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This study examines the usefulness of general price 

level information (GPL) and current cost information (CC) 

originally provided by SFAS No. 33 as compared to historical 

cost information (HC) in predicting bankruptcy. The study 

also examines the usefulness of GPL data versus CC data when 

each supplements HC data. In addition, this study tests the 

usefulness of the three types of information systems combined 

in one model (HC, GPL, and CC) versus HC data in predicting 

bankruptcy. 

The study focuses on the predictability of business 

failure using financial ratios as predictors. A comparison 

of these predictors is made in order to identify the 

accounting system that yields a better prediction of 

bankruptcy. Two multivariate statistical techniques, 

multiple discriminant analysis (MDA) and logistic regression 

analysis (LRA), are used to derive the ex—post classification 

and the ex-ante prediction results. Six functions are 

developed, based on ratios computed with HC, CC, GPL, the 

combined HC and GPL, the combined HC and CC, and the combined 

HC, GPL, and CC. The resulting functions are used to 

classify 40 firms as failed or nonfailed. The analysis is 



repeated for three time bases—one, two, and three years 

before bankruptcy. 

The main results of the various analyses indicate that 

the combined HC and CC model has more discriminant power 

than does the HC, the GPL, or the combined HC and GPL models 

in each of the three years before bankruptcy. The results 

also show that there are significant differences in the 

overall classification rate derived from the combined HC, 

GPL, and CC model and the HC model, the GPL model, or the 

combined HC and GPL model . The differences between the 

combined HC and CC and the combined HC, GPL, and CC models 

are not significant in each of the three years before 

bankruptcy. 

The results also indicate that the differences in the 

the performance of MDA and LRA are not significant except in 

the second year before bankruptcy when the combined HC and 

GPL model is used. 
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CHAPTER I 

INTRODUCTION 

One of the major concerns of accounting professionals 

and policymakers in the latter part of the twentieth century 

has been the usefulness of published accounting information. 

Published accounting information refers to all data that are 

of a financial nature and are traditionally contained in 

corporate reports (annual and quarterly). Most of this 

information is usually contained in three major documents: 

the balance sheet, the income statement, and the statement of 

changes in financial position (4). 

Accountants are primarily responsible for providing this 

information to investors and creditors so that the performance 

of corporate management can be evaluated objectively. 

Financial information can also however, be used for purposes 

other than evaluating past performance. One of these purposes 

is to predict future performance. The Financial Accounting 

Standards Board (FASB) has highlighted that purpose by 

stating, "Financial reporting should provide information that 

is useful to present and potential investors and creditors 

and other users in making rational investment, credit, and 

similar decisions" (4, p. 16). 
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However, most published accounting information is not 

measured with a stable unit in an environment of changing 

prices. The Consumer Price Index (CPI) in U. S. A., has risen 

from a base of 100 in 1967 to 327.5 in February 1986, so that 

the market basket of goods and services that cost $100 in 

1967 cost the consumer more than three times as much in 

February 1986 (15, p. 13). This fact has led decision makers 

such as investors and crditors to criticize the nominal-dollar 

historical cost convention because it ignores the impact of 

inflation on the reported earnings and financial postions of 

firms. 

In response to the problems of the nominal-dollar 

historical cost convention, the authoritative bodies of the 

accounting profession have taken several actions to deal with 

the impact of changing prices on published financial statements. 

In March 1976, the Securities and Exchange Commission (SEC) 

called for footnote disclosures to restate inventories, plant 

assets, cost of goods sold, and depreciation expense on a 

replacement cost basis for the largest 1,000 publicly held 

corporations registered with the Commission. These 

requirements were set forth by ASR 190 (13). Then in 

September 1979, the FASB issued the Statement of Financial 

Accounting Standards (SFAS) No. 33, Financial Reporting and 

Changing Prices. This statement required publicly held 

corporations of a certain size to issue supplementary 

financial statements that showed both constant-dollar and 
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current-cost information along with their primary financial 

statements (6). Under SFAS No. 33, the FASB required two 

types of disclosures that relate to changing prices: 

1. financial information expressed in units of general 

purchasing power 

2. financial information restated to show the current 

cost of the firms resources 

The two types of disclosures have different objectives 

and provide different sets of data. The first method 

(constant dollar) involves restating historical cost dollars 

of unequal purchasing power to dollars of uniform purchasing 

power. The second method (current cost) involves restating 

items in the financial statements to current purchase prices. 

The FASB believed the required disclosures would help 

users of financial statements in the following assessments: 

1. the assessment of future cash flows 

2. the assessment of enterprise performance 

3. the assessment of erosion of general purchasing 

power of invested capital 

4. the assessment of erosion of operating capability 

(6, p. 5) 

In 1984, after examining the results over five years of 

SFAS No. 33 disclosure requirements, the FASB issued SFAS No. 

82 to eliminate some of the earlier statement's 

requirements. SFAS No. 82 eliminated the constant—dollar 

measures of historical cost but continued to require current— 
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cost disclosures. Under SFAS No. 82, firms may substitute 

constant-dollar historical information for current-cost 

information when the latter cannot be measured. 

The FASB believes that SFAS No. 82 will eliminate some 

of the complexity of preparing supplementary information, 

reduce costs incurred in preparing financial statements,and 

eliminate confusion on the part of decision makers in using 

the supplementary information (7, p. 3). 

Purpose of the Study 

This study is an empirical investigation of the 

usefulness of the general-price-level information (GPL) and 

the current-cost information (CC) originally required by SFAS 

No. 33 as compared to that of historical-cost information 

(HC) in predicting bankruptcy. The study also examines the 

usefulness of GPL data versus CC information when each 

supplements HC information. In addition, the study examines 

the usefulness of the three types of information systems (HC, 

GPL, and CC) combined in one model versus HC data alone in 

predicting bankruptcy. 

The study focuses on the predictability of business 

failure using financial ratios as predictors. A comparison of 

these predictors is made in order to identify the accounting 

system that yields a better prediction of bankruptcy. The set 

of ratios that proves to be the better predictor of business 

failure would provide evidence concerning the usefulness of 
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the accounting system which provided the information needed 

to compute that set of ratios. 

Most users of accounting information study a firm's 

performance, usually as reflected in financial statements, to 

predict the firm's financial future. Accounting information 

is more useful if it enables those studying it to improve 

their predictions of future events. The possibility of 

business failure is an event of interest to a large segment 

of the audience for accounting reports. 

The Importance of the Study 

The study provides empirical evidence about the power of 

ratios computed with different types of data to predict 

bankruptcy. The empirical tests will use two different 

multivariate techniques. Several studies have established 

that multivariate techniques are a viable means of predicting 

bankruptcy, but some of the techniques contain problems with 

research methods that limit the applicability of their 

results. This study incorporates the strong points of several 

past studies and thereby may provide a better model to be 

used in predicting business failure. 

This study is also intended to fill a gap in the 

literature. One of the two types of supplementary data 

required by the FASB in SFAS No. 33, the general-price-level 

approach, has received considerably more attention in 

empirical studies than has the current—cost approach. 
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Empirical studies investigating the accuracy of bankruptcy 

prediction using data that have been adjusted for general— 

price-level changes include those of Ketz (9), Norton and 

Smith (12), and Mensah (11). No empirical studies using 

current cost data provided by SFAS No. 33 disclosures have 

been published to date. This research examines the usefulness 

of GPL and CC disclosures originally required by SFAS No. 33 

as compared to the usefulness of HC information in models for 

predicting bankruptcy. 

Finally, this type of research is important as an aid to 

policymakers who are continually faced with the problem of 

choosing an appropriate reporting method from among several 

alternative accounting measures. One of these problem areas 

is accounting for changing prices. The FASB has pointed out 

that there is a need for some studies in the area of changing 

prices to measure the effect of inflation on the reported 

earnings and financial positions of firms (5, p. 10). 

Prediction of Business Failure as 
a Criterion of Usefulness 

Financial statement analysis may be considered as an 

information processing system, that is used to provide useful 

information to decision makers (10, p. 298). According to 

this approach the evaluation of financial statements 

should be based on the usefulness of that system in predict 

ing events of interest to decision makers. Beaver, Kennelly, 

and Voss state, 



according to the predictive ability criterion alterna-
tive accounting measurements are evaluated in terms of 
their ability to predict events of interest to decision 
makers. The measure with the greatest predictive power 
with respect to a given event is considered to be best 
for that purpose (2, p. 679). 

Business failure is an appropriate object of prediction 

in implementing the predictive ability criterion because it 

is important to a broad segment of the audience for 

accounting reports, including shareholders, creditors, 

managers, regulatory commissions, and courts. Both creditors 

and investors stand to lose some or all of their investment 

if the firm goes bankrupt. Therfore, decisions to invest in 

the firm should be based, in part, on the probability of 

failure. The firm's management should monitor the probability 

of failure so that if failure is likely, it may initiate 

corrective action or begin liquidation without further 

impairment of value (8, p. 534). 

Blum has pointed out that models for predicting 

bankruptcy could be important in legal decisions. For 

example, in antitrust cases the courts might be required to 

assess the probability of business failure. A merger with a 

competitor, which is generally a violation of antitrust laws, 

is permitted under the Failing Company Doctrine. This 

doctrine can be used when a company is likely to fail and 

when no legal offer to merge has been received from the 

merger company (3, p. 1). 
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Business failure prediction models also have relevance 

to regulatory commissions. For example, state insurance 

commissioners are concerned with protecting the policy 

holders of insurance companies registered in that state. Part 

of their activities involve detecting companies that appear 

to be showing signs of financial distress (8, p. 534). 

Bankruptcy prediction models can also provide useful 

information to lending institutions. The models can be used 

to determine the conditions under which new loans are given 

and in devising policies to monitor existing loans (15, p . 

23) . 

Altman and McGough have pointed out that models 

predicting business failure may also provide useful 

information to auditors who are issuing an opinion on the 

financial statements of a corporation. An auditor is 

generally required to make a decision as to whether a firm is 

a viable going concern, and a model that predicts business 

failure can help the auditor in this regard (1, p . 52). 

Organization of the Study 

The arrangement of the remaining chapters of this study 

is as follows. Chapter II presents a review of the empirical 

research related to this study. The review is divided into 

four major sections. The first section surveys those studies 

which have attempted to construct a theory of business 

failure, the second examines empirical studies on the causes 
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and prediction of business failure, the third investigates 

those accounting studies that have used the predictive 

ability criterion, and the fourth analyzes studies that have 

evaluated the usefulness of alternative accounting methods. 

Chapter III consists of a description of the research methods 

employed in this study, including the sample selection 

criteria, data collection methods, and steps taken to develop 

the linear discriminant and logistic regression functions. 

Chapter IV presents the data analysis and results. Chapter V 

summarizes the study and offers conclusion based upon the 

data analysis. 
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CHAPTER II 

LITERATURE REVIEW 

Theoretical Literature on Bankruptcy 

There have been very few attempts to construct a theory 

of bankruptcy. Fisher and Wilcox have each developed simplif-

ied models of bankruptcy. Fisher (15) has investigated the 

determinants of risk premiums on corporate bonds. He states 

that the average risk premium on a firm's bond depends on the 

risk that the firm will default on its bonds and on their 

marketability. The risk of default is estimated by a function 

of the coefficient of variation of the firm's net income over 

the last nine years, the length of time the firm has been 

operating without forcing its creditors to take a loss, and 

the ratio of the market value of the equity to the par value 

of the firm's debt. The marketability of the bond is estima-

ted by the market value of all a firm's outstanding bonds. 

His model is based on the assumption that the probability of 

default depends on the firm's earning power and the ability 

of bondholders to turn the bond into cash before it matures. 

Wilcox has made a study (24) based on the application 

of the gambler's ruin model for prediction of business 

failure. The purpose of his work was to develop a theoretical 

12 
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model and to explain the results of a previous study by 

Beaver (7). Wilcox states that the probability of business 

failure depends on the net liquidation value (NLV) and the 

factors that cause it to fluctuate. The NLV is determined by 

liquidity inflow and the outflow rates. He defines the inflow 

rate as net income less dividends and outflow rate as the 

increase in the book value of assets less the increase in the 

liquidation value of those assets. The main idea of his model 

was to predict when the NLV will be zero. Wilcox suggests 

that the probability of business failure is a function of 

three variables, the current NLV or net wealth, the average 

adjusted cashflow, and the volitily of the adjusted cashflow, 

all measured by the variance of the cashflow. 

The findings of these studies (15, 24) suggest that 

financial leverage and earnings variability are important 

ratios in discriminating between bankrupt and nonbankrupt 

firms. These studies, however, do not provide a comprehensive 

basis for selecting accounting variables associated with 

business failure. Lev states, 

Attempts to construct a theory of corporate failure, 
that is, to identify and generalize the major causes 
of failure, have been meager and generally 
unsatisfactory because of the complexity and diversity 
of business operations, the lack of a well defined 
economic theory of a firm under uncertainty and a 
surprising reluctance of many researchers to incorporate 
the failure phenomenon in their models (18, p. 194). 
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Therefore, empirical researchers have chosen variables 

for inclusion in their models in an ad hoc fashion to predict 

business failure. 

Empirical Studies on the Causes 
of Business Failure 

General economic conditions will have an effect on the 

timing of 3 firm's bankruptcy. In a favorable economic 

environment, a firm experiencing financial difficulty may be 

able to raise capital to finance its continued operations. 

With less favorable conditions, it may be forced into 

bankruptcy due to its inability to meet its current commitments, 

Altman (6) has investigated the impact of economic 

conditions on the failure rate in the economy. He has found 

that changes in the failure rate were negatively correlated 

with the money supply, the GNP and Standard and Poor's Stock 

Price Index. The model, however, explains only 20 percent of 

the variance in failure rates. 

Altman cites Dun and Bradstreet data indicating that 

failure rates vary with firm age, size, and industry. Firms 

under five years old make up half of the total number of 

business failures each year; firms six to ten years old 

represent 28 percent of the failures per year with the 

remainder being firms over 10 years old. Smaller firms are 

more likely to fail than large firms. The failed and nonfailed 

firms in this study were matched by asset size and by 
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industry to ensure that the two samples were drawn from 

populations with the same industry and size characteristics. 

Empirical Studies Using The Predictive 
Ability Criterion 

Many studies including Beaver (7, 8, 9), Altman (1, 5), 

Deakin (12), Blum (10), Sinkey (22), and Ohlson (21), have 

used a predictive ability approach in forcasting business 

failure. These studies are concerned with the issue of the 

information content" of accounting numbers and are important 

in their own right and in the research methods they have 

employed. One of the most important roles that they have 

played, as far as this research is concerned, is to demonstrate 

that accounting numbers do contain information for the 

prediction of business failure. Without such a foundation, it 

would be pointless to compare the predictive ability of 

alternative accounting methods. 

These studies initially compare the financial 

characteristics of a sample of failed firms with those of a 

sample of nonfailed firms. They then combine those 

characteristics in a formula or model that best discriminates 

not only between the original samples, but also between 

failed and nonfailed firms in a sample of firms not used to 

develop the model. 

Beaver (7) developed one of the first bankruptcy studies 

in which the predictive ability criterion was used. The 
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objective of his study was to find out whether accounting 

ratios (computed from information based on HC financial 

statements Convention) could be used to predict business 

failure. Many ratios were computed and used for this purpose 

in a series of univariate models. That is each ratio was used 

independently to assess its predictive ability. Beaver 

defined "failure" as the condition when "any of the following 

events have occurred: bankruptcy, bond default, an overdrawn 

bank account, or nonpayment of a preferred stock dividend" 

(7, p. 73). 

Beaver compared 79 failed firms with 79 nonfailed firms. 

He stated that a significant number of ratios could discrimi-

nate very well between failed and nonfailed firms. The 

following were the most accurate: 

a) cash flow/total debt 

b) net income/total assets 

c) total debt/ total assets 

d) working capital/total assets 

e) Current assets/current debt. 

These ratios achieved predictive accuracies that ranged as 

high as 87 percent in the year before failure to 76 percent 

four years before failure. 

In his second study, Beaver (8) evaluated the relative 

superiority of "liquid" over "nonliquid" ratios. He found 

that nonliquid asset measures seem to perform better than 
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liquid asset measures, apparently because they represent more 

"permanent aspects" of the firm. 

In a later study, Beaver (9) used a market-based 

measure, the change in the price of the firm's equity 

securities. He found that on the average, common stock return 

data have a lead time of about two and one-half years in 

discriminating failure versus nonfailure status. This lead 

time runs slightly ahead of the lead times of the models that 

use accounting ratios to predict bankruptcy. Beaver concluded 

that investors behaved as though they used financial ratios 

to predict business failure as part of an overall evaluation 

of prospective security returns. 

One limitation of Beaver's studies is that they were 

univariate, a fact of which he was aware (7). In an apparent 

attempt to overcome this limitation, Altman (1) reported on a 

similar failure-prediction study. A different definition of 

failure was used (legal bankruptcy), and a multivariate 

method of analysis was applied (multiple discriminant 

analysis). Altman compared 33 failed firms in the 1946-1965 

period with 33 nonfailed firms. He developed an equation that 

optimally combined the following five ratios computed from 

accounting and market data: 

a) working capital/total assets 

b) retained earnings/totals assets 

c) earnings before interest and taxes/total assets 
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d) market value of equity/book value of debt 

e) sales/total assets 

As in the case of Beaver's study, several ratios contain 

numbers which would normally be significantly affected by 

inflation adjustment, total assets, book value of debt, and 

retained earnings. 

Studies using multivariate statistical techniques subse-

quent to Altman include Deakin (12) and Blum (10). Deakin and 

Blum replicated the Altman model. Deakin (10) provided a 

validation of the Altman approach; he also included refinements 

in research methods over the Altman study. For instance, the 

validation of the model's accuracy should be on a new set of 

firms and not on the same group from which the initial 

discriminant model was built. Deakin's study showed that 

multivariate analysis is a more powerful tool than univariate 

analysis. 

Subsequent research by Altman on railroads (3), Sinkey 

on commercial banks (22), and Altman and Loris on broker 

dealers (4) included investigations of failing firms in the 

nonindustrial sector. In all the models developed, the 

misclassification rates are low. Hence, the explanatory 

variables have significant predictive power. 

In 1977, Altman, Haldeman, and Narayanan (5) developed a 

new model called Zeta that incorporated several refinements 

in the statistical technique used in Altman's 1968 study. The 

1977 study used an updated sample. It also involved adjustments 
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to the data in published accounting statements. All noncancel-

able operating and financing leases were capitalized, 

and interest was imputed to the liabilities. Contingency 

reserves were added to equities, minority interest was 

deducted from assets, and nonconsolidated subsidiaries were 

consolidated using the pooling method. Since Altman, et al. 

believe that economic values of goodwill and other intangibles 

are difficult to assess, they wrote these values off against 

equities. For the same reason, they expensed capitalized 

interest, capitalized research and development, and deferred 

charges. Altman, et al. believe these adjustments improved 

the accuracy of the data used to predict business failure. 

Altman, al. used both a linear model and quadratic model. 

They used stepwise exclusion to limit their original set of 

twenty seven variables to seven discriminatory variables. The 

variables in the model are retained earnings/total assets, 

financial leverage, earnings variability, return on assets, 

fixed charge coverage, current ratio, and asset size. 

Altman's Zeta model (1977) improved upon his "Z" Score model 

(1968). One year before bankruptcy the Zeta model correctly 

classified 96 per cent of the firms in the sample compared to 

95 per cent for the Z Score model. Five years before 

bankruptcy the percentage of correct classification is 70 

versus 36. The variables "retained earnings to assets" and 

stability of earnings" have the greatest weight in the 

equation. They explain 25 percent and 20 percent of the 
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difference between failed and nonfailed firms respectively. 

The 1977 study results indicate that the quadratic model is 

statistically more appropriate in fitting an assumption of 

normality; the linear model, however, gives a better classif-

ication rate. 

Frydman, Altman, and Kao (16) use a classification 

procedure called the Recursive Partitioning Algorithm (RPA) 

for financial analysis. The RPA is a computerized, nonparame— 

trie technique based on pattern recognition which has 

attributes of both the univariate classifications approach 

and multivariate procedures. The model resulting from the RPA 

takes the form of a binary classification tree which assigns 

objects into selected a priori groups. The class of splitting 

rules was restricted to univariate rules. It is possible to 

utilize the RPA with the class of rules involving linear 

combinations of variables, but the resulting model can be 

extremely cumbersome and difficult to interpret. Frydman, 

Altman, and Kao found that in most cases RPA models do better 

than discriminate analysis (DA) models in terms of actual, 

cross validated, and bootstrapped results. RPA models which 

are most accurate on resubstitution are worse than DA models 

on cross-validations. With respect to the interpreta-

tions of the relative importance of individual variables, the 

analysts found that in both DA and RPA models, individual 

variable contributions are not completely unambiguous. 
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Ohlson (21) applied an alternative statistical procedure 

called logit analysis to the bankruptcy prediction process. 

He reported that it was possible to identify four basic 

factors as being statistically significant in affecting the 

probability of failure within one year. These factors are the 

size of the company, a measure of the financial structure, a 

measure of performance, and a measure of current liquidity. 

However, the predictive ability of the model based on 1970-

1976 data is lower than in previous studies. Ohlson stated 

that one possible reason is the relatively long lead time 

between the date of the fiscal year of the last relevant 

report and the date of bankruptcy. In Ohlson's study the lead 

time was approximately thirteen months. For example, Hers 

Apparel, Inc. filed for bankruptcy on May 31, 1974; the 

accountant's report for the fiscal year end February 28, 1974 

is dated July 19, 1974. In the previous year, the report was 

dated April 24, 1973. Significantly, the lead time between 

the fiscal year date of the last relevant report and the date 

of bankruptcy is approximately thirteen months in this case 

(i.e., April 24, 1973 to May 31, 1974). This lead time is 

quite long compared to what has been reported in previous 

studies. In Altman's sample the lead time averaged 7.5 

months. 

Dambolena and Khoury (11) have shown that improvement in 

classification accuracy can occur when standard deviations of 

the financial ratios are included in a bankruptcy prediction 
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model. They stated that the inclusion of the stability of 

ratios in the analysis improved considerably the ability of 

the discriminant function to predict failure. They computed 

the standard deviation of each ratio over three-year periods 

for each company. For example, for the year prior to failure 

for a failed company, the standard deviation was computed 

from the values of the ratio one, two, and three years prior 

to failure. For the second year prior to failure, it was 

computed from values two, three, and four years prior to 

failure, and so on. The same procedure was followed for 

nonfailed firms. Dambolena and Khoury's model classified 

firms into failed and nonfailed groups with 78 percent 

accuracy five years prior to failure. 

Zmijewski (25) has examined conceptually and empirically 

two potential biases caused by sample selections and data 

collection procedures used in most financial distress 

studies. The first bias, a choice-based sample bias, results 

from oversampling bankrupt firms relative to their proportions 

in the population. The second bias, a sample selection bias, 

results when only observations with complete data are used to 

estimate the model and incomplete data observations are 

excluded from the sample. The first bias is examined by 

comparing probit estimates for a financial distress model to 

estimates from an adjusted probit assessment of the model 

across alternative samples designed to induce increasing 

amounts of the bias. Zmijewski found that the bias did not 
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affect the statistical inferences or the overall 

classification rates for the financial distress model and the 

samples tested. The second bias is examined by comparing 

probit estimates of a financial distress model conditional on 

complete data to estimates from a bivariate probit assessment 

of the model which incorporates the probability of an 

observation having complete data into the estimation of the 

financial distress model parameters. The bivariate probit 

model consists of two probit equations, the financial 

distress equation and the complete data equation. The results 

indicated that the bias did not affect the statistical 

inferences or the overall classification rates. 

Empirical Studies Used to Evaluate the Usefulness 
of Alternative Accounting Methods 

Prediction of business failure has been used also as a 

criterion for evaluating the usefulness of alternative 

accounting methods and of alternative measures of a firm's 

performance. One would expect those who set Standards to be 

interested in these issues because they provide objective 

benchmarks by which to judge the predictive success of 

accounting alternatives. 

Beaver (7) used a univariate predictive model to 

evaluate the usefulness of alternative definitions of liquid 

assets such as cash, quick assets, current assets, and 

working capital. He found that ratios based on the working 
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capital and cash definitions were better predictors of 

failure than ratios based on the other two definitions. 

Elam (13) found the predictive ability of both univari-

ate and multivariate models unimproved by including capita-

lized lease data in the financial statements. Altman (4), 

however, raised several issues about Elam's research design 

that cloud the validity of his findings. 

Ketz's study (17) tested the hypothesis that discriminatory 

power would increase when bankruptcy prediction was based on 

price-level-adjusted data rather than on historical cost 

data. He found that the methods are equivalent when judging 

from the use of R square, or the overall error rates, or the 

error rates of misclassifying nonfailed firms as criteria; 

but the general price level procedure performs better in 

terms of the error rate of misclassifying failed firms. This 

is important because the expected cost to an investor when a 

failed firm is misclassified as a nonfailed firm is very 

high. Ketz measured the expected cost to the investor of 

misclassification according to this equation: 

ECk = (Pf*Rf*Cf) + (Pnf*Rnf*Cnf) 

where 

ECk = expected costs of misclassification of valuation 

model k; 

P = prior probability of failed and nonfailed 

R = error rates of misclassified failed and nonfailed 

f ims 
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C = the cost of misclassification of failed and 

nonfailed firms 

Norton and Smith (20) also tested the hypothesis that 

discriminatory power would increase when bankruptcy predic-

tion was based on price-level-adjusted data (GPL) rather than 

on historical-cost data (HC). They found little difference in 

the accuracy of the predictions of failure based on either 

set of data. However, Solomon and Beck (23) said that Norton 

and Smith failed to find support for the price-level alterna-

tive due to design problems. Norton and Smith failed to 

examine the possible usefulness of GPL data as a supplement 

to HC data rather than as a substitute. 

Mensah (19), like Norton and Smith, tested the hypothe-

sis that discriminating power would increase when bankruptcy 

prediction was based on replacement-cost data rather than on 

historical-cost data. Mensah used specific price indices 

(SPL) to measure replacement cost. He tested SPL data as 

supplementary data to HC. Bankruptcy prediction models were 

derived from a matched pair sample using multiple discrimin-

ant analysis and logit analysis. He found that SPL data did 

not improve the bankruptcy prediction. The study, however, 

has some limitations. For instance, the conclusions depend on 

the SPL adjustment procedures applied. A different conclusion 

might be reached if current-cost data supplied under SFAS No. 

33 (14) were used instead of the SPL procedures. In addition, 
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the size of the ex ante sample was small, therefore conclusions 

might not be generalizable. 

Conclusions Based on a Review of 
Bankruptcy Studies 

Several conclusions can be drawn from a review of the 

previously described studies: 

1. Financial ratios are useful in bankruptcy predictions. 

2. Multivariate discriminant analysis appears to be the 

tool that provides the most meaningful bankruptcy predictions 

when a set of financial ratios are used as the predictors. 

3. Accountants have applied the bankruptcy prediction 

research method to make a partial evaluation of the usefulness 

of alternative accounting measures and valuation methods. 

4. Researchers have used general price indices to adjust 

HC data. No empirical studies using current-cost data 

provided by SFAS No. 33 disclosures have been published to 

date. 
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CHAPTER III 

RESEARCH METHODS 

This research empirically examines the usefulness of GPL 

and CC information as compared to HC information for the 

purpose of computing financial ratios used in bankruptcy 

prediction models. The study also examines the usefulness of 

GPL data versus CC data when each supplements HC information. 

In addition, the study examines the usefulness of the three 

information systems combined in one model (HC, GPL, and CC) 

versus HC data in predicting bankruptcy. The study focuses on 

the predictability of business failure using financial ratios 

as predictors. 

The research methods employed are explained in some 

detail in the following sections. 

Statement of Hypotheses 

The null hypothesis used is as follows: 

1. Ho: There is no significant difference in the ability 

to discriminate bankrupt from nonbankrupt firms when using 

financial ratios computed with GPL data or ratios computed 

with HC data. 

30 
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Since GPL data under SFAS No. 33 (17) are to be disclo-

sed on a supplementary basis, the power of alternative models 

where GPL supplements HC can be compared to models using only 

HC data. Solomon and Beck (30) pointed out that Norton and 

Smith's study failed to examine the possible usefulness of 

GPL data when it is used to supplement HC. Therefore the 

second null hypothesis to be tested is as follows: 

2. Ho: There is no significant difference in the ability 

to discriminate bankrupt from nonbankrupt firms when using a 

model that combines GPL and HC or a model that uses only HC 

data. 

For ex ante predictive accuracy of the respective 

models, the following null hypotheses are tested: 

1. Ho: There is no significant difference in the ability 

to predict bankruptcy in firms when using financial ratios 

computed with GPL data or ratios computed with HC data. 

2. Ho: There is no significant difference in the ability 

to predict bankruptcy in firms when using of the combined 

HC/GPL model or the HC model alone. 

For CC data the null hypotheses are as follows: 

1. Ho: There is no significant difference in the ability 

to discriminate bankrupt firms from nonbankrupt firms when 

using financial ratios computed with CC data or ratios 

computed with HC data. 

2. Ho: There is no significant difference in the ability 

to discriminate bankrupt firms from nonbankrupt firms when 
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using a model that combines CC and HC data or a model with HC 

data alone. 

For ex ante predictive accuracy of the respective 

models, the following null hypotheses are to be examined: 

1. Ho: There is no significant difference in the ability 

to predict bankruptcy in firms when using CC data or HC data. 

2. Ho: There is no significant difference in the ability 

to predict bankruptcy in firms when using the combined HC/CC 

model or the HC model alone. 

To compare the use of GPL data as a supplement to HC 

*^ta with the use of CC data as a supplement to HC data or 

with the model that combines HC, GPL, and CC, data the 

following hypothesis is tested: 

1. Ho: There is no significant difference in the ability 

to discriminate bankrupt from nonbankrupt firms when using a 

model that combines GPL and HC data or the model that 

combines CC and HC data. 

2. Ho: There is no significant difference in the ability 

to discriminate bankrupt from nonbankrupt firms when using a 

model that combines GPL and HC data or the model that 

combines HC, GPL, and CC data. 

3. Ho: There is no significant difference in the ability 

to discriminate bankrupt from nonbankrupt firms when using a 

model that combines CC and HC data or the model that combines 

HC, GPL, and CC data. 
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For ex ante predictive accuracy of the respective 

models, the following null hypothesis is tested: 

1. Ho: There is no significant difference in the ability 

to predict bankruptcy in firms when using a model that 

combines GPL and HC data, or the model that combines CC and 

HC data. 

2. Ho: There is no significant difference in the ability 

to predict bankruptcy in firms when using a model that 

combines GPL and HC data, or the model that combines HC, GPL, 

and CC data. 

3. Ho• There is no significant difference in the ability 

to predict bankruptcy in firms when using a model that 

combines CC and HC data, or the model that combines HC, GPL, 

and CC data. 

Research Design 

A quasi-experimental design is used in this study since 

the researcher has no control over the occurrence of the 

dependent variable (bankruptcy or nonbankruptcy). A matched-

pair design is applied to select a set of nonbankrupt firms 

order to control for outside economic factors that might 

create financial difficulties for both bankrupt and nonbankr-

upt firms. 

The objective of the research design is to judge the 

usefulness of GPL and CC information in predicting bankrupt-

cy. The research design in its general form is as follows: 
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Experimental group (bankrupt firms) X Y 

Control group (nonbankrupt firms) x' Y' 

^ financial ratio information for bankrupt firms for 

one, two, and three years before failure 

X' = financial ratio information for nonbankrupt firms 

for one, two, and three years 

Y = dependent variable representing failure 

Y' = dependent variable representing nonfailure 

The Samples and Data Collection Procedures 

Identification of Failed Firms 

Data collection for bankrupt firms requires a definition 

of failure and specifications of the population from which 

firms are to be drawn. In this study, failure is defined as 

filing a bankruptcy petition under the Federal Bankruptcy Act 

(Chapter X, Chapter XI, or straight bankruptcy). The populat-

ion boundaries for this study are the following: 

a) firms that failed during the period 1979 to 1984 

b) firms whose shares were traded on some stock exchange 

c) firms that were classified as industrial 

d) firms whose financial statements were available for 

the three years prior bankruptcy 

The first criterion is chosen simply because it is the 

most recent period. The second criterion excludes small or 

privately held corporations. This criterion is crucial in 

order to use COMPUSTAT as a source of nonbankrupt firms. The 
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third criterion excludes utilities, transportation companies, 

snd finance companies. Companies in these industries are 

structually unique. Including firms that are structually 

different from most would distort the normal range of the 

financial ratios used as independent variables. The list of 

the qualifying firms was obtained from Dun and Bradstreet, 

Inc. A total of twenty firms fulfilled the sample selection 

criteria. 

Identification of Nonfailed Firms 

A matched pair design is used to select a set of 

nonbankrupt companies. Previous researchers (16, 6, 7) advise 

care when choosing a sample of nonbankrupt firms to complem-

ent the bankrupt firms. 

To control for industry— and economy—wide effects, the 

nonfailed firms are matched with the failed firms for 

industry, size, fiscal year, and the internal accounting 

methods used for depreciation computations and inventory 

valuation. The nonfailed firms are chosen from COMPUSTAT. 

Industry is defined as the three-digit SIC enterprise code 

for each firm. SIC enterprise codes are a modification of the 

Standard Industrial Classification. Since some firms change 

industrial classifications over time, the industry classific-

ation in the year of failure is used for each failed firm and 

its matching nonfailed firm. 
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Matching by asset size is based on the assets of the 

failed firms within a given industry. The nonbankrupt firm 

with the asset size most similar to its bankrupt counterpart 

is chosen. Asset size, rather than net sales, is chosen as 

the matching criterion since it tends to be more stable 

across time. The matched pair "t" test is used to test 

whether the difference in the assets of the failed and non-

failed firms is significantly different from zero. The result 

indicates that the differences are not significant. 

Data Collection 

Financial statement data are collected for the sample 

firms for three years. A three-year time period is chosen 

because GPL and CC data are available for three years. The 

primary sources of information for financial statements for 

the bankrupt and nonbankrupt firms were 10-K financial 

statements and annual reports available at the Microfilm 

Division of North Texas State University's library and Texas 

Women's University's library and the public library at 

Dallas, Texas. 

Variables 

In the absence of a theory of corporate failure, empirical 

researchers Altman (1, 2), Dambolena (12), Deakin (13), 

Edmister (14), Elam (16), Ketz (19), Norton and Smith (27), 

Ohlson (28), and Zavgren (31) have chosen variables for 

inclusion in models in an ad hoc fashion. Therefore, thirty 



37 

five financial ratios are selected on the basis of popularity 

in the literature and performance of the ratios in previous 

studies. These thirty five financial ratios are computed for 

each of the three years prior to bankruptcy after HC, and 

GPL, and CC financial statements are constructed. Table 1 

lists the financial ratios which are used in this study to 

form the basis of the bankruptcy prediction under nine 

standard ratio categories: short- and long-term liquidity, 

cash flow, short-and long-term capital productivity, profita-

bility, debt coverage and price level. 

A stepwise procedure is used to reduce the initial set of 

ratios to a more manageable level. The discriminant variables 

are selected for entry into the analysis on the basis of the 

discriminatory power that a specific variable adds to the 

function. The discriminatory power of the variable is 

measured by the degree to which observations cluster near 

their group centroid. Because ratios are developed from a 

common base of data, multicollinearity could arise and some 

ratios could have the same information contained in others. 

Multicollinearity, however, is not a problem in discriminant 

analysis since the predictive ability of the function is not 

affected. The intercorrelations among the variables may be 

used to enhance discriminatory power. Cochran (9, p. 184) 

shows that variables that are unimportant when used alone may 

be very important in combination with other variables and 
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that negative and positive correlations may be exploited to 

increase discriminatory power. 

Statistical Analysis 

The statistical problem in this study is one of 

classifying an observation into one of two classes, bankrupt 

nonbankrupt, based upon a number of financial ratio 

variables. The two statistical models most often used for 

classifying bankrupt and nonbankrupt firms are multiple 

discriminant analysis and logistic regression analysis. One 

of the purposes of this study is to compare and contrast 

these two models and evaluate each for power, robustness, and 

applicability. 

Multiple Discriminant Analysis 

MDA is a statistical technique designed to classify an 

observation into one of several prior groupings. It is used 

primarily to classify and / or make predictions in problems 

where the dependent variable appears in qualitative form 

(e.g., male or female, bankrupt or nonbankrupt). In the 

current study, the problem is to classify firms as failed or 

nonfailed. The classification rules can be designed to 

minimize the probability of misclassification or the cost of 

misclassification or to optimize some other criterion. 

The linear format is appropriate if the variance-

covariance matrices are statistically identical. A multivar-

iate normal distribution in each of the populations with 



39 

Table 1 

Financial Ratios 

1. cash to current liabilities 
2. current assets to current liabilities 
3. current assets minus inventories to current liabilities 
4. working capital to total assets 

Cash Flow Ratios 

5. cash flow to current liabilities 
6. cash flow to sales 
7. cash flow to total assets 
8. cash flow to net worth 
9. cash flow to total liabilities 

10. cash flow to total interest 

Long-Term Solvency Ratios 

11. net worth to total liabilities 
12. net worth to long term liabilities 
13. net worth to total assets 
14. net worth to fixed assets 
15. net operting profit to interest 

Short-Term Capital Productivity Ratios 

16. sales to inventories 
17. sales to accounts receivables 
18. sales to working capital 
19. sales to current assets minus inventories 
20. sales to cash 

Profit Margin Ratios 

21. net operating profit to sales 
22. net income to sales 
23. interest to net income 

Long-Term Capital Productivity Ratios 

24. sales to fixed assets 
25. sales to total assets 
26. sales to net worth 
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TABLE I—Continued 

Return on Investment Ratios 

27. net income to net worth 
28. net operating profit to total assets 
29. net operting profit to total debt 

Debt Coverage 

30. current liabilities to total assets 
31. long-term liabilities to current assets 
32. total liabilities to total assets 

Price Level 

33. holding gains or losses to total assets 
34. holding gains or losses to net worth 
35. holding gains or losses to total liabilities. 

equal dispersion matrices is required for the linear format. 

If, however, the dispersion matrices are not identical, then 

the quadratic structure would provide the more efficient 

model. 

Since linear functions are easier to interpret and use, 

it is of interest to consider the possibility that in some 

cases, when the quadratic function is theoretically 

appropriate, the linear function may perform as well as the 

quadratic function. The linear function has been chosen over 

the quadratic function for the following reason: Gilbert (18) 

has found that the linear function and the quadratic function 

Produce results that become more alike as the distance 

between the centroids increases, as the difference between 
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the covariance matrices decrease, and as the number of 

variables in the model decreased. Marks and Dunn (24) have 

found that the linear model performs better than the 

theoretically appropriate quadratic model for small samples. 

Altman (3) has found that the level of accuracy achieved by 

the linear model is usually almost equal to that of the more 

complex quadratic function. Collins and Green (10, p. 183) 

state that in the bankruptcy context, two important 

assumptions of MDS are violated. The distribution of 

financial ratios is usually not normal, and the variability 

of the financial ratios of bankrupt firms is likely to be 

much different than that of nonbankrupt firms. MDA models, 

however, produce good results and are fairly robust to the 

violations of its assumptions created by problems in 

predicting bankruptcy. 

The general form of the linear multiple discriminant 

function is as follows: 

Zi = bl Xli + b2 X2i + + bm Xmi 

where 

Xji = the jth ratio for firm i 

bj = the discriminant coefficient for jth ratio 

Zi = the discriminant scorce of firm i 

The firms are classified on the basis of their Z-scores 

as belonging to one of two mutually exclusive groups: 

bankrupt or nonbankrupt. Six discriminant functions are 

developed for each year prior to bankruptcy. The first 
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function is based upon the HC financial ratios, the second is 

based upon the ratios from GPL data, the third is based upon 

HC and GPL as a combined model, the fourth is based upon CC 

data and the fifth is based upon HC and CC as a combined 

model, and the sixth is based upon HC, GPL, and CC as a 

combined model. 

Logistic Regression Analysis 

An alternative model to the MDA is logistic regression 

analysis (LRA), a parametric technique that assumes the 

applicability of a logistic curve. LRA thus permits a 

departure from the normality assumption made when MDA is 

used. Anderson (4) has pointed out that the logistic 

formulation results not only from assuming that the 

explanatory variables are multivariate normally distributed 

with equal covariance matrices, but also from assuming that 

the explanatory variables are independent and dichotomous 

zero-or-one variables. 

LRA has been used in several corporate failure models: 

Chesser's study of commerical loan noncompliance (8), 

Martin's study of the probability of bank failure (25), 

Santomero and Vinso's analysis of the failure of commercial 

banks (29), Ohlson's study of the probability prediction of 

bankruptcy (28), Mensah's study of the differential 

bankruptcy predictive ability of specific price-level 

adjustments (26), and Zavgren's study of the relationship 
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between financial failure and certain attributes of 

industrial firms (31). 

Logistic regression models are usually formulated 

mathematically by relating the probability of some event, E, 

occurring, conditional on a vector, X, of explanatory 

variables. A cumulative probability distribution assumption 

is needed in order to constrain the predicted values to 

comply with the acceptable (0, 1) limiting values of 

probability distributions. The coefficient of each variable 

can be interpreted as the effect of a unit change in an 

independent variable on the probability of the dichotomous Y 

variable. 

The general form of the logistic regression function is 

as follows: 

P(E/X) = 1/(1 + exp(-& -BXin)) 

where 

P(E/X) = the probability of event for any given Xi and 

B 

P = some probability function, 0 < P < 1 

Xi = a vector of predictors for the i observation. 

&, B = a vector of unknown parameters that are 

estimated from the data 
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Selection and Ranking of Variables 
in Multivariate Models 

Five methods of choosing variable subsets and of ranking 

the importance of variables have been suggested in the 

literature as follows. 

1. Univariate F statistic.—The higher the univariate F 

statistic, the more important the variable. A univariate F 

ratio indicates the ability of each ratio individually to 

predict group membership. The models developed in this 

approach do not necessarily give the most accurate 

predictions of bankruptcy, even in the first year, because 

the univariate F ratio indicates only the individual 

information value of a ratio. According to Cochran (9, p. 

182) a ratio may be a very good predictor by itself but not 

be useful when included in a multivariate model. 

2. Stepwise Selection 

a. Completely exhaustive stepwise selection selects the 

variable set that maximizes the distance between the 

centroids. 

b. Backwards stepwise selection eliminates the variable 

that causes the smallest reduction in the distance between 

the centroids. The variables eliminated first are the least 

important. 
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c. Forward stepwise selection adds the variable that 

causes the greatest increase in the distance between the 

centroids. The variables chosen first are the most important. 

3. Conditional Deletion.—From the full variable set, one 

variable is eliminated to assess its effect on the distance 

between the centroids, repeating this analysis for each var 

iable. The importance of the variables is determined by the 

decrease in the distance between the centroids when the 

variable is eliminated. Kshirsagar (20, pp. 205-213) has 

suggested using of the conditional deletion method to measure 

the significance of the coefficients in a discriminant model. 

4. Scaled discriminant coefficient.—The discriminant 

coefficient for each variable is multiplied by the standard 

deviation of that variable. The absolute value of the 

coefficient for a particular variable is considered as an 

indication of the percentage of predictive ability 

attributable to that variable. 

5. Trial and Error.—Variable sets that minimize 

classification errors are chosen. This would involve 

developing a model for each proposed variable set to 

determine the percentage of firms misclassified. 

The first four methods are based on maximizing the 

distance between the centroids, given normally distributed 
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variables with equal dispersion matrices. Only the last 

method gives explicit consideration to classification rate. 

A limited amount of empirical work has been done on the 

performance of these rules in choosing variable subsets and / 

or evaluating the importance of variables. Altman and 

Eisenbeis (3, p. 190) have pointed out that the various 

methods may yield the same rankings of the variables that are 

uncorrelated. Eisenbeis and Avery report that there is some 

agreement that the best method of choosing a subset of 

variables is complete exhaustive stepwise selection (15). 

Therefore exhaustive stepwise selection is used in this 

study. 

Method of Assessing Error Rates 
in Multivariate Analysis 

Lachenbruch and Mickey (24) have suggested three sample 

based methods for estimating misclassification rates as 

follows. 

1. Resubstitution methods.—The observations used to generate 

the model are substituted into the model, and the percentage 

misclassified is used as an estimate of future error rates. 

2. Holdout sample.—The available sample is divided into two 

groups, one to design the model and the second to test it. 

The misclassification rate for the second group is the 

estimate of future error rates. 
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3. Lachenbruch holdout method.—A model is constructed with 

n - 1 observations and the observation omitted is predicted. 

Repeat this procedure n times and use the percentage 

misclassified as an estimate of the future error rate. 

The resubstitution method tends to underestimate the 

probability of misclassification unless the sample is very 

large relative to the number of variables in the model. The 

holdout sample approach also requires a fairly large sample. 

The estimated misclassification rates relate to the 

discriminant function based on a subsample may differ from 

the misclassification rates for a function based on the 

complete sample. The Lachenbruch holdout method yields 

unbiased estimates of the misclassification rates (23, 

p.640). On the basis of Monte Carlo experiments, Lachenbruch 

and Mickey (24, p. 3) have suggested using the Lachenbruch 

holdout method if normality is questionable and if the sample 

size is small relative to the number of variables. Therefore, 

the Lachenbruch holdout method is used to estimate 

misclassification rates in this study. 

Tests of Statistical Significance 

Wilk's Lambda 

The significance of each of the discriminant functions 

are measured using Wilk's Lambda. This statistic is used to 

test the hypothesis that the mean of the ratio vectors for 

each group are equal. Wilk's Lambda can be converted to an F 
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value. The F ratio is then used to indicate the probability 

of a significant separation between the scores of failed and 

nonfailed firms. 

Chi Square Test 

A chi square test is used to determine whether the 

difference in the predictive accuracy of two variables or 

models is significant. This test has been used by Elam (16) 

and Mensah (26) in comparing the predictive accuracy of 

models constructed from different data. The large sample 

distribution of the T statistic is approximately a chi square 

with one degree of freedom. Conover (11/ p. 142) expresses 

the T statistic as follows: 

T = N(nll.n22 - nl2.n21)square/nl.n2(nil + n21)(nl2 + 
n22) 

where 

nij = number of firms in group j classified by method i 

i = 1 GPL or HC/GPL 
2 HC 

j = 1 correct classification 
2 incorrect classification 

nl = total number of companies classified 
by method GPL 

n2 = total number of companies classified 
by method HC 

N = Sum of nl and n2 

The null hypothesis that model 1 is not different from 

model 2 is rejected at significance level alpha if T is 

greater than the (1-alpha) quintile of the chi square 
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distribution with one degree of freedom (a two-tailed chi 

square test). 
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CHAPTER IV 

ANALYSIS AND RESULTS 

The purpose of this chapter is to present the results of 

tests conducted to compare the usefulness of GPL information, 

CC information, and HC information in predicting business 

failure. Two multivariate statistical techniques, multiple 

discriminant analysis (MDA) and logistic regression analysis 

(LRA), are applied to derive the ex-post classification and 

the ex-ante prediction results. This chapter is divided into 

two major sections. The first is devoted to the evaluation 

of the multiple discriminant analyses and the second to the 

investigation of the results of the logistic regression 

analysis. 

Multiple Discriminant Analysis 

The program employed to develop the multiple 

discriminant functions is the statistical package for the 

Social Sciences (SPSSX) (9). Six discriminant functions are 

derived as follows: 

1. function based on ratios computed with HC 

information 

2. function based on ratios computed with GPL 

information 
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3. function based on ratios computed with CC 

information 

4. function based on a model that combines ratios 

computed with both HC and GPL information 

5. function based on a model that combines ratios 

computed with both HC and CC information 

6. function based on a model that combines ratios 

computed with information from HC, GPL, and CC 

The same analysis is performed for three time bases, one 

year, two years, and three years before bankruptcy. 

A stepwise selection method is used in developing the 

six discriminant functions. Therefore, all variables are 

never entered in any model at any time. The selection 

criterion is the minimization of Wilk's Lambda for all six of 

the discriminant functions. This method of selection is used 

by Norton and Smith (6) and Mensah (5). 

Results of Multiple Discriminant Analysis 

The classification results of multiple discriminant 

analysis for the six functions described above are presented 

in Tables II through VII. These tables show the actual group 

membership (number of firms bankrupt and number of firms 

nonbankrupt), the classified group membership (number of 

firms classified correctly as bankrupt and nonbankrupt), the 

percentage group membership correctly classified, and the 

overall percentage of firms correctly classified. The 
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overall percentage of firms correctly classified is computed 

as the number of firms correctly classified divided by the 

total number of firms classified. The information in Tables 

II through VII is obtained directly from the classification 

matrices of the multiple discriminant package output. A 

brief discussion of these tables is presented below. 

Table II presents the ex-post classification results of 

MDA for the HC model. The overall percentages of correct 

classification in the table indicate that the HC model 

produces better classification rates in year two and year 

three prior to bankruptcy than it does in year one (85 

percent in year two, 82.5 percent in year three, and 77.50 

percent in year one). 

TABLE II 

THE HC CLASSIFICATION RESULTS 
OF DISCRIMINANT ANALYSIS 

No. of 
B Firms 
or No. of Correctly Overall 

Year N Firms Classified Percentage Percentage 

1 B 20 15 75.0 
N 20 16 80.0 77.50 

2 B 20 16 80.0 
N 20 18 90.0 85.00 

3 B 20 18 90.0 
N 20 15 75.0 82.50 

B - Bankrupt 
N - Nonbankrupt 
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The GPL classification results of MDA is presented in 

Table III. The results indicate that the overall percentages 

of correct classification are better in the first year (85 

percent) than in the third year (75 percent) or in the second 

year (82.5 percent) before bankruptcy. 

TABLE III 

THE GPL CLASSIFICATION RESULTS 
OF DISCRIMINANT ANALYSIS 

No. of 
B Firms 
or No. Of Correctly Overall 

Year N Firms Classified Percentage Percentage 

1 B 20 17 85.00 
N 20 17 85.00 85.00 

2 B 20 16 80.00 
N 20 17 85.00 82.50 

3 B 20 15 75.00 
N 20 15 75.00 75.00 

B - Bankrupt 
N - Nonbankrupt 

Table IV shows the CC classification results of MDA. 

The analysis in the table reveal that the overall percentages 

of correct classification are 72.5 percent in the first year, 

80 percent in the second year, and 77.5 percent in the third 

year. 
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TABLE IV 

THE CC CLASSIFICATION RESULTS 
OF DISCRIMINANT ANALYSIS 

No. of 
B Firms 
or No. Of Correctly Overall 

Year N Firms Classified Percentage Percentage 

1 B 20 14 70.00 
N 20 15 75.00 72.50 

2 B 20 16 80.00 
N 20 16 80.00 80 .00 

3 B 20 16 80.00 
N 20 15 75.00 77.50 

B - Bankrupt 
N - Nonbankrupt 

The results of the combined HC and GPL model are 

presented in Table V. The results indicate that when the HC 

and GPL ratios combined into a single model, the discriminant 

functions are slightly improved as compared to either the HC 

model or GPL model. The overall percentages of correct 

classification of the combined HC and GPL model are 82.5 

percent in the first year, 87.5 percent in the second year, 

and 85 percent in the third year prior to bankruptcy. 
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TABLE V 

THE COMBINED HC AND GPL MODEL CLASSIFICATION 
RESULTS OF DISCRIMINANT ANALYSIS 

No. of 
B Firms 
or No. of Correctly Overall 

Year N Firms Classified Percentage Percentage 

1 B 20 17 85.00 
N 20 16 80 .00 82.50 

2 B 20 17 85.00 
N 20 18 90.00 87.50 

3 B 20 17 85.00 
N 20 17 85.00 85.00 

B - Bankrupt 
N - Nonbankrupt 

Table VI presents the combined HC and CC classification 

results of MDA. The analysis reveals that the combined HC 

and CC model outperforms the HC model in discriminating 

between failed and nonfailed firms. The overall 

classification results are 95 percent in year one, 97.5 

percent in year two, and 95 percent in year three before 

bankruptcy. 
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TABLE VI 

THE COMBINED HC AND CC MODEL CLASSIFICATION 
RESULTS OF DISCRIMINANT ANALYSIS 

No. of 
B Firms 
or No. of Correctly Overall 

Year N Firms Classified Percentage Percentage 

1 B 20 20 100.00 
N 20 18 90.00 95.00 

2 B 20 19 95.00 
N 20 20 100.00 97.50 

3 B 20 19 95.00 
N 20 19 95.00 95.00 

B - Bankrupt 
N - Nonbankrupt 

Table VII shows that the combined HC, GPL, and CC model 

produces superior results compared to the HC model. The 

overall percentages of correct classification of the combined 

HC, GPL, and CC model are 92.5 percent in the first year, 100 

percent in the second year, and 97.5 percent in the third 

year prior to bankruptcy. 
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TABLE VII 

THE COMBINED HC/GPL/CC CLASSIFICATION 
RESULTS OF DISCRIMINANT ANALYSIS 

No. of 
B Firms 
or No. of Correctly Overall 

Year N Firms Classified Percentage Percentage 

1 B 20 19 95.00 
N 20 18 90.00 92.50 

2 B 20 20 100.00 
N 20 20 100.00 100.00 

3 B 20 20 100.00 
N 20 19 95.00 97.50 

B - Bankrupt 
N - Nonbankrupt 

To evaluate the overall classification results of the 

above models, two different approaches are undertaken in this 

study. The first approach evaluates the overall percentages 

of firms correctly classified in each year by each model, 

based on descriptive analysis to determine which model has a 

better classification rate. The second approach examines the 

statistical significance of the overall percentage of firms 

correctly classified in each year by each model to determine 

whether a significant difference exists in the ability to 

discriminate between bankrupt and nonbankrupt firms. 
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Descriptive Analysis of 
the Classification Results of MDA 

The overall percentages of firms correctly classified in 

Table VIII reveal that the combined HC and CC model produces 

better classification in year one (95.00 percent correct 

classification) while the combined HC, GPL, and CC model 

produces 92.5 percent correct classification in year one, the 

GPL model 85 percent, the combined HC and GPL model 82.5 

percent, the HC model 77.5 percent, and the CC model 72.5 

percent. 

TABLE VIII 

SUMMARY OF THE OVERALL 
CLASSIFICATION RESULTS 

HC GPL CC HC/GPL HC/CC HC/GPL/CC 
Year Model Model Model Model Model Model 

1 77.50 85.00 72.50 82.50 95.00 92.50 

2 85.00 82.50 80.00 87.50 97.50 100.00 

3 82.50 75.00 77.50 85.00 95.00 97.50 

In year two, the combined HC, GPL, and CC model produces 

superior results (100 percent correct classification), while 

the combined HC and CC model produces 97.5 percent correct 

classification in year two, the combined HC and GPL model 

87.5 percent, the HC model 85 percent , the GPL model 82.5 

percent, and the CC model 80 percent. 
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In year three, the combined HC, GPL, and CC model shows 

the best results (97.50 percent correct classification), 

while the combined HC and CC model produces 95 percent 

correct classification in year three, the combined HC and GPL 

model 85 percent, the HC model 82.5 percent, the CC model 

77.5 percent, and the GPL model 75 percent. 

From this initial analysis, Table VIII reveals that the 

combined HC, GPL, and CC model provides in average more 

information than the other models. The model produces 100 

percent correct classification in year two, 97.50 percent in 

year three, and 92.50 percent in year one. This means that 

GPL and CC information are useful as supplemental information 

to HC information. 

Statistical Analysis 
of the Classification Results of MDA 

To determine whether a significant difference exists in 

the ability of the six models to discriminate bankrupt from 

nonbankrupt firms, a chi square test is used to test whether 

the difference in the classification predictive accuracy 

between any two models is significant. This test is used by 

Elam (1) and Mensah (5) in comparing the predictive accuracy 

of two models constructed from different data. The test is 

repeated several times in order to perform all possible 

comparisons for the classification accuracy of the six 

models. The results of these comparisons are described below. 
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1. The HC model vs. the GPL model.—Table IX presents a 

comparison of discriminant hypotheses testing between the HC 

model and GPL model. The results indicate that there are no 

significant differences in the overall percentages of correct 

classifications derived from the two models in the three 

years before bankruptcy. 

TABLE IX 

COMPARISON OF DISCRIMINANT HYPOTHESIS 
TESTING BETWEEN HC AND GPL MODELS 

Year 

HC 
Correct 

Classification 

GPL 
Correct 

Classification 
Computed 

X2 

Critical 
Values 

X2 Result 

1 31 34 .738 3.84 F 

2 34 33 .092 3.84 F 

3 33 30 .672 3.84 F 

X2 - chi square 
F - Fail to reject 

2. The HC model vs. the combined HC/GPL model.—When HC 

is combined with GPL in a single model, it does not 

significantly improve the overall classification rates as 

compared to the HC model. The results in Table X show that 

the difference in discriminant power is not significant in 

any of the three years before bankruptcy. 
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TABLE X 

COMPARISON OF DISCRIMINANT HYPOTHESIS TESTING 
BETWEEN HC AND COMBINED HC AND GPL MODELS 

Year 

HC 
Correct 

Classification 

HC/GPL 
Correct 

Classification 
Computed 

X2 

Critical 
Values 

X2 Result 

1 31 33 .313 3.84 F 

2 34 35 .105 3.84 F 

3 33 34 .092 3.84 F 

X2 - chi square 
F - Fail to reject 

3. The HC model vs. the CC model.—The data in Table XI 

present a comparison of the ability of the CC model and the 

HC model to discriminate between bankrupt and nonbankrupt 

firms. The results reveal that there are no significant 

differences in the discriminating ability of the two models 

in any of the three years before bankruptcy. 

TABLE XI 

COMPARISON OF DISCRIMINANT HYPOTHESIS 
TESTING BETWEEN HC AND CC MODELS 

Year 

HC 
Correct 

Classification 

CC 
Correct 

Classification 
Computed 

X2 

Critical 
Values 

X2 Result 

1 31 29 .267 3.84 F 

2 34 33 .346 3.84 F 

3 33 31 .313 3.84 F 

X2 - chi square 
F—Fail to reject 



65 

4* T he HC model vs. the combined HC/CC model.—When the 

HC is combined with the CC in a single model, it outperforms 

the HC model in discriminating between bankrupt and 

nonbankrupt firms. The results in Table XII indicate that the 

differences in discriminant power are significant in each of 

the three years before bankruptcy. 

TABLE XI 

COMPARISON OF DISCRIMINANT HYPOTHESIS TESTING 
BETWEEN HC AND COMBINED HC/CC MODELS 

Year 

HC 
Correct 

Classification 

HC/CC 
Correct 

Classification 
Computed 

X2 

Critical 
Values 

X2 Result 

1 31 38 5.165 3.84 R* 

2 34 39 3.914 3.84 R* 

3 33 38 3.130 2.71 R** 

R* Reject at Alpha .05 
R** Reject at Alpha .10 

5. The combined HC/GPL model vs. the combined HC/CC 

model.—Table XIII presents a comparison between the 

performance of the model that combines HC with GPL and the 

performance of the model that combines HC with CC. The 

results indicate that the HC and CC model produces a 

classification rate superior to that of the HC and GPL model. 

The differences in discriminating power are significant in 
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for years one and two, and at 15 percent for year three. 
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TABLE XIII 

COMPARISON OF DISCRIMINANT HYPOTHESIS TESTING BETWEEN 
COMBINED HC/GPL AND COMBINED HC/CC MODELS 

Year 

HC/GPL 
Correct 

Classification 

HC/CC 
Correct 

Classification 
Computed 

X2 

Critical 
Values 

X2 Result 

1 33 38 3.130 2.71 R* 

2 35 39 2.883 2.71 R* 

3 34 38 2.222 2.18 R** 

R* Reject at Alpha 10% 

R** Reject at Alpha 15% 

6. The HC model vs. the combined HC/GPL/CC model.—The 

data in Table XIV reveal that the model that combines HC, 

GPL, and CC data outperforms the HC model. The difference in 

performance is significant in each of the three years before 

bankruptcy. 

TABLE XIV 

COMPARISON OF DISCRIMINANT HYPOTHESIS TESTING BETWEEN 
HC AND COMBINED HC/GPL/CC MODELS 

Year 

HC 
Correct 

Classification 

HC/GPL/CC 
Correct 

Classification 
Computed 

X2 

Critical 
Values 

X2 Result 

1 31 37 3 .529 2.71 R** 

2 34 40 6.486 3.84 R* 

3 33 39 5.000 3.84 R** 

R* Reject at Alpha 5% 
R** Reject at Alpha 10% 
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7. The combined HC/CC model vs. the combined HC/GPL/CC 

models.—When the test of statistical significance is made to 

evaluate the performance of the model combining HC and CC 

compared to that of the model combining HC, GPL, and CC, the 

results in Table XV reveal that the differences are not 

significant in any of the three years before bankruptcy. 

TABLE XV 

COMPARISON OF DISCRIMINANT HYPOTHESIS TESTING BETWEEN 
COMBINED HC/CC AND COMBINED HC/GPL/CC MODELS 

HC/CC HC/GPL/CC Critical 
Correct Correct Computed Values 

Year Classification Classification X2 X2 Result 

1 38 37 .213 3.84 F 

2 39 40 1.013 3.84 F 

3 38 39 .346 3.84 F 

F - Fail to reject 

Table XVI presents a summary of the paired comparisons 

of various discriminant functions. The results reveal that 

the combined HC and CC model outperforms the HC model and the 

combined HC and GPL model in its ability to discriminate 

between bankrupt and nonbankrupt firms. The tests of 

significance indicate that the differences in discriminating 

power between the model that combines HC and CC and the HC 

model are significant in all of the three years before 

bankruptcy. The tests of significance also reveal that the 
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differences in discriminating power between the model that 

combines HC and CC and the model that combines HC and GPL are 

significant in all of the three years before bankruptcy. 

TABLE XVI 

SUMMARY OF THE STATISTICAL ANALYSES 
AMONG THE DISCRIMINANT FUNCTIONS 

Discriminant Functions 

Year prior Bankruptcy Selected 
1 2 3 Model 

1. HC vs. GPL F F F HC 

2. HC vs. CC F F F HC 

3. HC vs. HC/GPL F F F HC 

4. HC vs. HC/CC R* R* R# HC/CC 

5. HC/GPL vs. HC/CC R# R# R+ HC/CC 

6. HC vs. HC/GPL/CC R# R* R* HC/GPL/CC 

7. HC/CC VS. HC/GPL/CC F F F HC/CC 

R* - Reject at alpha 5% 
R# - Reject at alpha 10% 
R+ - Reject at alpha 15% 

The tests of significance also show that the differences 

between the combined HC, GPL, and CC, model and the HC model 

are significant in each of the three years before bankruptcy. 

However, the tests reveal no significant differences between 

the model that combines HC and CC and the model that combines 

HC, GPL, and CC in discriminating ability between bankrupt 

and nonbankrupt firms in each of the three years before 
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bankruptcy. The tests also show that the differences in 

discriminating power between the HC model and the GPL model 

or between the HC model and the CC model or between the HC 

model and the model that combines HC and GPL are not 

significant in each of the three years before bankruptcy. 

The results of this analysis show that when the GPL 

information is combined with the model that combines HC and 

CC information, the discriminating functions are not improved 

compared to the model that combines HC and CC. This may 

indicate that GPL information is not useful as a supplement 

to HC information in discriminating between bankrupt and 

nonbankrupt firms. These results support FASB's decision in 

selecting CC as supplementary information to HC as specified 

in SFAS No. 82 (2). These results also support the findings 

of previous research by Ketz (3)f Norton and Smith (6), and 

Mensah (5). 

Variable Selections in the 
Discriminant Functions 

Stepwise discriminant analysis is used to determine the 

optimal set of discriminant variables, based on Wilk's Lambda 

Criteria (i.e., the variable that minimizes the overall 

Wilk's Lambda for the discriminant function is entered in the 

model). The selected variables are then ranked according to 

their standardized coefficients. The variable with the 

highest absolute standardized coefficient is ranked as the 
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one with the highest contribution to the discriminant 

function. These coefficients are useful because they 

indicate the relative importance of variables in the 

discriminant function. Tables XVII through XXII show the 

variable selection for six discriminant functions in the 

three years before bankruptcy. 

Table XVII presents the variable selection in the HC 

discriminant function in the three years before bankruptcy. 

The results indicate that the initial thirty-two financial 

ratios are reduced to four ratios in the first year, seven 

ratios in the second year, and six ratios in the third year 

prior to bankruptcy. Net worth to total liabilities is the 

most important of the four financial ratios used to identify 

failed and nonfailed firms in the first year. Cash flow to 

total assets and net income to total liabilities rank most 

important in the second and third years before bankruptcy. 
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TABLE XVII 

HC DISCRIMINANT FUNCTION* 

Year Financial Ratios Rank S. C. 

1 1.02 Net worth to total liabilities 
Net worth to long-term liabilities 2 0.44 
Total interest to net income 
Cash flow to current liabilities 

3 0.40 
4 0.38 

Cash flow to total assets 1 n nA 

Total liabilities to total assets 2 -0.74 
Net income to total liabilities 3 -0.61 
Sales to working capital 4 0.58 
Sales to accounts receivable 5 U- D / 

Sales to quick assets 6 "S'to 
Total interest to net income 7 -U.J8 

Net income to total liabilities 1 ~?*cq 
Cash flow to total liabilities 2 1.58 
Cash flow to total interest 3 i'si 
Net income to sales 4 0.51 
Total interest to net income 5 "J: „ 
Cash flow to current liabilities 6 0.35 

S.C. - standardized coefficient 
* Discriminant function significant at .007 

The variable selection of the GPL discriminant function 

is presented in Table XVIII. The results reveal that 

stepwise discriminant analysis reduces the initial thirty 

financial ratios to eight ratios in the first and second 

year. In the third year, the initial ratios are reduced to 

five ratios. Cash flow to total liabilities ranks most 

important in the first year; net income to total liabilities 

is the most important ratio in the second and third year 

before bankruptcy. 
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Year 

TABLE XVIII 

GPL DISCRIMINANT FUNCTION* 

Financial Ratios Rank S. C.* 

1 2.48 Cash flow to total liabilities 
Sales to net worth 2 2*nf 
Net income to total liabilities 3 -2.06 
Holding gain to net worth 4 
Total interest to net income 5 -U.DZ 
Gross profit to sales 6 
Net worth to total liabilities 7 0.42 
Net worth to fixed assets 8 0.34 

1 -4.00 
2 3.76 

5 -1.38 
6 -0.94 
7 0.69 
8 0.43 

2 Net income to total liabilities 
Cash flow to fixed assets 
Net worth to fixed assets 3 ^*70 
Net income to sales j 
Working capital to total assets 
Cash flow to net worth 
Sales to working capital 
Holding gains to net worth 

3 Net income to total liabilities 1 -1.57 
Cash flow to total interest 2 1.33 
Cash flow to net worth 3 1.00 
Net worth to fixed assets 4 0.69 
Net income to sales 5 -0.56 

* S.C. - standardized coefficient 
** Discriminant function significant at .07 

The variable selection in the CC discriminant function 

in Table XIX shows that the initial thirty financial ratios 

are reduced to four ratios in the first and second years 

before bankruptcy. For the third year, the CC discriminant 

function selects eight ratios as the optimal set of the 

thirty discriminant variables. Cash flow to total 

liabilities ranks most important in years one and two before 
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bankruptcy. However, in year three, cash flow to total 

liabilities ranks fourth, and net worth to fixed assets ranks 

first in importance. 

TABLE XIX 

CC DISCRIMINANT FUNCTION* 

Year Financial Ratios Rank S. C. 

Cash flow to total liabilities 1 
Net income to total liabilities 2 
Net worth to total liabilities 3 
Long-term liabilities to total assets 4 

Cash flow to total liabilities 
Net income to total liabilities 
Working capital to total assets 
Cash flow to current liabilities 

Net worth to fixed assets 
Cash flow to total interest 
Net worth to total liabilities 
Net income to total liabilities 
Net income to sales 
Cash flow to net worth 
Working capital to total assets 
Sales to total assets 

1 
2 
3 
4 

1 
2 
3 
4 
5 
6 
7 
8 

1.77 
-1.15 
0 .60 
0.37 

2.46 
- 2 . 2 0 
1.34 
-0.76 

1.71 
1.56 
-1.11 
-0.95 
-0.84 
0.77 
0.45 
0.37 

* S.C. - standardized coefficient 
** Discriminant function significant at .001 

Table XX summarizes the variable selection of the 

combined HC and GPL model. The analysis indicates that the 

initial sixty-two financial ratios (32 for HC, 30 for GPL) 

are reduced to seven ratios, twelve ratios, and eight ratios 

in the first, second, and third year before bankruptcy. The 
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importance of the ratios in the discriminant function differs 

in each of the three years before bankruptcy. 

TABLE XX 

HC AND GPL DISCRIMINANT FUNCTION* 

Year Financial Ratios Rank S. C. 

(G) 
(G) 
(G) 

(H) 
(G) 
(G) 
(H) 

(H) 
(G) 
(G) 
(H) 
(H) 
(H) 
(H) 
(H) 
(G) 
(G) 
(H) 
(H) 

(G) 
(G) 
(H) 
(H) 
(G) 

Cash flow to current liabilities 
Sales to net worth 
Net income before interest to 
interest 
Net worth to total liabilities 
Net worth to fixed assets 
Total interest to net income 
Total interest to net income 

Cash flow to sales 
Cash flow to sales 
Net income to total liabilities 
Cash flow to total assets 
Net income to total assets 
Gross Profit to sales 
Sales to quick assets 
Sales to accounts receivable 
Current liabilities to total assets 
Cash flow to total interest 
Total interest to net income 
Sales to inventory 

Cash flow to total assets 
Net income to total liabilities 
Cash flow to total interest 
Cash flow to total assets 
Net worth to fixed assets 

(H) Net income to sales 
(H) Gross profit to sales 
(G) Holding gains to total assets 

1 1.18 
2 0.83 

3 -0.57 
4 0.53 
5 0.39 
6 0.32 
7 0.30 

1 -13.50 
2 11.57 
3 -3.85 
4 2.96 
5 2.51 
6 1.41 
7 -1.11 
8 0.94 
9 0.91 

10 0.54 
11 -0.44 
12 -0.41 

1 2.17 
2 1.97 
3 1.57 
4 -1.43 
5 0.71 
6 -0.66 
7 0.58 
8 0.43 

G - GPL; H - HC; S.C. - standardized coefficient. 
* Discriminant Function significant at .006. 
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The variable selections of the combined HC and CC model 

is presented in Table XXI. The initial sixty-two financial 

ratios (32 ratios for HC, 30 ratios for CC) are reduced to 

thirteen ratios, sixteen ratios, and seventeen ratios in the 

first, second, and third years prior to bankruptcy. The ranks 

of the selected variables differ in each year. 

TABLE XXI 

HC AND CC DISCRIMINANT FUNCTION* 

Year Financial Ratios Rank S. C. 

(C) Net income to total assets 1 -15.17 
(C) Gross profit to sales 2 
(H) Net income to total assets 3 
(H) Gross profit sales 4 
(C) Cash flow to total assets 5 4.79 
(C) Current liabilities to total 6 -3.03 

assets 
(H) Current liabilities to total 7 2.96 

assets 
(H) Sales to net worth 8 nnn 
(H) Sales to working capital 9 1.00 
(H) Sales, to quick assets 10 0.92 
(H) Net worth to total liabilities 11 0.69 
(C) Net income to sales 12 0.46 
(C) Holding gain to total liabilities 13 -0.34 

(H) Current assets to current 
liabilities 1 

(C) Net income to total liabilities 2 -4.50 
(C) Gross profit to sales 3 3.96 
(H) Cash flow to total liabilities 4 3.70 
(C) Working capital to total assets 5 3.12 
(C) Current assets to current 

liabilities 6 
(H) Gross profit to sales 
(H) Long-term liabilities to total 

assets 
(C) Net worth to fixed assets 9 -1.61 
(H) Sales to working capital 10 1.42 

7 -2.20 

8 -1.77 
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TABLE XXI—Continued 

(C) Cash flow to total assets 
(C) Total interest to net income 
(H) Sales to accounts receivable 
(C) Cash flow to total interest 
(H) Net income to net worth 
(H) Sales to cash 

3 (H) Gross profit to sales 
(C) Net worth to fixed assets 
(C) Long-term liabilities to total 

assets 
(C) Cash flow to sales 
(C) Net worth to long-term 

liabilities 
(H) Cash flow to total interest 
(H) Net worth to long-term 

liabilities 
(C) Net worth to total assets 
(H) Current assets to current 

liabilities 
(H) Net worth to fixed assets 
(C) Net income before interest to 

total interest 
(H) Working capital to total assets 
(H) Current liabilities to total 

assets 
(C) Net income to sales 
(C) Working capital to total assets 
(H) Sales to cash 
(H) Total interest to net income 

G - GPL; H - HC; S.C. - standardized coefficient. 
* Discriminant function significant at .000. 

Table XXII shows the variable selection of the combined 

HC, GPL, and CC model. The initial financial ratios for this 

model (32 HC, 30 GPL, 30 CC) are reduced by stepwise 

discriminant analysis to thirteen in year one, twenty-five in 

year two and eighteen in year three before bankruptcy. Cash 

flow to current liabilities, working capital to total assets, 

11 1.19 
12 -1.07 
13 0.95 
14 0.69 
15 0.80 
16 -0.51 

1 4.75 
2 4.12 

3 4.11 
4 -3.90 
5 -3.55 

6 3.29 
7 3.18 

8 2.93 

9 -2.84 
10 -2.72 

11 -2.43 
12 2.01 

13 1.75 
14 0.88 
15 0.87 
16 -0.75 
17 -0.54 
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and net worth to total liabilities are the most important 

variables in the first, second, and third years, 

respectively. 

TABLE XXII 

HC, GPL, AND CC DISCRIMINANT FUNCTION 

Year Financial Ratios Rank S. C. 

(G) Cash flow to current liabilities 
(H) Cash flow to current liabilities 
(H) Sales to accounts receivable 
(C) Net income to total liabilities 
(G) Holding gains to total liabilities 
(G) Total interest to net income 
(H) Sales to inventory 
(C) Net worth to total liabilities 
(G) Sales to net worth 
(H) Sales to cash 
(G) Sales to fixed assets 
(G) Net income to sales 
(H) Total interest to net income 

(C) Working capital to total assets 
(H) Sales to working capital 
(H) Cash flow to total liabilities 
(H) Sales to working capital 
(G) Gross profit to sales 
(H) Gross profit to sales 
(G) Working capital to total assets 
(C) Cash flow to current liabilities 
(H) Cash flow to current liabilities 
(H) Net income to total assets 
(H) Current assets to current 

liabilities 
(C) Gross profit to sales 
(C) Sales to working capital 
(C) Net income to total liabilities 
(C) Net worth to fixed assets 
(C) Total interest to net income 
(H) Sales to quick assets 
(G) Net income before interest 

to interest 

1 14.65 
2 -12.88 
3 1.40 
4 -1.38 
5 -1.19 
6 -1.01 
7 -0.89 
8 0.86 
9 0.92 

10 -0.54 
11 0.51 
12 0.30 
13 0.29 

1 -23.22 
2 -21.31 
3 -17.38 
4 16.06 
5 15.30 
6 -15.02 
7 13.59 
8 13.29 
9 -10.75 

10 8.93 

11 7.27 
12 -7.12 
13 6.20 
14 6.10 
15 4.60 
16 4.26 
17 -4.04 

18 4.03 
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TABLE XXII—Continued 

(H) Sales to cash 
(G) Holding gains to total assets 
(G) Holding gains to total liabilities 
(C) Net worth to long-term liabilities 
(H) Sales to fixed assets 
(C) Cash flow to total interest 
(C) Net income to net worth 

3 (C) Net worth to total liabilities 
(C) Net worth to long-term liabilities 
(H) Sales to fixed assets 
(G) Current assets to current 

liabilities 
(H) Working capital to total assets 
(H) Sales to quick assets 
(H) Quick assets to current liabilities 
(C) Holding gains to total assets 
(G) Net income to total liabilities 
(C) Net worth to fixed Assets 
(H) Cash flow to total jlnterest 
(H) Net income to net worth 
(G) Holding gains to total liabilities 
(C) Net income before interest to 

total interest 
(H) Cash to current liabilities 
(H) Sales to accounts receivable 
(C) Working capital to total assets 
(H) Sales to cash 

G - GPL; H - HC; S.C. - standardized coefficient. 
* Discriminant function significant at .000. 

The analysis of these discriminant functions yields the 

following results. 

1. The discriminant functions are not stable from one 

year to another or from one model to another. The 

instability of the discriminant functions can be seen by 

comparing individual years within specific models (e.g., 

comparing the first year of the HC model to the second or the 

19 3.56 
20 3.10 
21 -2.15 
22 -1.61 
23 -1.46 
24 -0.79 
25 -0.78 

1 -6.44 
2 5.62 
3 -4.18 

4 1.17 
5 4.04 
6 3.74 
7 3.44 
8 3.36 
9 -3.27 

10 2.57 
11 2.32 
12 -1.85 
13 -1.73 

14 1.70 
15 1.39 
16 -1.08 
17 0.40 
18 0.34 
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third year). The comparisons show that the financial ratios 

are not the same from one year to another, and the importance 

of the financial ratios in the discriminant functions are 

different from one year to another. The comparison between 

HC models in year one and year two indicate that net worth to 

total liabilities is the most important of the four financial 

ratios used to distinguish between bankrupt and nonbankrupt 

firms. Net worth to long-term liabilities ranks second, 

total interest to net income ranks third, and cash flow to 

current liabilities ranks fourth in year one. In year two, 

however, cash flow to total assets ranks first, and total 

liabilities to total assets ranks second, followed by net 

income to total liabilities, sales to working capital, sales 

to accounts receivable, sales to quick assets, and the total 

interest to net income. 

2. The efficiency of the discriminant functions are 

different from one model to another. The efficiency of the 

discriminant function is measured by the number of the 

financial ratios needed to obtain a given level of the 

overall percentage of correct classification. For example, 

the comparison between HC discriminant functions and GPL 

discriminant functions in year one show that the HC model is 

more efficient than the GPL model. Because there is no 

significant difference in the overall percentage of the 

correct classification between the two models, the HC 

discriminant function uses four variables in the 
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discrimination between bankrupt and nonbankrupt firms instead 

of using eight variables, as the GPL model does, to reach the 

same classification rate. 

3. Some financial ratios are stable in the discriminant 

functions through the three years before bankruptcy for an 

individual model and also from one model to another (e.g., 

total interest to net income, net worth to fixed assets, net 

income to total liabilities, and gross profit to sales). 

These results support the earlier findings of Norton and 

Smith (6) and Mensah (5). 

The Predictive Ability o£ 

Multiple Discriminant Analysis 

To determine whether a significant difference exists in 

the ability of the six models to predict bankrupt and 

nonbankrupt firms, a Lachenbruch holdout method is applied to 

test whether the difference in the predictive accuracy 

between any two models is significant. Under the Lachenbruch 

holdout method, the overall percentage of correct 

classification is calculated by holding out one observation 

at a time, deriving the discriminant function based on the 

remaining observations (N-l), and applying the resulting 

discriminant function to classify the held-out observation. 

The procedure is repeated until all of the observations are 

classified. 

This method is applied to estimate the predictive 

ability of six different models in three time bases (HC 
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model, GPL model, CC model, the combined HC and GPL model, 

the combined HC and CC model, and the combined HC, GPL, and 

CC model). 

stepwise selection method is used to develop the 

variable selection in each model. The selection criterion is 

the minimization of Wilks Lambda for all of the six models. 

Table XXIII summarizes the predictive ability of the six 

models in each of the three years before bankruptcy. 

Table XXIII reveals that the combined HC, GPL, and CC 

model produces the highest predictive power (85%) compared to 

the other models in year one. The combined HC and CC model 

ranks second (82.50), followed by the HC model (77.50) and 

the GPL model (72.50). The CC model and the combined HC and 

GPL model rank last (70.00). In year two, the combined HC 

and CC model produces superior results (95.00 percent 

predictive accuracy). Other results are 87.50 percent for 

the combined HC, GPL, and CC model, 82.5 percent for the 

combined HC and GPL model, 75.00 percent for both the HC and 

GPL models, and 72.50 percent for the CC model. 

In year three, the combined HC, GPL, and CC model shows 

the best results (92.50 percent predictive accuracy). Other 

results are 85 percent for the combined HC and CC model, 75 

percent for the combined HC and GPL model, 72.50 percent for 

both the GPL and CC models, and 70 percent for the HC model. 

These results are consistent with the results of the 

classification analysis. 
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Statisical Analysis of the Predictive 
Accuracy of MDA 

A chi square test is used to test whether the difference 

in the predictive accuracy between two models is significant. 

The test is performed for each of the possible comparisons 

between the predictive accuracy of the six models. Table 

XXIV presents a summary of the paired comparisons of various 

predictive models. 

TABLE XXIV 

SUMMARY OF PREDICTIVE HYPOTHESIS TESTING 

Model 
Year 
1 

Prior Bankruptcy 
2 3 

Selected 
Model 

HC vs. GPL F F F HC 

HC vs. HC/GPL F F F HC 

HC vs. CC F F F HC 

HC vs. HC/CC F R* R** HC/CC 

HC vs. HC/GPL/CC F R*** R* HC/GPL/CC 

HC/GPL VS. HC/CC R*** R** * * * HC/CC 

HC/CC vs. HC/GPL/CC F F F HC/CC 

* Significant at alpha .05 
** Significant at alpha .10 

*** Significant at alpha .20 
**** significant at alpha .25 

Table XXIV shows that there is no significant difference 

in predictive power between the HC and GPL models. When HC 
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is combined with GPL in a single model, the results show that 

the difference in predictive power is not significant in each 

of the three years before bankruptcy. The results also 

reveal that there is no significant difference in predictive 

power between the HC and CC models in each of the three years 

before bankruptcy. When HC is combined with CC in a single 

model, however, the results indicate that the combined HC and 

CC model outperforms the HC model alone. The difference in 

the predictive power between the two models is significant in 

years two and three. In year one, the combined HC and CC 

model correctly predicts more bankrupt firms (eighteen of 

them) than does the HC model (fifteen firms). Therefore, the 

combined HC and CC model may produce more useful information 

than the HC model, assuming that the cost of misclassifying a 

bankrupt firm is greater than the cost of misclassifying a 

nonbankrupt firm. For an investor the cost of misclassifying 

a bankrupt firm would be the portion of the original amount 

of investment lost when the firm defaulted, whereas the cost 

of misclassifying a nonbankrupt firm would be the opportunity 

loss from not investing. 

Table XXIV reveals that the difference in predictive 

power between the model that combines HC and GPL and the 

model that combines HC and CC is significant. It also shows 

that the combined HC, GPL, and CC model has superior 

predictive power over the HC model. The tests of statistical 

significance indicate that the differences in the predictive 
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power are significant in years two and three before 

bankruptcy. In year one the combined HC, GPL, and CC model 

correctly predicts more bankrupt firms (seventeen of them), 

than does the HC model (fifteen firms)• Therefore, the 

combined HC, GPL, and CC model may produce more useful 

information about bankruptcy than the HC model. Finally, the 

results presented in Table XXIV indicate that there are no 

significant differences in the predictive power between the 

model that combines HC and CC and the model that combines HC, 

GPL, and CC in each of the three years before bankruptcy. 

In conclusion, the results of the Lachenbruch holdout 

method presented above support the finding of the 

discriminant hypothesis testing that both the combined HC and 

CC model and the combined HC, GPL, and CC model outperform 

the other models in predicting bankruptcy. 

Logistic Regression Analysis 

This section is devoted exclusively to evaluating the 

performance of the logistic regression model (LRA) in 

predicting bankruptcy. Two programs are employed to develop 

the logistic regression function, the Statistical Package for 

the Social Sciences (SPSSX) (9), and Statistical Analysis 

Systems (SAS) (8). The results of the two statistical 

packages are the same, but the output of SAS provides more 

information about the predictive power of the model. 

Therefore the SAS output of the LRA is discussed below. 
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Six logistic regression functions are derived to 

classify bankrupt and nonbankrupt firms as follows: 

1. function based on ratios computed with HC 
information 

2. function based on ratios computed with GPL 

information 

3. function based on ratios computed with CC 

information 

4. Function based on a model that combines ratios 

computed with both HC and GPL information 

5. function based on a model that combines ratios 

computed with both HC and CC information 

6. function based on a model that combines ratios 

computed with information from HC, GPL, and CC 

The same procedure is employed for three time bases, one 

year, two years, and three years, before bankruptcy. 

The variable selection from the discriminant analysis is 

used in developing the six logistic regression functions. 

Maximum likelihood estimation is used to derive the logistic 

regression parameters. This method of estimation is used by 

Ohlson (7), Martin (4), and Mensah (5). 

Results of Logistic Regression Analysis 

The classification results of logistic regression 

analysis for the six functions described above are presented 

in Tables XXV through XXX. These tables show the actual 

group membership, the classified group membership, and the 
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overall percentage of firms correctly classified, the 

likelihood ratio index which presents the overall measure of 

goodness of fit. This index is similar to an R square in the 

sense that it equals one in the case of a perfect fit, and 

zero if the estimated coefficients are zero. Finally, SAS 

provides measers of the level of significance of each 

variable in regression function as well as the level of 

significance for the function as a whole. 

Table XXV presents HC classification results of LRA in 

each of the three years before bankruptcy. The data in this 

table indicate that the HC classification results of LRA are 

significant in reference to both the R square and the 

likelihood ratio tests in discriminating between failed and 

nonfailed firms. The R square, which measures the proportion 

of variation in the observed dependent variable explained by 

the predicted ratio, is quite good in the first year (55 

percent) and acceptable for the remaining years seem (42 

percent in year two, 38 percent in year three) especially 

since no data other than HC information has been used in 

developing logistic functions. The significance test of the 

likelihood ratio, which involves the null hypothesis that the 

entire model is not significant or that all the coefficients 

of the predicted variables are not significantly different 

from zero, indicates that the model is significant in each of 

the three years before bankruptcy at alpha .003. The overall 

percentage of correct classification of the HC model are 80 
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percent in the first year, 82.5 percent in the second year, 

and 77.5 percent in the third year before bankruptcy. 

TABLE XXV 

HC CLASSIFICATION RESULTS OF 
LOGISTIC REGRESSION 

Year 
Type of 
Firms 

No. of Firms 
Correctly 
Classified 

Overall 
Percentage L.R.I. 

Alpha 
Level 

1 B 15/20 
0.55 .002 N 17/20 80.00 0.55 .002 

2 B 17/20 
.001 N 16/20 82.50 0.42 .001 

3 B 16/20 
.003 N 15/20 77 .5 0.38 .003 

L.R.I. - Likelihood Ratio inac 
B - Bankrupt, N - Nonbankrupt 

Table XXVI presents the GPL classification results of 

LRA in each of the three years prior to bankruptcy. The 

results of this function reveals that the logistic functions 

are highly significant at alpha .000 in each of the three 

years. R squares of the model are 50 percent in the first 

year, 46 percent in the second year, and 44 percent in the 

third year. The overall classification results are 80 percent 

in the first year, 82.5 percent in the second year, and 75 

percent in the third year before bankruptcy. 
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TABLE XXVI 

GPL CLASSIFICATION RESULTS OF 
LOGISTIC REGRESSION 

Year 
Type of 
Firms 

No. of Firms 
Correctly 
Classified 

Overall 
Percentage L.R.I. 

Alpha 
Level 

1 B 16/20 
N 16/20 80 .0 0.50 .000 

2 B 16/20 
0 .000 N 17/20 82.5 0.46 0 .000 

3 B 15/20 
.000 N 15/20 75.0 0.44 .000 

x i • • J . • — — — 

B - Bankrupt, N - Nonbankrupt 

The CC classification results of LRA are summarized in 

Table XXVII. The logistic functions are highly significant 

in each of the three years prior to bankruptcy. The 

likelihood ratio indices are higher than the GPL logistic 

functions in year one (53 percent), year two (48 percent), 

and year three (49 percent) prior to bankruptcy. The overall 

classification results of the CC functions are 72.5 percent, 

80 percent, and 85 percent in year one to year three before 

failure respectively. 
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TABLE XXVII 

CC CLASSIFICATION RESULTS OF 
LOGISTIC REGRESSION 

Year 
Type of 
Firms 

No. of Firms 
Correctly 
Classified 

Overall 
Percentage L.R.I. 

Alpha 
Level 

1 B 13/20 
.000 N 16/20 72.5 0.53 .000 

2 B 16/20 
.000 N 16/20 80.0 0.48 .000 

3 B 18/20 
.000 N 16/20 85.0 0.49 .000 

L.R.I. - Likelihood Ratio Index 
B - Bankrupt, N - Nonbankrupt 

Table XXVIII presents the HC and GPL classification 

results of the LRA function in each of the three years before 

bankruptcy. The data in this table reveal that the combined 

HC and GPL model is highly significant at alpha .002. The 

likelihood ratio is very high in year two (75 percent), quite 

good in year one (50 percent), and acceptable in year three 

(38 percent). The classification rates of the model are 100 

percent in year one, 80 percent in year two, and 82.5 percent 

in year three. 
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TABLE XXVIII 

HC AND GPL CLASSIFICATION RESULTS OF 
LOGISTIC REGRESSION 

Year 
Type of 
Firms 

No. of Firms 
Correctly 
Classified 

Overall 
Percentage L.R.I. 

Alpha 
Level 

1 B 15/20 
.000 N 17/20 80.0 0.50 .000 

2 B 20/20 
.000 N 20/20 100.0 0.75 .000 

3 B 16/20 
.002 N 17/20 82.5 0.38 .002 

L.R.I. - Likelihood Ratio Index 
B - Bankrupt, N - Nonbankrupt 

HC and CC classification results of the LRA function are 

presented in Table XXIX. The data in this table reveal that 

the combined HC and CC model produces superior results in 

classifying the sample into bankrupt and nonbankrupt firms. 

The model produces 100 percent correct classification in each 

of the three years prior to bankruptcy. The model is highly 

significant (alpha level .002)/ and the likelihood ratio 

indices are very good in each of the three years before 

failure (73 percent in year one, 65 percent in year two ,and 

68 percent in year three). 
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TABLE XXIX 

HC AND CC CLASSIFICATION RESULTS OF 
OF LOGISTIC REGRESSION 

Year 
Type of 
Firms 

No. of Firms 
Correctly 
Classified 

Overall 
Percentage L.R.I. 

Alpha 
Level 

1 B 20/20 
.000 N 20/20 100.0 0.73 .000 

2 B 20/20 
.000 N 20/20 100.0 0.65 .000 

3 B 20/20 
.000 N 20/20 100.0 0.68 .000 

L.R.I. - Likelihood Ratio Index 
B - Bankrupt, N - Nonbankrupt 

Table XXX summarizes the HC, GPL, and CC classification 

results of the LRA function. The data in this table reveal 

that the model produces superior results (100 percent correct 

classification) in each of the three years prior to 

bankruptcy. The model is highly significant (alpha level 

.000) and the likelihood ratio index is very good in year 

one(73 percent), acceptable in year two (31 percent), and 

good in year three (59 percent). 
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TABLE XXX 

HC, GPL, AND CC CLASSIFICATION RESULTS OF 
LOGISTIC REGRESSION 

Year 
Type of 
Firms 

No. of Firms 
Correctly 
Classified 

Overall 
Percentage L.R.I. 

Alpha 
Level 

1 B 20/20 
.000 N 20/20 100.0 0,73 .000 

2 B 20/20 
.000 N 20/20 100.0 0.31 .000 

3 B 20/20 
.000 N 20/20 100.0 0.59 .000 

L.R.I. - Likelihood Ratio Index 
B - Bankrupt, N - Nonbankrupt 

Descriptive Analysis of 
The Classification Results of LRA 

Table XXXI summarizes the overall percentages of firms 

correctly classified in each year by using one of the 

logistic regression functions. The data in this table show 

that the model combining HC and CC and the model combining 

HC, GPL, and CC produce superior correct classification rates 

(100 percent) in each of the three years before bankruptcy. 

The model that combines HC and GPL, the HC model, and the GPL 

model have the same correct classification rate (80.0 

percent) in year one. The CC model achieves 72.5 correct 

classification in year one. 
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In year two, the model combining HC and GPL 

produces the same correct classification rate as the other 

two combined models (100 percent). The CC model achieves 80 

percent correct classification, while the other two models 

(HC, GPL) produce 82.5 percent correct classification. 

In year three, however, the model combining HC and GPL 

achieves 82.5 percent correct classification. The CC model 

produces 85 percent. The GPL model produces 75 percent, and 

the HC model produces 77.5 percent correct classification. 

TABLE XXXI 

SUMMARY OF THE OVERALL 
CLASSIFICATION RATES 

Year HC GPL CC HC/GPL HC/CC HC/GPL/CC 

1 80.0 80.0 72.5 80.0 100 100 

2 82.5 82.5 80.0 100.0 100 100 

3 77.5 75.0 85.0 82.5 100 100 

From this descriptive analysis Table XXXI reveals that 

the combined HC and CC model and the combined HC, GPL, and CC 

model, provide more information in predicting bankruptcy than 

the other models in each of the three years before 

bankruptcy. These two models produce 100 percent correct 

classification in each of the three years before failure, 
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while the combined HC and GPL model produces 100 percent 

correct classification in year two only, and poor performance 

in year one (80 percent),and year three(82.5 percent). 

Statistical Analysis of the 
Classification Results of LRA 

A chi square test is used to determine whether the 

difference in the overall classification rate between the two 

different models in each year is significant. This test is 

repeated several times in order to perform all of the 

possible comparisons for the classification accuracy of the 

six logistic regression functions. Table XXXII presents a 

summary of the paired comparisons of various logistic 

regression functions. 

TABLE XXXII 

SUMMARY OF THE STATISTICAL ANALYSIS 
OF LRA FUNCTIONS 

Model 
Year 
1 

Prior Bankruptcy 
2 3 

Selected 
Model 

HC vs. GPL F F F HC 

HC vs. HC/GPL F F F HC/GPL 

HC vs. CC F F F HC 

HC vs. HC/CC R R R HC/CC 

HC vs. HC/GPL/CC R R R HC/GPL/CC 

HC/GPL vs. HC/CC R F R HC/CC 

HC/GPL/CC vs. HC/CC F F F HC/CC 

F - Fail to reject 
R - Reject at alpha .05 
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The data in Table XXXII show that there are no 

significant differences in the overall classification rate 

between the HC model and the GPL model, and also between the 

HC model and the CC model in each of the three years before 

bankruptcy. However, when HC information is combined with 

GPL information in a single model, it outperforms the HC 

model alone in discriminating between bankrupt and 

nonbankrupt firms in year two before bankruptcy. This model 

does not, however, produce better classification rates than 

the HC model in year one and year three. There are no 

significant differences between the combined HC and GPL model 

and the HC model in ability to discriminate ability between 

bankrupt and nonbankrupt firms. The comparison between the 

combined HC and CC model, and the HC model in Table XXXII 

reveals that the former produces results superior to those of 

the latter in discriminating between bankrupt and nonbankrupt 

firms. The differences are significant in the classification 

rate between the two models in each of the three years before 

bankruptcy. The same results are achieved when the three 

information systems combined in one model (HC, GPL, and CC) 

in that the combined model outperforms the HC model in 

discriminating between bankrupt and nonbankrupt firms. There 

are no significant differences, however, in the 

discriminating power of the model combining HC and CC and the 

model combining HC, GPL, and CC in each of the three years 

before bankruptcy. In comparing the performance of the model 
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combining HC and CC model to the model combining HC and GPL, 

the results reveal that the combined HC and CC model produces 

a superior overall classification rate to the combined HC and 

GPL model in year one and in year three before bankruptcy. 

There is no significant difference, however, in the 

discriminating power of these two combined models in year two 

before bankruptcy. 

In conclusion, the results indicate that the statistical 

analysis of LRA functions are consistent with the results of 

the MDA. Both techniques show that CC information is useful 

as a supplement to HC information for the purpose of 

discriminating between bankrupt and nonbankrupt firms. 

Comparison of the Classification Accuracy of the 
Multiple Discriminant Analysis with the 

Logistic Regression Analysis 

As stated in Chapter III, one of the main objectives of 

this study is to compare the classification accuracy of 

multiple discriminant analysis to that of logistic regression 

analysis. A chi square test is used to determine whether the 

difference in the classification accuracy of the two 

techniques is significant. This test is employed in previous 

studies (1, 5) when comparing the predictive accuracy of two 

different models used in the case of bankruptcy. Table 

XXXIII reveals that the overall performance of the LRA is 

better than that of the MDA in its ability to discriminate 

between bankrupt and nonbankrupt firms. The difference in 
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the classification accuracy is significant only in year two 

between the model combining HC and GPL discriminant functions 

(87.5 percent) and the model that combines HC and GPL 

logistic functions (100 percent). The LRA produces better 

classification rates in year one when the HC model, the 

combined HC and CC model, or the combined HC, GPL, and CC 

model is used to derive the logistic functions. These 

functions produce 80 percent, 100 percent, and 100 percent, 

while MDA functions produce 77.5 percent, 95 percent, and 

92.5 percent correct classification. MDA, however, produces 

higher classification rates for the GPL model (85 percent vs. 

80 percent) and for the model combining HC and GPL (82.5 

percent vs. 80 percent). 

In year two, the logistic functions achieve better 

results than MDA when the two combined models (HC/GPL, HC/CC) 

are applied to estimate the logistic functions. Each function 

produces 100 percent correct classification, while the 

discriminant functions produce 87.5 percent and 97.5 percent 

for these two models, respectively. MDA, however, produces a 

higher classification rate for the HC model (85 percent vs. 

82.5 percent). 

In year three, the logistic functions have better 

classification rates than MDA when the CC model, the combined 

HC and CC model, and the combined HC, GPL, and CC model are 

used to derive the logistic functions. These functions 

produce 85 percent, 100 percent, and 100 percent, while MDA 
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functions produce 77.5 percent, 95 percent, and 97.5 percent 

correct classification rates. MDA, however, achieves higher 

classification rates for the combined HC and GPL model (85 

percent vs. 82.5 percent) and for the HC model (82.5 percent 

vs. 77.5 percent). 

TABLE XXXIII 

COMPARISON OF THE CLASSIFICATION ACCURACY 
OF MDA WITH LRA 

Type of 
Year Tech. HC GPL CC HC/GPL HC/CC HC/GPL/CC 

1 

2 

MDA 77. 50 85 .00 72 .50 82 .50 95 .00 92 .50 

LRA 80. 00 80 .00 72 .50 80 . 00 100 .00 100 .00 

MDA 85. 00 82 .50 80 .00 87 .50* 97 .50 100 .00 

LRA 82. 50 82 .50 80 .00 100 .00 100 .00 100 .00 

MDA 82. 50 75 .00 77 .50 85 .00 95 .00 97 .50 

LRA 77. 50 75 .00 85 .00 82 .50 100 .00 100 .00 

* Reject .02 

In conclusion, the above discussion indicates that 

there are no significant differences in the classification 

rate produced by using MDA or LRA except when the combined HC 

and GPL model is applied. These results in general may lead 

one to conclude that LRA fails to perform better than the the 

more commonly used technique of discriminant analysis an 

outcome that supports the findings of previous research 

(5,7). the preference for either statistical technique, 
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therefore depends on the use for which the results are 

intended. If the analysis under consideration requires only 

the dichotomous classification of bankrupt and nonbankrupt, 

discriminant analysis may be adequate because MDA produces 

good results and is fairly robust to the violations of its 

assumptions. Also, because the maximum likelihood estimation 

required by LRA is very costly compared to the discriminant 

analysis and gives almost the same results as MDA. However, 

if the objective of the analysis is to examine the 

significance of individual variables, the logistic regression 

analysis is desirable because it measures the importance of 

each variable. 
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CHAPTER V 

SUMMARY AND CONCLUSIONS 

This chapter summarizes the purpose of the research, the 

research mathods, the finding, and the conclusions of the 

study. In addition, several suggestions for future research 

on bankruptcy are made. 

Summary 

This study has examined empirically the usefulness of 

GPL and CC information originally required by SFAS No. 33 as 

compared to HC information in predicting bankruptcy. The 

study has also investigated the usefulness of GPL data versus 

CC data when each supplements HC data. In addition, the 

study has examined the usefulness of the three types of 

information systems (HC, GPL, and CC) combined in one model 

versus HC data alone in predicting bankruptcy. The study has 

focused on the predictability of business failure using 

financial ratios as predictors. These predictors were 

compared in order to identify the accounting system that 

yields a better prediction of bankruptcy. 

To achieve the research objectives, six null hypotheses 

were formulated, and data were collected for 40 industry 

firms (20 failed and 20 nonfailed). Thirty-five financial 

102 
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ratios are developed. Two multivariate statistical 

techniques, multiple discriminant analysis (MDA) and logistic 

regression analysis (LRA), were used to derive the ex-post 

classification and the ex-ante prediction results. Six 

discriminant functions were developed: the first based on 

ratios computed with HC information, the second on ratios 

computed with GPL information, the third on ratios computed 

with CC information, the fourth on a model that combines 

ratios computed with both HC and GPL, the fifth on a model 

that combines ratios computed with both HC and CC, and the 

sixth on a model that combines ratios computed with 

information from HC, GPL, and CC. The resulting functions 

were used to classify the 40 firms as failed or nonfailed. 

The analysis was repeated for three time bases, one, two, 

and three years before bankruptcy. The Lachenbruch holdout 

method was used to assess the predictive ability of the six 

functions in the three time bases. 

After assessing the discriminating and predictive 

ability, the chi square test was used to determine whether a 

significant difference exists in the discriminating and 

predictive ability between two models. Finally, the 

performances of the discriminant functions and the logistic 

regression functions were compared. 

Results 

The results of the various analyses indicate that the 

discriminant functions are not stable from one year to 
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another and that the efficiency of the discriminant functions 

also differ from one model to another. 

The results of the tests of significance for MDA reveal 

first, that the HC information system combined with CC 

information has more discriminant power than does HC 

information alone in each of the three years before 

bankruptcy. Second, the combined HC and CC model outperforms 

the GPL model and the combined HC and GPL model in its 

ability to discriminate between bankrupt and nonbankrupt 

firms in each of the three years before bankruptcy. Third, 

the differences between the combined HC, GPL, and CC model, 

and the HC model are significant in each of the three years 

before bankruptcy. Fourth, there are no significant 

differences in the overall classification rate derived from 

the HC model, the GPL model, the CC model, or the combined HC 

and GPL model in their ability to discriminate between 

bankrupt and nonbankrupt firms in each of the three years 

before bankruptcy. The differences between the model that 

combines HC and CC, and the model that combines HC, GPL, and 

CC are not significant in each of the three years before 

bankruptcy. The results of the tests for significance of LRA 

indicate first, there are no significant differences in the 

overall classification rate derived from the HC model, the 

GPL model, or the CC model in each of the three years before 

bankruptcy. Second, when HC is combined with GPL in a single 

model, it outperforms the HC model alone in discriminating 
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between bankrupt and nonbankrupt firms in only year two 

before bankruptcy. This combined model, however, does not 

produce better classification rates than the HC model in year 

one and year three before bankruptcy. Third, the model that 

combines HC and CC produces superior results to those of the 

HC model in discriminating between bankrupt and nonbankrupt 

firms in each of the three years before bankruptcy. Fourth, 

the model that combines HC, GPL, and CC outperforms the HC 

model in discriminating between bankrupt and nonbankrupt 

firms in each of the three years before bankruptcy. Fifth, 

there are no significant differences in discriminant power 

between the model that combines HC and CC and the model that 

combines HC, GPL, and CC in each of the three years before 

bankruptcy. Finally, the test shows that the model combining 

HC and CC produces a superior overall classification rate to 

that yielded by the model combining HC and GPL in year one 

and year three before bankruptcy, and that the differences 

between these models are not significant in discriminating 

power in year two before bankruptcy. 

Comparing the results between the performance of MDA and 

LRA indicates that LRA generally has a better classification 

rate than MDA, based on the descriptive analysis. The tests 

of significance, however, reveal that there are no 

significant differences in the classification rate produced 

by using MDA or LRA except that in year two, when the 

combined HC and GPL model is used, the result is significant. 
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Conclusions 

Based on the findings of this study, several conclusions 

can be drawn. First, the three information systems—HC, GPL, 

and CC—are equally useful for predicting bankruptcy in the 

sample of firms used in this study. Second, the financial 

ratios used in the discriminant functions are not stable in 

their discriminant power in that a ratio appearing in one 

year's analysis may not appear in the succeeding years. 

Therefore, a different function is necessary for each year 

prior to bankruptcy. Third, the combined HC and CC model 

shows superior results over the HC and the combined HC and 

GPL models, and the combined HC and CC model has the same 

discriminant power as the combined HC, GPL, and CC model. 

Therefore, the findings of this study support the FASB's 

decision in SFAS No. 82 to change the minimum disclosure 

requirement from both CC and constant dollar information to 

CC information alone. Fourth, the preference for using MDA 

or LRA in discriminating between bankrupt and nonbankrupt 

firms depends on the objective for which the results are 

intended. If the problem under consideration requires only 

the dichotomous classification of bankrupt and nonbankrupt, 

firms, MDA should be used because MDA gives good results and 

is fairly robust to the violations of its assumptions. The 

maximum likelihood estimation required by LRA is very costly 

compared to MDA and gives almost the same results as MDA. If, 

however, if the objective of the analysis is to examine the 
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significance of individual variables, LRA is desirable 

because it measures the importance of each variable. 

Recommendations for Future Research 

Based on the findings of this study, several 

recommendations can be made. First, since the study is 

limited to industrial firms, an extension of the study to 

nonindustrial firms may lead to different conclusions. 

Second, since the analyses of this study are made for the 

first three years prior to bankruptcy, additional research is 

needed to compare the predictive abilities of CC and HC 

financial ratios for more than three years prior to 

bankruptcy. Third, no formal theory of variable selections 

has been developed and tested in this study; the predictor 

variables were selected on the basis of popularity in the 

literature and performance of the variables in previous 

studies. Tts is possible, therefore, that variables developed 

relative to a theory can improve on the results found in this 

study. Fourth, additional research is needed to examine why 

certain financial ratios possess the ability to predict 

bankruptcy in the alternative prediction models. Fifth, in 

this study bankruptcy prediction models are derived from 

financial ratios only. Other variables should be added to 

the model such as size of firms, management competence, and 

other economic factors. Sixth, since the findings of this 

research are restricted to matched-pair design, an additional 



108 

investigation is needed to compare the predictive ability of 

CC and HC financial ratios under different research designs. 

Seventh, in this study the predictive ability of HC, GPL, and 

CC information is measured on the basis of the overall 

classification rate. Additional research is needed to 

incorporate the cost of misclassification as a criterion to 

compare the usefulness of HC, GPL, and CC information in 

predicting bankruptcy. Finally, this study is conducted in 

periods of high inflation. Therefore, the ability of the 

alternative prediction models to predict bankruptcy should be 

tested for periods with differing inflation rates. 
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