequate generalisations on other samples.

In the next table, table 21, the results of the Friedman Two-Way ANOVA are shown. As

mentioned earlier, the classification differences between the models are not significant but the

prediction results are. The prediction results are significant at the 10% level. The three

methods were compared across all the three proportions and all sample mixes. The Friedman

Two-Way ANOVA was used to compare the methods on overall prediction results as well as

type I and type II errors.

Table 21: Statistical tests of the difference between f'ie prediction methods
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In table 20, the fact is that for ANN, the results that were used were those that had the lowest

combination of type I and type II errors. It was decided to compare the three prediction

methods when ANN had the highest prediction regardless of the combination of type I and

type II errors to see if there were the results would still be significant. These are presented

below in table 22.

Table 22: Additional statistics between the prediction methods

Chi-square D Significance ranks
Classification 1.6852 2 0.4306 Logit 2.11

ANN 2.09
MDA 1.80

Prediction 10.2407 2 0.0060 MDA 2.30
Logit 2.20
ANN 1.50

As seen from table 21, using the best prediction results for ANN gives even more significant

results, this time significant at the 1% level. MDA again comes out on top followed by Logit

and ANN a distant third. In classification results, the best results were used earlier as well so

there is no difference between the tables.

6.6 Comparison against other studies

This section reviews the results obtained in this study against those found by other studies.

Referring to table 2 on page 31, since most studies used a matching sample, when comparing

with other studies the results of the 1:1 proportion with the 50% sample mix will be used.

Comparison will only be made against the similar methods used in other prediction studies.

Also where appropriate, out of the many results obtained by a number of these studies, the

best results from these studies will be used. Where there have been results obtained

incorporating misclassification costs or prior probabilities and results given without these

measures, the latter results will be used. It must be noted however that in a lot of these
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studies exact figures for overall rates or type I and type II errors have not been given. Where

possible, the results have been extracted from the papers, thus there may be some inaccuracies

in some of the results. The comparisons are presented in table 23 on the next page.

Looking at table 23, it is apparent that the results obtained in this study for the 1:1 proportion

for the 50% sample mix are comparable to other studies in all three methods. The MDA

prediction results obtained from the 1:1 proportion with the 50% sample mix however were

among the lowest of all the results surveyed. The number of type II errors especially was the

worst compared to all the other studies. The prediction results for Logit Analysis was also

very poor compared to all the other Logit studies. However, the number of type I errors

obtained was quite low compared to the other studies. The same poor results affect ANN.

This however could be mainly due to the fact that the ANN that was used in this study was a

very poor model compared to the other networks used in the other studies.
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Table 23: Comparison of this study to other studies

(usin 1:1 rro s ortion and 50% sam rle mix)

Overall type I

error

type II

error

Overall type I

error

type II

error

MBA This study 85.45 21.4 7.4 81.82 7.4 28.6

Altman (`68) 95 6 3 96

Altman (`77) 92.8 3.8 10.3 89 15.1 8.1

Tabb (`83) 80

Ferner (`87) 95 4.76 0 90 14 9

Kare s (`87) 96 20 2.7 93. 45.5 4

Tam (`92) 89 0 22 84.1 18.2 13.6

Coats (`93) 83 31.9 9.6

Udo (`93) 93 8.7 9.3 80 24 20

Altman (`94) 94.65 3.5 7.2 92.7 4.9 9.7

Tsukuda (`94) 93.1 12.5 0 100 0

Wilson (`94) 88.65 17.24 5.46 88.25 20.25 3.25
.........

Logit This study 92.73 7.14 7.41 78.18 11.11 32.14

Somerville (`89) 82 20 16.67 60 50 34.78

Salchenbeger (`92) 93.5 10 3 85.9 6.5 21.7

Tam (`92) 92.3 8.5 6.8 81.8 31.8 4.5

Fletcher (`93) 71.3 33

ANN This study 81.82 0 37.04 87.27 11.11 14.29

Salchenbeger (`92) 97 4 2 92.4 4.4 10.9

Tam (`92) 96.2 0 7.6 85.2 18.2 11.4

Fletcher (`93) 82.4 33 11

Coats (`93) 100 0 92.9 17 2.1

Udo (`93) 98.3 5.3 91 14 10

Altman (`94) 93.67 5.47 7.18	 91.36 10.88 6.4

Tsukuda (`94) 100

I

0	 100 0 0

Wilson (`94) 100 0 0	 97.5 3 2
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70



Method

ANN

N

MDA

A

ANN

MDA

ANN

ANN

MDA

MDA

A

ANN

ANN

Logit

Study Classification: 'rediction

Overall type I

error

type II

error

Overall type I

error

type II

error

Tsukuda (`94) 100 0 0 100 0 0

Wilson (`94) 100 0 0 97.5 3 2

Altman (`68) 95 6 3 96 4

Karels (`87) 96 20 2.7 93 45.5 4

Coats (`93) 100 0 0 92.9 17 2.1

Altman (`94) 94.65 3.5 7.2 92.7 4.9 9.7

Salchenbeger (`92) 97 4 2 92.4 4.4 10.9

Udo (`93) 98.3 4 5.3 91 14 10

This study 88.31 15 8.1 90.91 6.7 11.1

Ferner (`87) 95 4.76 0 90 14

Altman (`77) 92.8 3.8 10.3 89 15.1 8.1

Tam (`92) 96.2 0 7.6 85.2 18.2 11.4

Fletcher (`93) 82.4 33 1 1

Somerville (`89) 82 20 16.67 60 50 34.78
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Next in table 24 is presented what is considered the best classification and prediction results

for this study. These results are then compared against the best results from the other studies.

For the results used as the best results of this study, since the aim is prediction of bankruptcy

and not classification, the results of the MDA using the 1:1 proportion and the 70% sample

mix was used. The results in table 24 are presented in order of the best prediction rates.

Table 24: Comparison of the best results from several studies

The best results from this study are ranked 9th in terms of prediction capabilities out of the 14

studies surveyed here. However, the number of type I errors obtained are much lower than

three of the studies ranked above it. There are four non American studies here in Tsukuda &

Baba (1994), Altman et al. (1994), Ferner & Hamilton (1987) and Somerville (1989). If these

four are omitted from the list, this study ranks 7th among the 10 left. The study by Wilson &

Sharda has by far the best prediction results using ANN based on American data. The 90%
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prediction accuracy achieved by this model is consistent with the comments made by Heine

(1995). He states that the use of the Z score model of Altman 1968 has given results in the

vicinity of 80-90% based on data from one year prior to bankruptcy.
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Chapter 7

Coc1usion

7.1 Overall results

Of the three methods, MDA was by far the most consistent method as well as producing the

best prediction results overall. This was tested using the Friedman Two-Way ANOVA and the

result was statistically significant at the 10% level. The best prediction results obtained from

MDA were from the 1:1 proportion and the 70%-30% sample mix, producing a overall

prediction rate of 90.91% and type I and type II errors of 6.7% and 11.1% respectively. In

fact, all three methods produced their best results using the 1:1 proportion. Both MDA and

Logit Analysis showed that by using a larger sample in the classification set resulted in better

prediction results on smaller holdout samples. ANN did not demonstrate this pattern. The

benchmark model used for ANN from Neurosolutions demonstrated that it was possible to

obtain 100% classification from ANN but even then the prediction results were very poor.
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7.2 Problems with ANN

The results achieved in this study do not lend support to the argument put forward in the

literature review that ANN are superior prediction methods compared to statistical techniques.

In fact the conclusions are much closer to Altman's 1994 study. Although ANN may have

many theoretical and other technical advantages, the inconsistency of the model as

demonstrated in table 13 and 14 means that ANN cannot be relied on to give accurate results

every time. Also the major weaknesses outlined in the literature review in section 2.6 were all

evident in this study.

The fact that there was no set network topology meant that a trial and error method had to be

used to obtain good prediction results. Although the significance of the variables (the financial

ratios) was not tested for MDA and Logit Analysis here, it would not be very difficult to test

for them. Using FuzzyCOPE however, although it was possible to test the significance of the

variables, the task would have been far too demanding.

The computational time involved in using ANN was far greater than both MDA and Logit

Analysis put together. It must have taken over 60 hours of computational time to carry out

the various classification and prediction tests using FuzzyCOPE (this is without taking into

account all the other trial and error tests that were done to find out about FuzzyCOPE as well

as all the classification and prediction tests that had to be redone when problems in

FuzzyCOPE were discovered). Compare this to about 3 hours to conduct all the classification

and prediction for both MDA and Logit Analysis put together.

As table 13 and 14 demonstrate, the results of ANN were sensitive to the selection of learning

parameters. This problem is further confounded when one considers that it was decided to

stick with most of the defaults provided in FuzzyCOPE. Had the learning rates and

momentum rates been altered, it would have meant having to deal with a lot more alternatives.

And as the complexity of the network architecture increased, the extent and frequency of
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illogical types of behaviour increased. This is in agreement with the observations made by

Altman et al. (1994).

The problem of overfitting may have been present considering the fact that the benchmark

result provided by Neurosolutions used only 587 epoch's to predict and 3000 epoch's were

used in this study. Altman et al. (1994) state that the key determinant as to whether ANN will

be integrated into practitioner decisions is the accuracy, logic and understandability of the

process and its components. As demonstrated in this study, neither of the three items are

acceptable in FuzzyCOPE and therefore, it is unlikely to ever be used in any commercial

setting in its present format.

7.3 Implications

In summary, it seems that bankruptcy prediction is not that easy to predict based on financial

ratios alone. Although looking at table 24 on page 70, there seem to be some very good

results, most of these results are not necessarily generalisable to other companies or time

periods; and this study is no exception. The Z score developed by Altman in 1968 when

applied to different companies in different time period produces different results.

The ratios suggested by Karels and Prakash did not satisfy the assumptions of normality nor

were their covariance matrices equal. Thus, both the assumptions of MDA were violated.

These ratios were not adjusted to counter the violation of the first assumption and the

quadratic discriminant analysis was not used to counter the violation of the second

assumption. Despite all this, MDA was still the best predictor and the most consistent across

all three proportions. Logit analysis seemed to have very poor results when the number of

stable companies in the proportions increased.

The arguments put forward by Wilson & Sharda (1994), as explored in section 4.3, regarding

the use of a base rate not representative of reality producing better prediction results was
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supported by the results of this study. All three methods demonstrated that using a higher

proportion of bankrupt fines than actually occurs in the population produced better prediction

results. Also the sample mix intuition was confirmed in that by using a higher percentage of

companies in the classification sample than the holdout sample produced better prediction

results (but only in terms of reducing type I errors). All this lends weight to the two

assertions; firstly when predicting bankruptcy, a higher proportion of bankrupt firms should be

used than what occurs in the population and secondly, that a bigger sample should be used to

classify firms than the sample used as a holdout sample.

While ANN may offer a large number of theoretical advantages, the problems and

inconsistencies in the model make it a very unsuitable tool to be used in bankruptcy prediction.

This is especially true for FuzzyCOPE. Looking purely at the prediction capabilities of ANN,

the results in this study concur with Wilson & Sharda (1994) in that when training the ANN,

the use of an equal number of bankrupt and stable firms produces the best result.

Altman et al. (1994) state that they found illogical behaviour patterns in all of the many ANN

they tried and point out that these have not been emphasised in many of the studies that use

ANN to predict bankruptcy. The author fully agrees with this statement and suspects that

ANN may have been oversold as stated by Hill et al. (1994). It should be acknowledged,

however, that ANN offer promise in the future as the literature becomes clearer on the type of

network topology to use and new and better commercial ANN are developed. Then we may

see an increased use of ANN in practice.

7.4 Limitations of this study

A major limitation in bankruptcy studies is that the sample sizes always have a size bias. This

is because small firms are more inclined to go bankrupt whereas, since financial data are

frequently obtained from the COMPUSTAT database, small firms are not included (Jones,
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1987). New firms are also equally likely to go bankrupt but are excluded because researchers

want data for a number of years.

Another limitation according to Jones (1987) is that bankrupt firms tend to be small and

concentrated in certain industries (industries which may be declining) and as such, if stable

firms are randomly selected there may be substantial differences between the two groups in

terms of size and industry. Researchers tend to overcome this factor by matching the sample

in terms of industry and size but the drawback to this approach is that the controlled variables

may be valuable predictors.

Ohlson (1980) (cf Jones, 1987) stated that annual reports most recently published prior to

bankruptcy may have become available only after bankruptcy was filed. He found that the

bankruptcy filing was disclosed in the annual report (for the fiscal year before bankruptcy) for

17 percent of his 105 bankrupt firms. The problems with using such data is that the statement

may contain adjustments made by the auditors and the data would not normally be available in

a practical application of the model.

A major problem is that ideally the researcher should draw on an economic theory in choosing

those variables that will predict bankruptcy. However, most bankruptcy studies have not

applied any theoretical models to empirical research (Jones, 1987). More sophisticated

models have been based on statistical or mathematical literature. As a consequence, it is

difficult to be sure how generalisable the results from any study are (Scott, 1981 cf Jones,

1987). This problem can be overcome somewhat by using a holdout sample with firms from

different industries and time periods.

Tam & Kiang (1992) state that among the problems that limit generalisation of such findings

are; not all the information about the company is used and the final results may be biased by

the holdout samples. There may be a upward bias due to intensive searching. When a specific

set of variables is selected for a study after reducing the set from a much larger number, there

is no guarantee that the selection criteria employed will be as effective for the population in

general as it will be for the sample.
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Some limitations particularly specific to this study are that the means of the variables for

bankrupt and stable firms were used to replace the missing values of the bankrupt and stable

(inns respectively. This may have resulted in an upward bias in the results. Also no

misclassification costs or prior probabilities were incorporated into the methods. While this

may have been the acceptable here since all the methods were treated the same, it has the

effect of treating type I and type II errors equally when in fact they are vastly different.

7.5 Future research

The most important direction for such any future study would be to use New Zealand data in

predicting bankruptcy. As shown on table 23 on page 70, the three New Zealand studies,

Tabb & Wong (1983), Ferner & Hamilton (1987) and Somerville (1989) all had poor

prediction results compared to the American studies. So such a study based on New Zealand

data would help to further confirm this trend.

Another area which may prove useful would be to use ANN and test using more than two

categories of distress. Since ANN has not proved to be superior in the binomial state, it may

be interesting to see how ANN fares when definitions of distress similar to either Lau (1987)

or Somerville (1989) are used.

It may be helpful to focus on an industry, but any such study would have to be based on

American data as there is not enough data in New Zealand for such a study. Different models

could be developed across different industries as Somerville (1989) suggests, and the methods

tested to see how robust they are across industry groups. Also to be used on American data

only is a study which focuses on a particular region. Instead of yearly data, it may he useful to

use quarterly or biannual data to predict bankruptcy.

Another way of doing a bankruptcy prediction study would be to use market based ratios and

other data such as Beta's, volatility of earnings etc. Several prediction methods could be
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compared based purely on these market based ratios and compare the results to another set

based on financial ratios. It would be interesting to find out if the stock market can detect

distress well before the financial ratios do.

An idea would be to use different ratios and see which prediction method is most consistent

across the different ratios. This could be attempted using a similar sample but having several

ratios and changing the ratios for each method in turn. Finally it would be useful to test the

three prediction methods using various cutoff scores as per Fletcher & Goss (1993). Also the

three prediction methods could be compared incorporating the costs of misclassifications and

prior probabilities.
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Appendix 1:	 Industry classifications for bankrupt firms
Industry 0

Oil and gas extraction 5.45%
Building construction 3.64%

Lumber and Wood Products 3.64%
Furniture and Fixtures 1.82%
Printing, Publishing and Allied Products 1.82%
Chemicals and Allied Products 1.82%
Rubber and Plastic Products 1.82%
Commercial Machinery 1.82%
Electronic Equipment 1.82%
Transportation Equipment 5.45%
Photographic Equipment 1.82%

Sporting Equipment 1.82%
Transportation by Air 1.82%
Communications 1.82%
Harzadous Waste Management 1.82%
Wholesale durable goods 1.82%
General Merchandise Stores 1.82%
Retail stores. 1.82%
Depository institutions 29.09%
Security and Commodity Brokers 1.82%
Insurance Carriers 5.45%
Real Estate 3.64%
Holding and Investment Offices 9.09%
Business Services 1.82%
Motion Pictures 1.82%
Amusements, Recreation 1.82%
Nonclassifiable establishments 1.82%
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Industry classifications for stable firmsAppendix 2:

Metal & Coal Mining 1.01%

Oil and gas extraction 3.00%

Mining, quarry, non-metal minerals 0.34%

Building construction 1.35%

Construction, special trade 0.11%

Food & kindred Products 2.17%

Tobacco Products 0.19%

Textile Mill Products 1.12%

Apparel & other finished products 1.12%

Lumber and Wood Products 0.56%

Furniture and Fixtures 0.64%

Paper & Allied Products 1.42%

Printing, Publishing and Allied Products 1.80%

Chemicals and Allied Products 5.66%

Petroleum Refining & Related Industries 1.50%

Rubber and Plastic Products 1.46%

Leather & Leather Products 0.45%

Stone, Clay, Glass, Concrete 0.82%

Primary Metal Industries 2.59%

Fabrication of Metals 1.95%

Commercial Machinery & Computer Equip. 4.65%

Electronic Equipment 4.35%

Transportation Equipment 2.74%

Medical & Photographic Equip. 3.00%

Misc Manufacturing 1.20%

Railroad Transportation 0.41%

Transit & Passenger Trains 0.07%

Motor Freight Transportation, Warehousing 0.34%

Water Transportation 0.49%

Transportation by Air 0.60%

Pipe Lines 0.15%

Transportation Services 0.11%

Communications 2.14%

Electric, Gas & Sanitary Services 7.69%

Wholesale durable & non-durable goods 3.49%

Building Material, Hardware, Garden retail 0.22%

General Merchandise Stores 1.16%

Food Stores 0.82%

Auto Dealers, Gas Stations 0.22%

Apparel & Accessory Stores 0.75%

Home Furniture & Equipment Stores 0.45%

Eating & Drinking places 0.97%

Miscellaneous Retail 1.31%

Depository Institutions 24.97%
Non-depository Credit Institutions 1.01%

Security and Commodity Brokers 1.12%

Insurance Carriers 5.92%
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