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The main purpose of this study is to develop a 

bankruptcy prediction model for the small business firm. 

Data was collected from the Dallas Small Business 

Administration (SBA), making this study specific to its 

decision makers. Existing research has produced models 

which predominately use financial ratios and information 

measures either independently or combined, and a few 

research models have used economic trends. This study 

varies from past studies in that it includes regional 

economic variables from the states of Texas. 

A sample of three-year data for 138 firms included 

fifteen bankrupt firms. This proportion of 

bankrupt/nonbankrupt firms approximates the proportion of 

repayed/defaulted loans in the SBA. Stepwise regression, 

set at the .15 level of significance, reduced a total of 

fifty-three variables to nine. These nine variables were 

then used to test twelve predictive models. All twelve 

models tested improved the SBA repayment rate and only two 



of the twelve would have caused the SBA to deny loans to 

applicants who eventually repaid. 

The study determined the model that included financial 

ratios, information measures, and Texas economic variables 

as best. It was also demonstrated that some of the 

variables used in this model could be eliminated without 

decreasing the predictive power of the model. The best of 

twelve models improved the SBA default rate by 40 percent 

without denying a loan to any applicant that eventually 

repaid. 
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CHAPTER I 

INTRODUCTION AND REVIEW OF THE LITERATURE 

Statement of the Problem and Its Importance 

Bankruptcy is a problem in modern business, and 

insolvency, the main reason for bankruptcy, is not limited 

to any given industry, regardless of the size, locale, or 

age of a firm. The rate of bankruptcy and the absolute 

number of companies going bankrupt have increased alarmingly 

in the last several years. For example, the bankruptcy 

courts, which handle all formal bankruptcy proceedings, saw 

336,203 more filings in 1981 than in 1971. In percentage 

terms, bankruptcy rose on an average oi 2.6 percent a year 

from 1972 to 1977. From 1978 to 1981, this average 

increased to 27 percent. The Bankruptcy Reform Act of 1978 

which made bankruptcy more appealing, contributed to this 

increase in filings (32). 

The phenomenon of bankruptcy is important to all parts 

of the economy, but specific groups are directly affected, 

most obviously the creditors. In order to protect 

themselves, financial institutions need models for 

predicting bankruptcy that can be incorporated in their 

analyses of the credit-worthiness of existing and new 



investments. The internal management of firms could use 

those models to predict financial distress or include models 

as part of an internal audit function. External auditors 

could use those models to help determine the nature of an 

opinion or disclosure. CPA firms might also attempt to 

determine the collectability of an audit client's major 

accounts. In addition, investors such as individual 

investors as well as portfolio managers, would benefit from 

increased accuracy in bankruptcy predictions (18). 

Most analysts believe they can spot potential defaults, 

but admit that it is very difficult to specify timing and to 

be certain the defaults will occur. For those reasons, the 

analyst may tend to divest or refrain from investing in a 

company for which the indicators forecast approaching 

bankruptcy. The approaches that a professional analyst 

takes to predict bankruptcy range from the application of 

rigorous ratio and financial analysis to a fundamental 

assessment of the economy and industry, to ferreting out 

inside information (33). 

Review of the Literature 

Ratios 

Research into bankruptcy has been extensive and varied 

in its aims. Some bankruptcy studies have been motivated by 

an interest in the usefulness of alternate accounting 

methods (17, 22, 30). I, like other researchers, have been 

interested in the topic for its own sake. 



Beaver conducted one of the earliest major studies (6), 

collecting data from 1954 to 1964 and publishing a series of 

papers that used the same set of five-year data from 158 

listed firms. Fifty percent of the firms were failed and 50 

percent were nonfailed and each bankrupt firm was matched to 

a nonbankrupt firm by industry and size. Beaver used 

univariate analysis and made predictions by using one 

variable at a time. Aware that other methods of prediction 

might be better, however, Beaver suggested either a time 

series ratio analysis or multivariate analysis. 

Beaver classified a total of thirty ratios into the 

following six groups: cash-flow ratios, net income ratios, 

debts to total assets ratios, liquid-assets to total assets 

ratios, liquid-assets to current debt ratios, and turnover 

ratios. The ratio with the best classification record, that 

is, the ratio with the lowest percentage of classification 

error over the five-year period was then chosen from each of 

these six groups. 

Based upon this criterion, the best predictor of 

bankruptcy was cash-flow to total debt, which accurately 

separated the bankrupt firms from the nonbankrupt firms 87 

percent of the time for the first year before bankruptcy and 

78 percent of the time for the fifth year before bankruptcy. 

Other accurate predictors included net income/total assets, 

total debt/total assets, working capital/total assets and 

current assets/current debt. 



Beaver's study indicated a difference in the ratios of 

the bankrupt firms group and the nonbankrupt firms group 

when a comparison was made of the mean values of the ratios 

of the two groups. Failure was predicted by using a 

dichotomous classification test for each ratio. 

Beaver's test, however, did not distinguish between the 

related costs of a Type I error (error of rejecting a true 

null hypothesis) and a Type II error (error of failing to 

reject a false null hypothesis). The cost of a Type I error 

is the money lost from a loan made to a company that is 

unable to repay the loan, while the cost of a Type II error 

is the lost interest revenue by a lender, with excess 

capital, who fails to lend to a company which would be able 

to repay the loan. Instead, in Beaver's study, selection of 

the best predictor was handled in a way that implicitly 

assumed Type I and Type II errors to be equal in cost. The 

number of Type I errors in the analysis was greater than the 

number of Type II errors, which were very stable over the 

entire five-year period. 

Beaver's second and third studies can be looked upon as 

a continuation of his 1966 study, because he used the same 

data and basically employed the same methods. The second 

study, released in January of 1968 (8), tested the 

hypothesis that liquidity ratios were superior to 

nonliquidity ratios in predicting bankruptcy. The third 



study, released in the autumn of 1968 (7), encompassed the 

examination of the change in stock prices of bankrupt firms. 

Both studies concur with the results of Beaver's 1966 

findings and, primarily, he concluded that investors seem to 

use ratios in their investment decisions and that the stock 

market seems to anticipate the apparent future bankruptcy in 

the price of a given company's stock. 

Beaver suggested it is likely that users of financial 

ratios use the ratios in groups instead of singularly. 

Therefore, a multivariate approach would be nearer to the 

decision making process than the univariate approach. The 

available techniques allow the researcher to determine what 

variables are significant as predictors of bankruptcy, and 

what weights should be given to each variable. 

Altman was one of the first researchers to use 

multivariate analysis in the prediction of bankruptcy (2). 

Altman selected a sample of thirty-three Chapter X bankrupt 

companies from Moody's, then compared the thirty-three 

bankrupt companies with thirty-three non-bankrupt companies 

by using multiple discriminant analysis (MDA). As in the 

Beaver and other studies, Altman paired each bankrupt 

company by industry and size with a nonbankrupt company, 

using five-year financial data. 

Altman divided ratios into the five categories of 

liquidity, profitability, leverage, solvency, and activity. 



The discriminant function contained one variable from each 

category. Five ratios were selected as the best predictors. 

They included (1) working capital to total assets, (2) 

retained earnings to total assets, (3) earnings before 

interest and income tax to total assets, (4) market value of 

equity to book value of total assets, and (5) sales to total 

assets. The coefficients of the function were developed for 

the first year and applied to all other years. The 

predictive ability of the model might have been improved if 

a different function had been developed for each year. 

As with Beaver's study, the accuracy of Altman's 

predictions declined as the time span prior to bankruptcy 

increased. For the first year prior to bankruptcy, the 

model correctly classified 95 percent of the sample. Type I 

errors, which were presumed to be as equally serious as Type 

II errors, were at 6 percent, while Type II errors were only 

half that, at 3 percent, for the first year prior to 

bankruptcy. The model's predictive accuracy decreased the 

second year prior to bankruptcy with an overall accuracy 

rate of 72 percent, but the Type I error rate rose to 28 

percent. Altman concluded that as a firm nears bankruptcy, 

all ratios tend to deteriorate. The most drastic 

deterioration normally occurred between the second and third 

years before bankruptcy. 



After MDA determined the discriminant function, Altman 

applied it to the classification of two new samples. One 

sample was of matched pairs as to asset size; the second 

sample was unmatched. The accuracy rate for the matched 

sample calculated at 96 percent for one year prior to 

bankruptcy, while the accuracy of the unmatched sample came 

to only 79 percent. 

One shortcoming of Altman's research is that a model 

function developed for each of the five years might be a 

better predictor of bankruptcy than the single function 

developed because the weighting of the individual variables 

might vary between years, as might also the variables that 

are significant. If the objective of the research is to 

predict bankruptcy without regard to when the bankruptcy is 

likely to occur, then a single function would be 

appropriate. On the other hand, if the objective of the 

research is to identify the period of time that a bankruptcy 

is apt to occur, as well as which companies will become 

bankrupt, then a more accurate prediction might be obtained 

if a separate function were devised for each period of 

interest. 

When multiple functions are used, then any reference to 

the relative importance of a given variable must be limited 

to the appropriate time period. For example, the function 

for one year prior to bankruptcy is: 

Yx = .7Xx + .3X2, 



and the function for two years prior to bankruptcy is: 

Y2 = .4X2 + .IX3. 

Any discussion as to the importance of an independent 

variable should be limited to a specific year before 

bankruptcy. 

A second shortcoming of Altman's study is that a sample 

that consists of one-half bankrupt firms does not accurately 

portray the bankruptcy rate of the market place for large 

companies traded on the stock exchange. A 50:50 

bankruptcy/nonbankruptcy rate portrays the market place 

composed solely of young, small firms (12). 

Altman also pooled data across different years 

(1946-1965) without considering the surrounding economic 

environment and how economic events may have affected the 

bankruptcy classifications. Although his study did examine 

his model's ability to classify when using samples other 

than the one used to formulate the model function, the study 

did not examine the model's performance in periods other 

than 1946-1965. As a result, the model is an ex-post 

discriminator and not necessarily an ex-ante predictor (29). 

Edmister's study (15) of bankruptcy deviated from the 

norm in that it dealt with small businesses. The sample was 

selected from the financial growth data bank of the Small 

Business Administration (SBA) and consisted of forty-two 

bankrupt small businesses and forty-two nonbankrupt small 



businesses. He defined bankruptcy as any firm that failed 

to honor its loan obligation. Edmister's paper was based 

upon his dissertation (16) which included a much larger 

sample size. 

Edmister's study used nineteen ratios chosen by 

stepwise regression. These ratios generally agreed with the 

ratios that other studies had found to be significant in the 

prediction of bankruptcy. The ratios included quick, 

current, inventory to net working capital, net working 

capital to total assets, current assets to total debt, total 

debt to equity, fixed assets to equity, cash flow to current 

liabilities, current liabilities to equity, equity and 

long-term debt to fixed assets, inventory to sales, fixed 

assets to sales, total assets to sales, net working capital 

to sales, earnings before taxes (EBT) to total assets, EBT 

to equity and EBT plus depreciation to total debt. 

Edmister used a total of four hypotheses. The first 

hypothesis—a ratio's level is a predictor of small business 

failure--is based on a theory that there are standards 

applicable to all firms and transcends industries. The 

second hypothesis—the three-year trend of each ratio is a 

predictor of small business failure--defines a trend as the 

movement of a ratio in the same direction for three 

consecutive years and states that the trends of some ratios 

lead to bankruptcy. Hypothesis three—the three-year 
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average of a ratio is a predictor of small business 

failure—states that the average of ratios from a three-year 

period is a better predictor of bankruptcy than a ratio from 

a single year. Finally, hypothesis four—the combination of 

the industry relative trend and the industry relative level 

of each ratio is a predictor of small business 

failure—assumes that a given trend may not be a predictor 

of bankruptcy because an equal number of bankrupt and 

nonbankrupt firms might have the same trend, and a given 

level may not be a predictor because an equal number of 

bankrupt and nonbankrupt firms might have the same level. 

However, a unique trend-level combination may be present for 

failed companies. 

Edmister's statistical method followed the general 

tendency in bankruptcy prediction research. He used 

multiple discriminant analysis with a stepwise procedure to 

limit multicolinearity. Any variable having a significant 

(.95) simple correlation coefficient with a previously 

entered variable was excluded from the set of variables free 

to enter the function at each step. 

Edmister's test sample contained an equal number of 

failed and nonfailed firms. Before a firm was accepted as a 

test sample it had to meet the following five criteria: (1) 

three consecutive annual statements available prior to the 

date the loan was granted, (2) the financial statements must 
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have been dated between 1958-1965, (3) a nonzero amount for 

current assets and net sales, (4) corresponding available 

Robert Morris Associates composite statements, (5) Small 

Business Administration composite statements must be 

available. 

The results of the research, in general, reaffirmed 

previous research findings that financial ratios are good 

predictors of bankruptcy. Edmister applied his study 

specifically to small firms and found that at least three 

consecutive financial statements must be used to predict 

bankruptcy in small businesses. A single set of financial 

statements for the year prior to bankruptcy, Edmister 

suggests, is not the most accurate predictor of bankruptcy 

for a small firm. In addition the predictive power of a 

single ratio is, normally, not as good a predictor as a 

small group of ratios. Discriminant ability is often 

improved when ratios that are not individually significant 

are added to the function. The real predictive power will 

not increase if the ratios added are highly correlated. 

Blum's (9) interest in bankruptcy was unusual in that 

his studies were for the purpose of assisting in court cases 

involving mergers. Under existing law, a company can be 

sold to a competitor if that company is on the brink of 

bankruptcy and there are no other legitimate purchase 

offers. As in other studies, Blum used a paired sample. In 
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this case, 115 failed and a like number of nonfailed firms 

were paired on the basis of industry, sales, number of 

employees and fiscal year. Blum used the fifteen-year 

period from 1954-1967 and analyzed financial statements for 

eight years preceding bankruptcy. Separate coefficients 

were developed for the discriminant functions for each of 

the eight years of interest. 

Blum used twelve variables in his model, but only eight 

of those variables consisted of financial ratios. He 

discovered that the non-ratio variables were not accurate 

predictors of bankruptcy for the first year prior to 

bankruptcy, but that for other years these non-financial 

ratio variables were more accurate in predicting bankruptcy 

than financial ratios. Since net worth at fair market 

value/total liabilities and net worth at book value/total 

liabilities were two variables used, an inference can be 

made that the market uses a richer set of data than just 

financial ratios computed from information in published 

financial statements. 

Blum's model was able to distinguish bankrupt firms 

from non-bankrupt firms for the first five years prior to 

bankruptcy. The accuracy rate was 94 percent for the first 

year, 80 percent for the second year prior to failure and 70 

percent for the third, fourth, and fifth years. As with 

other studies, Type I errors occurred more frequently than 
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Type II errors. One result of Blum's computing separate 

coefficients for each year however, is that the values, or 

weights, assigned to each variable change over time which 

creates problems for the researcher trying to access the 

relative importance of each variable. 

A study by Gentry et al. (19) tested whether or not a 

model developed by Helfert (20) and based upon cash flow 

measures can adequately classify failed and nonfailed 

companies. Gentry et al. redesigned the original model to 

include the following eight net funds flow components: 

funds from operations, working capital, financial 

transactions, coverage of fixed out-of-the-pocket expenses, 

capital expenditures, dividends, miscellaneous expenditures, 

and the change in the balance of cash and marketable 

securities. Each component was divided by total net flow to 

determine the percentage each component contributed to the 

total net flow of funds. 

The sample for the Gentry study was selected through a 

series of reduction processes. The Standard and Poor's 

Compustat 1981 Industrial Annual Research File and the 

Compustat Industrial Files were used to select 114 companies 

that had been deleted from the records during the period 

1970-1981. Only ninety-two of the 114 firms could be 

identified as bankrupt, and only thirty-three had complete 

financial information for three years prior to bankruptcy. 
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Thus the sample was reduced to thirty-three failed firms, 

matched by size and industry to a like number of nonfailed 

firms. 

This study employed MDA, probit, and logit to examine 

the predictive ability of the funds flow variables for one, 

two, and three years prior to bankruptcy. The results of 

the three (MDA, probit, and logit) were not materially 

different. The logit model correctly classified 77 to 83 

percent of the companies. 

The second part of Gentry's study was designed to 

determine how well the first model could classify firms that 

were considered financially weak. The classification was 

based upon 1979 financial data from a sample of twenty-three 

weak firms matched to twenty-three non-weak firms. Using 

the coefficients from the first half of the study, the logit 

model correctly classified 70 percent of the weak companies 

and 74 percent of the non-weak companies. 

Keasey and Watson (21) published a paper that dealt 

with bankruptcy prediction of small companies in the United 

Kingdom, where companies are required to report highly 

aggregated financial information under a law passed in 1981. 

The first part of the paper by Keasey and Watson tried to 

determine whether or not a model using a linear discriminant 

function was a better predictor of bankruptcy than a group 

of experts. The sample consisted of twenty small, single 
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plant, independent mechanical engineering companies, of 

which ten firms had failed and ten had not failed. 

Five financial ratios for three consecutive years were 

used in the statistical model. The ratios were selected so 

that the major categories of financial information and 

common usage/reference were represented. Limits on the 

ratios available for selection were present because full 

financial disclosure is not required. The linear 

discriminant model correctly classified 70 percent of the 

failed firms and 80 percent of the non-failed firms, 

percentages somewhat lower than the rates for larger 

companies. Even so, this performance was better than that 

of the experts, who correctly classified only 66.1 percent 

of the failed firms and 66.7 percent of the non-failed 

firms. 

The second part of Keasey and Watson's study compared 

the performance of a second group of forty-one trade credit 

specialists. This group was equal in size, and essentially 

equivalent in age and experience, to the first group of 

experts. The second group received all of the financial 

ratio information that had been received by both the first 

group and by the linear discriminant model, as well as 

additional information in the form of a bank reference for 

each firm. The additional data was of no use to the second 

group, however, as their performance was no better than that 

of the original group of experts. 
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Doukas (14) performed a study to determine whether or 

not a mathematical bankruptcy prediction model is a better 

predictor of bankruptcy than an experienced banker. 

Specifically, Doukas tested the Altman (3) and Springate 

(35) models against the managers of a large Canadian bank 

which supplied the data for the study. The definition of 

bankruptcy in this study was the definition used by the bank 

for problem firms. If the credit managers of the bank 

believed that there was a potential threat of a loss of 

capital or interest due to a weakened financial position, or 

if they believed a loss of collateral was considered 

possible, then the firm was classified as a problem firm. 

Doukas used an unmatched sample of twenty bankrupt and 

twenty non-bankrupt firms. These firms had borrowed funds 

between 1979 and 1982, and had provided three years of 

financial information at thetime of loan application. Both 

the Altman and Springate models were able to discriminate 

between bankrupt (problem) firms and non-bankrupt 

(satisfactory) firms in their original studies. In the 

Doukas study, however, the performance of each model was not 

so successful. The bankers in the Doukas study generated 

predictions that were equal to, or slightly better than, the 

predictions of either mathematical models. In fact, the 

total prediction accuracy for Altman's model ranged between 

68 to 80 percent, a difference reflecting little more than 
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chance. The Type I errors for years two and three were 50 

percent and 71 percent, respectively. 

The predictions of the Canadian bankers, whose accuracy 

rate ranged from 58 to 82 percent, were more accurate than 

those of the Altman model. The high value of 82 percent is 

for the first year prior to bankruptcy. This is also higher 

than the corresponding 75 percent accuracy rate of the 

Springate model, though in the remaining two years the 

Springate model outperformed the experts. Doukas' study 

concluded that experts can outperform the model. A problem 

with this conclusion is created by the definition Doukas 

gives to bankruptcy. He leaves final judgment as to whether 

a firm is classified as bankrupt or not up to management. 

This subsequent classification as a part of the model is 

more a test of internal consistency than of how well 

management can identify firms that are troubled. No 

information is provided to determine if all of the firms 

classified by the study were in fact troubled. Perhaps the 

original classification scheme was flawed, and only 50, or 

possibly 30, percent of the firms should have been so 

classified. 

Information Theory 

Information theory has been applied to accounting 

research in a number of studies, but its use is limited with 

regard to the prediction of bankruptcy (31). Theil (36), 
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who was responsible for the application of information 

theory to accounting, was soon followed by Lev (23, 24, 25, 

26, 27, 28), who has done more work in this area than anyone 

else, and Bostwick (11), Caspari (13), Ball et al. (5), and 

Babich (4). Babich's excellent explanation of information 

theory forms the basis of its discussion in this section. 

Information theory was originally developed in the 

field of electrical engineering to give a quantitative 

definition and measure to the amount of information 

contained in a message. Accounting uses information theory 

to analyze financial reports because it provides a 

quantitative definition and measure. The information 

analyzed will normally be in logarithmic form because the 

results are additive. 

As the probability of an event happening decreases, the 

information provided by the message that event E occurred 

increases. Thus the measurement of the information 

contained in a message is a decreasing function of P. When 

nothing can determine that one event is more likely to occur 

than another, probabilities are presumed equal. If, for 

example, event E, with a probability of occurrence of P, is 

predicted to happen sometime in the future, the smaller the 

P, the more surprising will be the information that event E 

occurred. 
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Presume that an individual is trying to decide whether 

or not Company A is going to become bankrupt. The 

individual subscribes to one of the statistical services 

that predict bankruptcy and receives a prediction that there 

is an 85 percent chance of the company becoming bankrupt. 

If, the following month, the individual reads in The Wall 

Street Journal that the company did in fact file for 

bankruptcy, the reader would not be greatly surprised since 

bankruptcy was expected but, if the firm continued to exist, 

the individual would probably be surprised. The information 

content of a message that goes against probability, in this 

case nonbankruptcy, is greater than the information content 

of a message that agrees with expectations, and is inversely 

related to prior probabilities. The logarithmic function 

exhibits this property. The information content of 

information that E* has occurred is log 1/P4 (P; = 

probability of E- occurring), or: 

h (P- ) = log 1/Pt- . 

This measure is ex-post, in that the message must be 

received (probability determined) before it can be computed. 

The expected information content can be stated by using the 

statistical concept of expectation, or the entropy of a 

given set of probabilities, where: 

H = Pi log l/px + p2 log l/p2 + p3 log l/p3 = ZPt log 1/p.. 
Ut fc 
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To illustrate, it may be presumed that the individual 

in our example has obtained an updated estimate of the 

probability of Company A going bankrupt. The estimate has 

risen to 90 percent, and the probability Pc has changed to 

= 90 percent. The information content is: 

h (qL) = log 1/q•. 

The incremental information of the update is given by: 

h (V>i) - h (q. ) = log l/p: - log l/q: = log q. /pt . 

The information content of the message from the statistical 

service company, then, is quite distinct from the 

information content of the notice of bankruptcy. 

Substituting the percentages given, the information 

content of the news that the company did not become bankrupt 

is: 

h (qL) = log l/.l. 

The information content of the update from the statistical 

service company or, stated another way, the message which 

transforms the prior probability P;; to posterior probability 

q L is: 

h ( P i ) - h (qL) = log .10/.15 = log .6667. 

It is impossible to evaluate h (p.) - h (q-) until news of 

bankruptcy or nonbankruptcy is received. Before that, only 

expected information content can be considered. This 

expectation is: 
ft. 

I (q:p) = Iqtlog q./p: . 
i-l 
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The above formulae can be applied to financial 

statements. For example, on a balance sheet that consists 

of n items, n proportions P; ( i = l , 2 . . . n ) can be 

obtained by dividing the monetary magnitude of each item by 

the amount of total assets. Since 

K 
IPi = 1 and P' >, 0 (for all i), 

all P's may be treated as probabilities. 

For the purpose of further illustration, suppose the 

assets for XYZ company are as listed in Table I. The 

probability of a single dollar of asset belonging to X is 95 

percent; to asset Y, 2 percent; and to asset Z, 3 percent. 

TABLE I 

ASSETS OF XYZ COMPANY 

Asset X $ 95 
Asset Y 2 
Asset Z 3 

Total Assets . . . $ 100 

Continuing the example, a token represents each dollar 

of asset, with ninety-five tokens marked X, three tokens 

marked Y, and two tokens marked Z, One token is drawn, at 

random, marked X. As this is what is expected, little 

additional information is conveyed. On the other hand, if 

the said token had been marked Y, the researcher would have 

been relatively surprised. The message would have contained 

more information since it deviated from the original 
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expectation. Prior to the arrival of the message, the 

expected information content is: 

H = Ipc log 1/Pi .95 log 1/.95 + .02 log 1/.02 

+ .03 log 1/.03. 

If the composition of assets changes during year two, 

the probabilities will also change. For example, the assets 

of XYZ company for year two are as illustrated in Table II. 

TABLE II 

ASSETS OF XYZ COMPANY FOR YEAR TWO 

Asset Amount Probability 

X $180 90% 
Y 10 5 
Z 10 5 

Total $200 100% 

The expected information content of the message, or 

financial statement, that transforms the prior probability P 

to the posterior probability q is: 

3 
Iq = Iq- log q./p; = .9 log .9/.95 + .05 log .05/.02 

w w * 

+ .05 log .05/.03. 

Theil (37) has called this measure (Iq) assets information 

of t2 given tx which indicates the nonproportional changes 

in individual assets balances. The greater the deviation 

from proportional change, the greater the informational 

content. 
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The use of information measure was first tested as a 

means of predicting bankruptcy by Lev (26). His study 

suggested that significant changes in the proportional 

relationship among items of the financial statements may 

indicate future bankruptcy. As with many other studies 

involving information measurement of accounting reports, Lev 

made comparison between-group measures. He measured the 

information content of current assets, current liabilities, 

long-term assets and long-term liabilities (including 

owners" equity) in an attempt to determine whether or not 

there is any systematic difference in the information 

content of similar groups in accounts for a failed firm and 

a nonfailed firm. A criticism of his work might be that the 

study could have provided more information had he performed 

within-group analysis in addition to the between-group 

analysis. 

For example, information might be provided as to the 

likelihood of bankruptcy if the composition of current • 

assets change disproportionately. A company might have a 

million dollars worth of current assets in years one and 

two. If the other groups—current liabilities, long-term 

assets and long-term liabilities—do not change, then no 

information is provided by between-group comparison. 

However, information might be provided if there is a shift 

in the composition of current assets, for example, the 
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accounts receivable for a company increases from 30 percent 

of total current assets to 90 percent of current assets. 

Lev's actual study was conducted with a sample of 

thirty-seven paired firms, with pairing done on the basis of 

(1) failed-nonfailed, (2) assets size, (3) industry, and (4) 

financial statement dates. Comparisons were made for 

nonconsecutive years as well as consecutive years. 

The results of Lev's study were as follows: (1) 

Information measures for bankrupt firms are larger than 

those for nonbankrupt in a majority of cases. This tendency 

increases when measurements of consecutive years are 

averaged. While individual bankrupt firms sometimes have 

smaller information measures than their paired nonbankrupt 

firms, the average information measures for all bankrupt 

firms exceed the average information measures for 

nonbankrupt firms; (2) The balance sheet information 

measures consistently display the best discriminating 

ability. For averaged data, 89 percent of the balance 

sheets of the insolvent firms contained higher information 

measures than the balance sheets of solvent firms. The 

unaveraged comparison indicated the same trend, but only 70 

percent of the failed companies' balance sheets had higher 

information measures; and (3) The comparison of 

nonconsecutive years' tests indicated that the longer the 

interval between balance sheet dates, the higher the 
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discriminating power of information measures. However, no 

trend was detected in the information measures over the 

five-year span. Overall, Lev's study concluded that 

information measures have the ability to differentiate 

between bankrupt and nonbankrupt firms for as much as five 

years before insolvency. 

Peter Booth (10) defined insolvency as the control of 

assets exercised for the benefit of creditors. His original 

sample of forty-two matched pairs was reduced to 

thirty-five, and due to this small sample size the criteria 

for matching had to be reduced so that companies were 

matched by industry only. 

Booth's study tested two hypotheses. The first 

hypothesis stated that the decomposition measures of failed 

companies are larger than those of non-failed companies. 

This hypothesis was tested by (1) comparing the relative 

values of each decomposition measure for the paired 

companies for each year before failure, and (2) for all 

possible pairs, comparing the relative average value of each 

decomposition measure over the number of years that data was 

available. The second hypothesis stated that the 

coefficients of variation of the decomposition measures of 

failed firms are larger than those of non-bankrupt firms. 

The hypothesis was accepted for: (1) The Assets 

Decomposition Measure for the average and first and fourth 
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years before bankruptcy; (2) The Equities Decomposition 

Measure for the average and all years before failure; and 

(3) The Balance Sheet Decomposition Measure for the average 

and second, third, and fourth years before failure. 

The Balance Sheet Decomposition (BSD) measures the 

information content of current assets, long-term assets, 

current liabilities, and long-term liabilities as a fraction 

of total assets. The formula for the computation of the BSD 

is: 

I, q y l o g e qi3 /p<i • 

where 

q l x = current assets as a function of twice total 

assets, 

q 2 1 = long-term assets as a function of twice total 

assets, 

q 1 2 = current liabilities as a function of twice 

total assets, and 

q22
 = long-term liabilities plus owners' equities 

as a function of twice total assets. 

Pii' P21' Pi2' an<^ P22 a r e the corresponding 

fractions in the previous year. 

The second part of Booth's paper addressed the ability 

of a ratio used in a multivariate model to predict 

bankruptcy. He tested whether or not failed companies 

possess observably different decomposition measure 
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characteristics from those of non-failed companies. Booth 

used discriminate analysis to test this hypothesis. 

Eighty-five percent of the sample was classified.correctly. 

Type I errors were more numerous than Type II errors with 

error rates of 18 percent and 12 percent, respectively. 

The next step in Booth's research was to test a 

validation sample consisting of thirteen matched pairs for 

1973 to 1979, inclusively. As a result, the accuracy of the 

model fell. A final validation sample consisting of thirty 

firms was used. When the discriminant function was run, the 

accuracy of the model was only 50 percent, which is equal to 

chance. Also, the error rate was equal (50 percent) for 

Type I and Type II errors. 

The results of Booth's study indicate that information 

measures are inadequate as the sole variables in a 

discriminant analysis bankruptcy prediction model. 

National Economic Conditions 

Very few researchers have included general economic 

conditions as variables in bankruptcy prediction models. 

Altman (1) performed the first study that considered general 

economic conditions. He attempted to explain the change in 

total bankruptcies from quarter to quarter by using 

first-difference regression in his model. Altman's model 

included changes in the gross national product, changes in 

the money supply and changes in Standard and Poor's Index of 
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Common Stock Prices. These variables were included in an 

attempt to explain the change in the number of bankruptcies 

from one quarter to the next. Surprisingly, the result 

showed very little correlation, R* = .19, between the change 

in failures and the general economic variables. 

Rose, Andrews, and Giroux (34) prepared an inquiry into 

whether or not macroeconomic indicators might provide 

accurate predictors of firm failure. The study was not an 

attempt to derive a model to predict bankruptcy of 

individual firms, but rather to show that variables 

measuring the business failure rate correlate negatively 

with cyclical changes. Rose et al. postulated, but made no 

attempt to verify, that if macro-variables were included in 

micro-predictions, forecasting accuracy would be improved. 

Quarterly failure data for the study was obtained from Dun 

and Bradstreet's Commercial Failures Data by quarter for the 

years 1970-1980. Other major data sources included the 

Business Conditions Digest and Survey of Current Business. 

Rose et al. selected a total of twenty-eight variables 

that were suggested by the major classifications of cyclical 

economic theories—monetary, savings-investment and supply, 

or cost-push. The original twenty-eight independent 

variables were reduced to thirteen by eliminating those that 

were not highly correlated with the failed index. When 

these variables were employed in a stepwise regression 
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procedure, four additional variables were eliminated, 

leaving the following nine variables with an R z of .90: 

(1) The Dow Jones industrial average, (2) unemployment rate, 

(3) profits after tax to income originating in corporations, 

(4) corporate AAA bond rate, (5) free reserves, (6) gross 

savings, (7) change in total business investment, (8) output 

per hour, and (9) new orders for durable goods to GNP. 

The second part of the study addressed the issue of 

lead-lag relationships among observed data series. 

Correlation coefficients were computed between the failure 

index and the original twenty-eight macroeconomic variables 

for up to four quarters. Fifteen variables increased their 

correlation with the failure rate. When forward stepwise 

regression was run, the variables that entered the 

computation were different from the unlagged model by only 

R a • .01 (from R z • .90 to R 1 = .91). 

Mensah's bankruptcy study (29) included macroeconomic 

data. The study divided the period from January, 1972 to 

June, 1980 into four economic phases: Phase I, steady 

growth phase from January 1972 to January 1973; Phase II, 

recessionary conditions from February 1973 to March 1975; 

Phase III, steady growth from April 1975 to December 1977; 

and Phase IV, stagflation and recession from January 1978 to 

June 1980. 
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Mensah used 110 pairs of companies divided into four 

periods. Each company had a total of thirty-eight financial 

ratios computed for it. Instead of using the ratios 

directly in a logit procedure, the author ran a factor 

analysis on the ratios. The resulting factor coefficients 

were then used to determine factor scores for all companies 

in the sample, and the factor scores were subsequently used 

in a logit analysis. The most important factors were 

cash-flow generation, liquidity, financial leverage, and 

turnover of equity. 

This study found that a model aggregated over different 

economic periods is an inferior predictor as compared to a 

model derived from periods with homogeneous economic 

conditions. 
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CHAPTER II 

RESEARCH METHODS 

Need for the Research 

Accounting is an applied discipline. The American 

Institute of Certified Public Accountants (AICPA) has, from 

early in its history, stressed the need for the practicality 

of accounting, and, in a 1939 publication, wrote: 

The committee regards corporate accounting as one 
phase of the workings of the corporate 
organization of business, which in turn it views 
as a machinery created by the people in the belief 
that, broadly speaking, it will serve a useful 
purpose. The test of the corporate system and of 
the special phase of it represented by corporate 
accounting ultimately lies in the results which 
are produced. These results must be judged from 
the standpoint of society as a whole - not from 
that of any one group of interested parties 
(3, p. 1). 

The ability to predict bankruptcy is also practical for 

a variety of users (28). The ability allows a reduction of 

missallocated resources that occurs when a firm experiences 

bankruptcy. As Lev states, 

An early warning signal of probable failure will 
enable both management and investors to take 
preventative measures; operating policy change, 
reorganization of financial structure, and even 
voluntary liquidation will usually shorten the 
length of time losses are incurred and thereby 
improve both private and social resource 
allocation (18, p. 134). 

35 
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This study is an endeavor to refine the predictive 

ability of bankruptcy models. While prior studies have used 

financial ratios and/or measures of information theory to 

predict bankruptcy, this study attempts to demonstrate the 

need to include general or national economic data (NED) and 

economic data that is localized for the geographic region of 

interest, as well. This study, in particular, used economic 

data for the state of Texas (TED). 

Research has indicated that models that predict 

bankruptcy can be used by both creditor and equity investors 

to more accurately identify companies that will become 

bankrupt (20). Surprisingly, surveys of actual practice 

indicate that the use of models to aid in the prediction of 

bankruptcy is very limited (7). Existing services which 

evaluate businesses as to the likelihood of bankruptcy are 

primarily restricted to the rating of large industrial firms 

listed on a stock exchange (2), a phenomenon which indicates 

that researchers may not yet have developed a model that 

accurately predicts bankruptcy of unlisted firms. This 

research project, then, is one step in the process of 

producing a model for the small firm. In particular, the 

purpose of this study is to determine whether or not some 

combination of four groups of variables—financial ratios, 

information measure, measures of national economic data 

(NED) and Texas economic data (TED)--is a better predictor 
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of bankruptcy than a single group of variables, such as 

financial ratios. 

Selection of Probability Cutoff Point 

The relative seriousness of a Type I error as 

contrasted to the seriousness of a Type II error is an 

important consideration in any research. Cooley (9) used a 

simulation model to demonstrate that the selected cutoff 

point, used to differentiate between two groups, varies with 

whether or not misclassification cost and/or the chance of 

misclassification are considered. The Japanese, when 

predicting bankruptcy of a firm, normally use a model that 

gives them multiple cutoff points. For example, they might 

wish to determine the cutoff point that misclassifies the 

least number of firms; the point that, for firms classified 

as nonbankrupt, gives the highest percent of correctly 

classified firms; or the point dictated by a probability 

percentage. Flexibility allows the user of a model to have 

the final judgment as to which firm should be classified as 

bankrupt (29). 

Takahashi and Kurokawa (29) have advocated six cutoff 

points: 

Cutoff point Cj_. --This is the point at which the 

overall probability of misclassification becomes minimal 

assuming that both populations have normal distribution. 
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Cutoff point C-,.—This is the point at which the 

probability of the Type I error (misclassification of failed 

firms as non-failed firms) becomes 1 percent, assuming that 

both populations have normal distribution. 

Cutoff point C-,.—This is the point at which the 

probability of the Type I error becomes 5 percent, assuming 

that both populations have normal distribution. 

Cutoff point C A.—This is the point at which the number 

of firms misclassified becomes minimal. 

Cutoff point C c.—This is the point at which the number 

of failed firms misclassified becomes minimal. 

Cutoff point C 6.—This is the point at which the number 

of non-failed firms misclassified as failed (Type II error) 

becomes zero. 

The underlying assumption of these points is that the 

relative importance of a Type I or II error changes with the 

environment and the purpose for making a given decision. 

The use of multiple points requires that multiple criteria 

be used to judge which model is best. According to Beaver, 

Kennelly, and Voss (6), the best measurement is the one that 

is the best predictor of the criteria of interest. When 

multiple criteria are used, a model cannot be determined to 

be a better predictor than a second model unless the first 

model out-performs the second in all categories or unless an 

arbitrary weighting scale is assigned to the criteria. 
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Each cutoff point in Takahashi's analysis has an 

unstated assumption about the relative cost or importance of 

Type I versus Type II error. Cutoff points Cx and C 4 

presume that the cost of a Type I error is equal to the cost 

of a Type II error. The usefulness of a model is maximized 

when the probability of error is minimized. While these 

criteria are adequate for some purposes, they are not 

adequate for an applied discipline such as accounting in 

which the cost of a Type I error may differ from the cost of 

a Type II error. 

Cutoff points C2 and C3 do consider the relative costs 

of a Type I and Type II error. The probability of error was 

set at 1, or 5, percent because of convention. Normally, 

the area between 1 percent and 10 percent is considered 

ambiguous in the decision to reject or not to reject the 

null hypothesis. But, the percentages can be changed to 

meet the specific research needs and environment. For 

example, if, in a given research environment, a Type I error 

is fifty times as expensive as a Type II error, then an 

alpha rate of 1 percent might be acceptable, but if, in 

another situation, a Type I error is only ten times as 

expensive as a Type II error, then an alpha rate of 5 

percent might be acceptable. 

Cutoff point C5 presumes that the cost of Type II error 

is zero, or immaterial. Cutoff point C6 presumes that the 
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cost of a Type I error is zero, or immaterial. Cutoff point 

C5 would be applicable to the investor and creditor when the 

opportunity to invest or lend to sound firms surpasses the 

availability of funds. 

The SBA is a federally funded government agency that 

has greater opportunity to invest or lend to sound firms 

than it has funds available. The purpose of the SBA is 

mandated by congress (30, pp. 631-639). Some of those 

purposes are: 

1. To aid, counsel, assist, and protect the 

interest of small businesses; 

2. Make loans to small businesses; 

3. Make special loans to the handicapped 

and to nonprofit organizations that 

employ the handicapped; 

4. Make special loans to businesses in 

areas of high unemployment or low 

average income; and 

5. Provide advocates for minority and 

women-owned businesses. 

If the sole purpose of the SBA was limited to 

minimizing the number of its defaulted loans then a cutoff 

point selected to differentiate between the high risk and 

low risk firm would be relatively easy to determine. This 

is not the case. The SBA must make a compromise between 
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minimizing its dishonored loans and approving marginal loans 

that help fulfill one of the other mandates of congress. 

Therefore, for the purpose of this research the cutoff point 

was arbitrarily set at .5 because there is no practical 

means to accurately determine the costs of either Type I or 

Type II errors. Actual users of a model can and should set 

the cutoff probability they find most beneficial, as they 

are in the best position to estimate the costs of Type I and 

Type II errors in their given situation. 

Research Question 

The general research question is, "What type of 

variables should be included in a research model to obtain 

the most accurate predictions of bankruptcy?" This study 

employed a single definition of accuracy, and because 

capital was assumed limited, a point similar to point C5 of 

Takahashi and Kurokawa's (29) analysis was used. This is 

the point at which the number of failed firms misclassified 

becomes minimal. Stated another way, the model that 

misclassified the least number of bankrupt firms was 

considered the best model for this study. 

A total of twelve predictive models were developed: 

1. FR is limited to financial ratios only. 

2. FRSD combines financial ratios with Texas 

economic data. 

3. FRED combines financial ratios with general 

economic data. 
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4. FRIM combines financial ratios and information 

theory measure variables. 

5. IM is limited to information theory measure 

variables only. 

6. IMSD combines information theory measure 

variables with Texas economic data. 

7. IMED combines information theory measure 

variables with general economic data. 

8. FIT combines financial ratios and information 

theory measure variables with Texas economic 

data. 

9. FTE combines financial ratios and Texas 

economic data with general economic data. 

10. FIE combines financial ratios and 

information theory measure variables with 

general economic data. 

11. ITE combines information theory measure 

variables and Texas economic data with 

general economic data. 

12. FITE combines financial ratios, information 

theory measure variables and Texas economic 

data with general economic data. 

National economic data was combined with financial 

ratios and information theory measure variables because it 

seemed logical that the proper, or ideal combination of 
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assets, liabilities, et cetera would vary with the economic 

environment. For example, during times of high interest 

rates, the best managed company which is least likely to go 

bankrupt might have relatively few liabilities. If the 

economy were to change to low interest rates and high 

inflation, the company least likely to go bankrupt might be 

the one with a large amount of liabilities. 

The sample for this study was selected from the Dallas 

office of the SBA, which services Texas companies. The 

economy of Texas differs from the economy of the nation. 

For example, the Texas economy is much more dependant upon 

oil production than the nation, as a whole. Texas economic 

data was made part of this study to determine if its 

inclusion would improve the accuracy of bankruptcy 

predictions. 

The null hypotheses used to test the twelve models 

listed above are: 

H0_1 : The financial ratios (FR) model is 
the best predictor of bankruptcy. 

ho_2 : T^e combined financial ratios and 
Texas economic data (FRSD) model is 
the best predictor of bankruptcy. 

H0_3 : The combined financial ratios and 
general economic data (FRED) model 
is the best predictor of bankruptcy, 

Ho 4 : The combined financial ratios and 
information measure (FRIM) model is 
the best predictor of bankruptcy. 

H0_5 : The information measure (IM) model 
is the best predictor of bankruptcy. 
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HO_6 : T h e combined information measure and 
Texas economic data (IMSD) model is 
the best predictor of bankruptcy. 

H0 7 : The combined information measure and 
general economic data (IMED) model is 
the best predictor of bankruptcy. 

Ho_8 : The combined financial ratios, 
information measure, and Texas 
economic data (FIT) model is the best 
predictor of bankruptcy. 

H0_9 : The combined financial ratios, Texas 
economic data, and general economic 
data (FTE) model is the best predictor 
of bankruptcy. 

H0_io
 : The combined financial ratios, 

information measure, and general 
economic data (FIE) model is the best 
predictor of bankruptcy. 

H o _ n : The combined information measure, 
Texas economic data, and general 
economic data (ITE) model is the best 
predictor of bankruptcy. 

Ho_i2 : The combined financial ratios, 
information measure, Texas economic 
data, and general economic data (FITE) 
model is the best predictor of bankruptcy. 

Contributions of the Research 

To predict bankruptcy, most accounting researchers have 

used financial ratios, with information measure as a second 

choice, and macroeconomic data as a rare third choice. One 

way this research contributes to the existing body of 

accounting research is by focusing on the ability of general 

economic data, when combined with financial ratios and/or 

information theory measure variables, to accurately predict 

bankruptcy for a small to mid-size firm. 
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Data from financial statements give an imperfect 

representation of the well being of a firm. Ratio analysis 

and information measures are two separate ways of grouping 

and analyzing this data to mitigate the effects of the 

imperfections. 

Johnson (16), Rose, Andrews, and Giroux (25), and 

Mensah (21) have advocated the use of macroeconomic data in 

the prediction of bankruptcy of an individual firm. Their 

work suggests that macroeconomics should be a consideration 

in any bankruptcy prediction model as the state of the 

economic environment has an inverse correlation with the 

occurrence of bankruptcy. A second contribution of this 

research is to expand the general knowledge of bankruptcy of 

the small to midsize firms. Most researchers have neglected 

the small firm and geared their research to the large firms 

listed on the stock exchanges. 

Another contribution of this research is to determine 

if the significant variables in Edmister's (12) study would 

also be significant in this study. Will Edmister's finding 

as to significant variables be replicated? If so, the 

likelihood of the generalizability of this finding will be 

increased. 

This research project is also beneficial in providing 

some knowledge as to the national macroeconomic variables 

that are significant in predicting failure of specific 



46 

firms. Also, a search of the literature did not discover a 

single bankruptcy study that included state-specific 

economic data. Therefore, the inclusion of regional 

economic data is a new contribution to research concerning 

bankruptcy. This would not be appropriate unless the 

company in the research population is restricted to one 

state or region. 

General Limitations 

The following are some of the general limitations of 

the study: 

1. No attempt is made to include all information 

sources in the model. The environment in which a 

bankrupt or nonbankrupt firm exists is extremely 

multifaceted. It is impossible to represent all 

aspects of that environment in any single model. 

This project attempts to bring in four important 

types of variables. A common mistaken assumption 

is that a firm becomes bankrupt because it has 

suffered a single disaster. Actually, most bank-

ruptcies are created by the accumulation of the 

effects of numerous weaknesses. 

2. No attempt is made to explain why some particular 

ratios, information theory measure variables, or 

economic data contain predictive abilities while 

others do not. The lack of theory to explain why 

or what has predictive power limits generaliz-
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ability of any bankruptcy model. 

3. The generalization of this study is limited to 

the Dallas office of the SBA. No attempt is 

made to generalize the findings to any other 

office, agency, lending institution, et cetera. 

Sample Selection 

The first criterion for the selection of the sample was 

that the firm under consideration had borrowed funds through 

a federally subsidized program or agency such as the Small 

Business Administration or the Federal Land Bank. This 

study stipulated this criterion because the regulations and 

requirements to obtain a loan are constant across state 

lines, and the data submitted by the borrower must meet 

minimum standards. 

The next criterion required a company's financial data 

for at least three consecutive years prior to its receiving 

a loan from a federally subsidized program or agency. For 

example, if a loan was granted in 1980, then financial 

statements for 1977, 1978, and 1979 were used in the study. 

The SBA provided the sample for this study. Edmister 

(13) used a national data bank of the SBA which was 

available when he did his research, but which the SBA has 

now eliminated. An attempt was made, for this study, to 

obtain samples from several SBA offices. The information is 

supposed to be available under the Freedom of Information 
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Act. However, the SBA offices reacted by not responding to 

written inquiries or by indicating that the information 

could not be provided. The Dallas office gave, initially, 

the same response, but, after this researcher made several 

personal visits and telephone calls, wrote a letter to a 

congressman, and held a conversation with the freedom of 

information officer, Dallas decided to provide the sample 

data. 

Therefore, because of the difficulties involved in 

obtaining the information from the SBA, the expense that 

would have been involved in the apparently necessary 

personal visits to other SBA offices, and the doubtfulness 

of obtaining a sample from these other SBA offices, Dallas 

was the only office used to obtain the sample for this 

study. 

The sample selection was designed to address two 

criticisms of bankrupt studies, a bias that results from 

"oversampling" bankrupt firms and a bias that results from 

using only "complete data" samples. 

"Oversampling" is when the proportion of bankrupt firms 

does not correspond with the proportion of actual 

bankruptcies in the population. Although the bias may not 

distort overall classification and prediction accuracy, it 

will bias parameter and probability estimates. To eliminate 

oversampling in this study, the sample bankruptcy rate was 
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selected to approximate the actual rate. A study by 

Zmijewski (31) demonstrated that bias resulting from 

oversampling decreases when sample composition 

(bankruptcy/nonbankruptcy) approaches the population and the 

bias was eliminated when an adjustment procedure of probit 

(weighted exogenous sample maximum likelihood probit) was 

used. This research study used an adjustment procedure of 

logist (weighted maximum-likelihood estimates) and a sample 

composition that approaches the population composition. 

The "complete data" requirement affects the estimation 

of a model if the probability of bankruptcy for a company 

with complete data is different from the probability of 

bankruptcy for a company that did not publish complete 

financial records. The SBA requires a minimum amount of 

financial information as part of the loan application 

package. Therefore, all companies of the population of this 

study have complete financial information. 

Selection of Variables 

Selecting variables without theoretical justification 

has been criticized in bankruptcy prediction as it has in 

other areas. Knowledge of what causes bankruptcy has not 

advanced to a stage that allows the development of a 

unifying theory. For example, Piatt (24) indicated that 

precise rules do not hold for bankruptcy. Rules, instead, 

must be replaced by reasons why a company became bankrupt, 
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such as too few current assets to pay current liabilities, 

too little capital to expand or absorb losses, or problems 

with cash-flow cycles. In contrast to Piatt., The Dun and 

Bradstreet Failure Record (11) listed several prime causes 

of business failure, such as inadequate sales, heavy 

operating expenses, receivables difficulties, inventory 

difficulties, excess fixed assets, poor location, and 

competitive weakness. 

John Argenti (4) asked ten British experts their 

opinions as to the primary reason(s) for bankruptcy. Each 

expert expressed a different primary reason. While the 

author did not indicate that there is complete disagreement 

among bankruptcy experts as to its cause(s), the point is 

well made that there is little consensus as to what causes 

bankruptcy. 

One reason that a unified theoretical base has not been 

formed to determine the selection of variables in a 

bankruptcy prediction model is that a financial ratio 

variable represents a symptom and not the underlying cause 

of bankruptcy. Managers are normally aware of the symptoms 

and often will take steps to correct or eliminate the 

symptoms that point to bankruptcies. At the same time, 

these managers are often incapable or unwilling to correct 

the underlying causes of the impending bankruptcy. Many 

managers, aware that investors and creditors use financial 



51 

ratios to judge the financial health of an organization, 

resort to creative accounting, and other tricks, to 

"improve" key indicators of financial strength. This 

manipulation of the financial ratios reduces the predictive 

value of these ratios. 

Bad management is the most common reason for the 

failure of a firm (4, 11, 24, 26). Although this 

classification is too broad to be useful, some specific 

types of mismanagement can be employed in predicting 

bankruptcy. A common form of mismanagement occurs when a 

firm expands faster than it should; even the best planned 

and organized rapid expansion will place strain on a sound 

firm. If the expansion is not carried out efficiently and 

effectively, or if the company does not have access to 

adequate amounts of capital, it can mean disaster for the 

expanding firm. 

When a company expands, it must inject cash into 

inventory, accounts receivable, and other areas of the 

business at approximately the same rate at which the firm is 

expanding. Thus, if a company is expanding, for example, at 

20 percent per year and has a reasonable 20 percent return 

on capital employed, the company would have to pay 

approximately one-half of the profit for taxes and 

one-fourth as dividends, leaving only one-fourth of sales 

profit to finance the expansion. The increase in required 
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investment in accounts receivable, inventories, et cetera 

would require more than the 5 percent of sales revenue. The 

firm would have to borrow or issue stock in order to expand 

sales. 

The increase in business, in and of itself, will 

normally not cause bankruptcy. If the quality of the 

increased business is the same as previous business, banks 

will normally be more than willing to lend additional funds. 

The danger of bankruptcy comes when the quality of new sales 

deteriorates. This deterioration may come in the form of 

increased bad debts, increased production costs, or 

inability of management to control the larger organization. 

Another cause of bankruptcy is too much leverage, a 

high ratio of debt to equity. In recent years companies 

have become more and more dependent upon creditors. During 

the ten year period between 1965 and 1975, for example, the 

market value of debt to the market value of the firm grew 

enormously. In 1965 the ratio was .159; ten years later the 

ratio grew to .316. At the same time, the interest rate 

also increased. The average interest rate on a new issue of 

AA corporate utility bonds more than doubled in the same ten 

year period (14). There is a limit to what any company 

should borrow and that limit varies with the company and 

with general economic conditions. If there is a decline in 

the economy, or a lost contract, the over-extended company 
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is in trouble. Nonbankruptcy may depend on something that 

may not occur, such as a new contract. 

The probability that a firm can borrow funds is also 

partly dependent upon the amount of funds that lending 

institutions have available to lend. Two measures of the 

availability of funds are the amount of free bank reserves 

and gross national savings. 

In times of economic depression, high interest rates, 

or both, it becomes very important to look at a company's 

leverage. If a company has to use 50 percent of its profits 

to service its debt, what happens when there is a decline in 

the economy or in the firm's profits? One possibility is 

that creditors will look elsewhere to lend their money or, 

at the least, increase their interest rate. The former 

could force the company into immediate bankruptcy while the 

latter compounds the firm's problem and might eventually 

force either a voluntary or involuntary filing for 

bankruptcy. 

Since no unified theoretical base exists to determine 

the selection of variables in a bankruptcy prediction model, 

there are no theoretical parameters when selecting 

variables. To the extent possible, the selection of 

variables for this study was based upon prior studies. This 

study used SBA data; Edmister used SBA data. The financial 

ratios used as variables in this study were the same 
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variables that Edmister (12) found to be significant in his 

study: 

1. quick, 

2. cash flow to current liabilities, 

3. current liabilities to equity, 

4. net working capital to sales, 

5. equity to sales, and 

6. inventory to sales. 

Each variable had a value for the third, second, and first 

year prior to the year in which the loan was granted. The 

mean of these three observations was used to create a fourth 

value. Thus, each company had a total of twenty-four 

financial ratio variables. 

The information theory variables selected were as 

follows: 

1. Information measure of the between-groups of 

assets, 

2. Information measure of the between-groups of 

current liabilities, long-term liabilities, 

and stockholders' equities, 

3. Information measure of the within-group of 

current assets, 

4. Information measure of the within-group of 

of current liabilities, and 

5. Information measure of the between-groups 

of long-term assets and long-term liabilities. 
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Each variable contained data for three years prior to the 

year in which the loan was granted. Three variables were 

computed from each between-group and within-group 

comparison, therefore each company has fifteen information 

measure variables. The within group comparison was limited 

to current assets and liabilities because these 

classifications were the only ones with sufficient detail. 

Lev (19) and Park (23) used the same between group 

information measure variables used in this study. 

This study selected the same general economic variables 

as those used by Rose et al. (25): 

1. Dow Jones industrial average, 

2. Unemployment rate, 

3. Profits after tax/income originating 

in corporations, 

4. Corporate AAA bond rate, 

5. Free reserves, 

6. Gross saving, 

7. Change in total business investment, 

8. Output per hour, and 

9. New orders for durable goods. 

The data for these macroeconomic variables were from the 

last quarter of the year prior to the year in which a loan 

was granted to a firm. Macroeconomic data in general is not 

accurate, but the macroeconomic data used in this study is 
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as accurate as is available. I decided that it was better 

to use the data and inform the reader of its inaccuracy than 

not to use the data. 

The selection of TED variables was based upon the Rose 

et al. article (25) on the use of national economic data as 

predictors of bankruptcy. The variables in the TED model, 

to the extent practical, duplicated the variables of one set 

of economic theories used in the article, the supply 

(cost-push) set of theories. 

The Consumer Price Index and Unit Labor Cost Index were 

two supply theory variables used by Rose et al. and are 

available at the national and state levels. The last two 

variables of the supply theory portion of the Rose et al. 

model, profits after taxes to income originating in 

corporations and after-tax corporate profits, are not 

appropriate at the state level because they deal with the 

after tax profits of corporations. While it is appropriate 

to equate corporate profits with the condition of the United 

States national economy, it is not justified to equate the 

economic condition of Texas to the profit of the 

corporations that are chartered in the state. Companies 

that are chartered in Texas do business in other states, and 

companies chartered in other states have offices in Texas. 

Instead of using corporations, this study selected the 

oil industry and agriculture—agriculture was divided into 
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two parts because farming and cattle production are two 

separate industries. These industries are major components 

of the Texas economy, and their revenue data is readily 

available on an annual basis. Many firms in the state are 

directly or indirectly connected with these industries; when 

a major industry of Texas is depressed, the number of firms 

going bankrupt in Texas should increase. 

Multiple Regression 

Multiple regression (MR) (12) and multiple discriminate 

analysis (MDA) (1, 5, 8, 27) are widely used statistical 

techniques in researching bankruptcy. The assumptions made 

under MDA and MR are very different, but the results are 

normally the same. For example, Collins and Green (10) 

compared a model that used MDA with one that used MR. Using 

a sample of one hundred sixty-one firms, the performance of 

the two models was identical. 

This study used MR to predict the default of firms. 

The model derived by using MR bases classification on a set 

of characteristics observable in members of the groups. MR 

can be used as a discriminate analysis technique if the 

research study defines the group categories as dependent 

variables and the discriminating values as independent 

variables (17). Stated another way, discriminate functions 

can be computed by using multiple regression when dummy 

variables serve as criteria and independent variables are 

predictor variables (15). 
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Researchers often use a single binary (0 or 1) 

dependent variable and n independent variables. The form 

can be expressed as: 

Y - |80 + /Sj Xj + |32 X2 + . . . ft, X*, 

where 
A 

Y = regression score, 

£0 = intercept, 

= regression coefficient, 

X K = independent variable. 

Y will usually have a value of 0 if the firm being analyzed 

belongs in group I (defaulted) and a value of 1 if the firm 

being analyzed belongs in group II (nondefaulted). 

When MR is used with dichotomous dependent variables, 

two special problems arise: (1) The error terms can have 

only two values; and (2) The error terms do not have equal 

variance. These problems cause violations of two of the 

underlying assumptions of MR: (a) The error terms have a 

normal distribution; and (b) The variance of the error terms 

are constant (22). 
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CHAPTER III 

RESULTS OF THE MODELS 

Data Reduction 

The large number of variables in this study made a data 

reduction technique necessary. Computation of SBA data 

produced twenty-four financial ratios and fifteen 

information measure variables; five figures were taken from 

the Texas index and nine from the United States index. It 

would be unrealistic to expect all of these figures to be 

meaningful or to have an influence in yielding a model. As 

no theoretical justification exists for the proper use of a 

method to produce the appropriate number of variables, this 

study employed a stepwise procedure which demanded that a 

variable be significant at the .15 level before it was 

allowed to enter the regression. 

The original fifty-three variables were reduced to the 

following nine: 

1. X62 is the ratio of inventory to sales in the 

second year prior to the year in which the 

loan was granted; 

2. X53 is the ratio of equity to sales for the year 

prior to the year in which the loan was granted; 

3. X63 is the ratio of inventory to sales for the year 

just prior to the year in which the loan was made; 
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4. XX6 is the mean of the ratio of inventory to sales 

for the three years; 

5. 1231 is the information measure of the between-

groups of current liabilities, long-term 

liabilities, and stockholders' equity of the first 

first and third years prior to the year in which 

the loan was granted; 

6. 1321 is the information measure of the within-group 

of current assets for the second and third years 

prior to the year in which the loan was granted; 

7. 1331 is the information measure of the within-group 

current asset for the first year and third year 

prior to the year in which the loan was granted; 

8. OP is oil production in the year prior to the loan; 

and 

9. GS is the gross national savings for the year prior 

to the year of the loan. 

This study maintained the integrity of each of the four 

sets of variables--financial ratios, information measure, 

Texas economic data, and national economic data--while using 

the logist procedure of SAS (2, pp. 269-293.) to ascertain 

the significance of each individual variable within a given 

model. In addition, this study determined incremental 

contribution of each set of variables, as well as how a 

change in a variable coefficient would affect the 
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probability of a firm being bankrupt. Each set was placed 

in an order determined by a logical assessment of set 

ordering. Financial ratios, the most often used, became the 

prime set of variables for this study and were entered into 

the logist procedure first. These variables were 

hierarchically ordered by the previously run stepwise 

regression: (a) X62 (b) X53, (c) X63, and (d) XX6. 

Information measure variables were the second set of 

variables to enter the logist procedure. As with the ratio 

variables, their ordering was determined by the stepwise 

regression procedure: (a) 1231, (b) 1321, and (c) 1331. 

The third set of variables, Texas economic data (TED), 

was reduced to a single variable—oil production revenue. 

The final set of variables, national economic data (NED), 

was also reduced to a single variable—gross national 

savings. 

The R statistic of the logist procedure is similar to 

that of the multiple correlation coefficient, except an 

important difference for the purpose of this study is the 

adjustment made by logist to penalize for the number of 

parameters estimated. The R does not necessarily increase 

in size when variables are added, so to create an increase 

in R, the model chi-square must increase by more than 2. A 

model that predicts perfectly has an R value of 1. R2, is 

the proportion of log-likelihood explained by that model. 

R* is computed: 
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R 

P 

,2" = (model chi-square -2p)/(-2L(0)) , 

= number of variables in the model 

excluding intercepts, and 

1.(0) = the maximum log-likelihood with only 

intercepts in the model. 

The entry of the first set of data, the FR model, 

produced an R* of .12, which indicates that 12 percent of 

the variance, or difference in bankrupt and nonbankrupt 

firms, is explained by the financial ratios entered into the 

procedure. Only the X53 variable was significant at the .05 

level. Table III explains the partial effects and fully 

partialed effects of the financial ratio variables. 

TABLE III 

PARTIAL AND FULLY PARTIALED EFFECTS OF VARIABLES 

Initial Entry Final Results 

Chi- Indiv. Chi- Indiv. 
Variables Square P* R Square P* R 

Intercept 34.89 .0000 • .13 .7137 » 0 

X62 3.47 .0627 -.124 2.05 .1517 -.024 
X53 5.75 .0165 .199 3.04 .0810 .105 
X63 3.61 .0574 -.130 2.76 .0969 -.089 
XX6 1.75 .2863 .000 .82 .3645 .000 
1231 .10 .7466 .000 .15 .7022 .000 
1321 5.04 .0247 -.179 4.54 .0331 -.164 
1331 6.71 .0096 .223 4.49 .0341 .162 
OP 4.45 .0349 -.161 .55 .4589 .000 
GS .02 .8902 .000 .02 .8902 .000 

kP = Probability of Chi-Square happening by chance, 
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The entry of the second set of variables created the 

FRIM model and increased the Rl, or fit of the model, to 19 

percent, an increase of 7 percent. Stated another way, the 

addition of information measure variables explained an 

additional 7 percent of the difference between bankrupt and 

nonbankrupt firms. In this second set of variables, 1321 

and 1331 were significant. The partial and full effects can 

be reviewed in Table III. 

The entry of the third variable set, which only 

contained the variable OP and created the FIT model, 

increased the R* to 23 percent, an incease of 4 percent. 

This new variable was statistically significant. 

Entry of the fourth, and final, variable set, which 

only contained the variable GS and created the FIT model, 

decreased the R 2 to 22 percent. This individual variable 

was not statistically significant. 

The three models (FR, FRIM, FIT) discussed in this 

section and the two forms of the FIT model (INT form, FIN 

form) were all statistically significant at the .001 level. 

The probability of the chi-square happening by chance is 

given in Table LXVIII of Appendix A. 

Individual R statistics, or "partial Rs," were provided 

for each independant variable. This statistic provides a 

measure of the contribution of each variable to the model. 

Individual R was computed by: 
'/z 

R = ((MLE chi-square -2p)/(-2L (O))) , 
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MLE = maximum-likelihood estimate computed by the 

Gauss-Newton method, 

L(0) = maximum log-likelihood with only intercepts 

in the model, and 

The individual R is given the sign of the variable 

coefficient (2). 

A review of the Initial Entry section of Table III 

indicates that three variables—XX6, 1231, and GS--did not 

add to the model and could be eliminated. The individual R 

values of the Final Results section also indicate that XX6, 

1231, OP, and GS could be eliminated. The addition of GS 

caused OP to become too insignificant to contribute to the 

model, which indicated that the two variables are redundant 

or interrelated. The unique part of each variable was not 

sufficiently related to bankruptcy to allow either variable 

to contribute to the model if both were in the same model. 

The original contribution of OP is now included in the 

intercept term. 

Two forms of the model were run in the logist procedure 

to verify the above conclusions. The initial form (INT) of 

the FIT model contained the variables X62, X53, X63, 1321, 

1331 and OP. The final form (FIN) of the model contained 

the same variables as the INT, save OP. The comparison of 

these two models showed that the model with OP is superior 

to the model that excludes OP. This superiority is based 
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upon (a) a higher R z value, and (b) a higher number of 

bankrupt firms correctly identified at cutoff points .5 and 

.75. 

The INT form had an Rz of .23. This is equal to the R* 

of the FIT model, which contained all eight variables of the 

first three sets (X62, X53, X63, XX6, 1231, 1321, 1331, OP). 

Both models correctly identified the same number of bankrupt 

firms. The same predictive power with a reduced number of 

variables is a criterion that could be used to rate the INT 

form superior to the FIT model. 

Table IV gives the coefficients, or Betas, for the 

variables of the model that contains all four sets of 

variables. The Beta for the X62 is -5.02. The negative 

sign of the coefficient, Beta, indicates that, ceterus 

paribus, as the size of the ratio increases the probability 

of a firm being nonbankrupt decreases. 

TABLE IV 

BETA VALUES OF THE VARIABLES 

Variable Beta 

Intercept J-8 . 95875601 
X62 -5.02119011 
X53 1.88763873 
X63 -5.10324589 
XX6 6.75863941 
1231 0.10138811 
1321 -2.56862741 
1331 8.49183186 
OP -0.01072578 
GS -0.07606441 
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The size of the coefficient affects how much the 

probability of a firm being bankrupt changes with a unit 

change in the value of X63. For example, firm 22 has an X62 

value of .151. If the value were to increase by .100, to 

.251, then the probability of firm 22 being bankrupt would 

increase. The .100 increase in an X63 value would decrease 

the logit value by .502. Tables are readily available that 

will make the conversion of a logit value to a probability 

figure (1, pp. 267-270). 

Analysis of Individual Models 

The twelve models will be analyzed to determine how 

well each predicted whether or not a firm is bankrupt. For 

this section of the paper, financial ratios and information 

theory variables will be treated as two separate methods of 

predicting bankruptcy. Information theory variables will be 

combined with financial ratio variables, NED variables and 

TED variables. Also, financial ratio variables will be 

reviewed in various combinations with and without 

information theory variables. 

In the Research Question section of Chapter II, the 

best model is identified as the one which correctly 

classified the most bankrupt firms. The level of 

confidence, or probability, of classifying a firm as 

bankrupt was identified in Chapter II, Selection of 

Probability Point. For comparison, this study will view two 
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levels (.5 and .75) of probability, but for purposes of 

selecting the best model, will use on.~y the 50 percent 

chance of a firm being bankrupt or nonbankrupt. 

This study deals with an existing organization 

possessing an existing review structure and an historic 

failure rate. The sample failure rate approximates the 

failure rate of the SBA, and the same failure rate (10+ 

percent) was used in the logist procedure of SAS, which 

means that the observations are weighted in proportion to 

the SBA failure rate when the log-likelihood function and 

its derivatives are computed (2). 

As the criteria of classification of bankruptcy change, 

the number of firms classified as bankrupt also changes. If 

the criteria change from a 50 percent chance to one where, 

for example, a 90 percent chance of a firm being a 

nonbankrupt firm is required before it is classified as 

such, the number of firms classified as bankrupt will 

increase. The logist procedure allows one to rank firms in 

order of probability. The user can select a number of 

selection schemata, such as the best n number of firms or a 

given percentage. 

All models were statistically significant. An increase 

of more than two in the chi-square value gives statistically 

significance and will cause an increase in R2-. As in this 

study, any time a new set of variables was added to a model 
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the chi-square increased by more than two, unless the TED or 

the NED set was added to a model that already contained a 

set of macroeconomic variables. In all cases the addition 

of a second set of macroeconomic data did not increase the 

chi-square by two or more. For example, when the TED set of 

variables was added to the FRED (financial ratios and TED) 

variables to make the FTE model, the chi-square increased by 

only .07 (from 26.19 in the FRED model to 26.26 in the FTE 

model). Table LXVIII in Appendix A gives the chi-square, 

degrees of freedom, and P and R values for each model. 

The FR Model 

The FR model consists of financial ratio data only. 

Stepwise regression selected four variables for this model, 

and the logist procedure generated the following formula 

using the four variables: 

B - 2.69 - 6.29 X62 + 1.33 X53 - 4.83 X63 + 8.35 XX6. 

Table V gives the probability of repaying the SBA loan 

(nonbankruptcy) assigned to each bankrupt firm. The 

probabilities ranged from a low of 8 percent to a high of 97 

percent. If the SBA had used this model in addition to its 

existing selection process, and wished to eliminate all 

bankrupt firms, it would have had to select only the firms 

with a probability higher than 97 percent. This would mean 

that only eight of the 138 firms in the sample would have 

been approved for loans, demonstrating that this model is 
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not perfect and cannot completely eliminate the possibility 

of bankrupt firms being classified as nonbankrupt. As 

indicated in the data reduction section of this chapter, 

only a relatively small portion of the variance is explained 

by the model. 

TABLE V 

PREDICTED PROBABILITY OF NONBANKRUPTCY 
FOR BANKRUPT FIRMS 

Firm Rank 
Probability of 
Nonbankruptcy 

10 10 .97 
15 133 .61 
16 47 .94 
28 38 .94 
29 130 .75 
42 61 .94 
43 136 .35 
44 100 .91 
64 135 .54 
65 138 .08 
66 37 .94 
90 137 .15 
91 90 .92 
92 106 .88 

118 96 .91 

More realistic expectations are present when using 

cutoff points such as those selected for this study. Table 

VI presents the confusion matrix for the .5 cutoff point. 

Only three firms were identified as bankrupt by this 

criterion; all three were correctly identified. This means 

that 135 of the 138 firms would have been approved for 
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loans, and that 123 of these 135 firms repaid their loans, 

This is a 91.1 percent repayment rate. 

TABLE VI 

CONFUSION MATRIX* OF THE FR MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 3 12 20.0 
Nonbankrupt 123 0 123 100.0 

Total 138 3 135 . . . 

Table VII shows that 126 firms were correctly 

identified by the FR model. This is a 91.3 percent success 

rate. 

TABLE VII 

FIRMS CORRECTLY CLASSIFIED* BY THE FR MODEL 

Firms Number Percent 

Bankrupt 3 20.0 
Nonbankrupt 123 100.0 

Total 126 91.3 

'Using a P of .5 as a cutoff point 

Tables VIII and IX give the same information for the 

second cutoff point (.75) as Tables VI and VII gave, 
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respectively, for the 50:50 cutoff point. The number of 

firms identified by the model as bankrupt rose to nine; six 

of these were actually bankrupt companies. The model 

correctly identified 40.0 percent of the bankrupt firms and 

97.6 percent of the nonbankrupt firms. Overall, the model 

correctly identified 91.3 percent of the firms. 

TABLE VIII 

CONFUSION MATRIX* OF THE FR MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 6 9 40.0 
Nonbankrupt 123 3 120 97.6 

Total 138 9 129 • » • 

*Using a P of .75 as a cutoff point. 

TABLE IX 

FIRMS CORRECTLY CLASSIFIED* BY THE FR MODEL 

Firms Number Percent 

Bankrupt 6 40.0 
Nonbankrupt 120 97.6 

Total 126 91.3 

"Using a P of .75 as a cutoff point 

Of the firms classified as nonbankrupt by the FR model 

at the .75 cutoff point, 120 firms repaid their loans. This 
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repayment rate of 93 percent compares favorably with the 

actual rate of approximately 90 percent. 

The FRSD Model 

The FRSD model consists of five variables from the 

financial ratio and TED sets of variables. The formula that 

was obtained from the logist procedure is: 

B = 12.17 - 5.77 X62 + 1.43 X53 - 4.12 X63 

+ 6.69 XX6 - .009 OP. 

An analysis of the output of the model shows that the 

only firms with a probability of being nonbankrupt at .50, 

or less, were bankrupt companies. The ranking of these and 

other bankrupt companies is presented in Table X. Only four 

bankrupt companies existed in this group, which computes to 

a success rate of 26.7 percent. 

Percentage as well as the classification of nonbankrupt 

firms is given in Table XI and Table XII. A total of 127 

(92 percent) of the firms were correctly identified. 

Tables XIII and XIV give the same information as Tables 

XI and XII, except that the cutoff point has been changed to 

.75. Of the thirteen firms identified as failed firms by 

the FRSD model, only six were actually bankrupt firms. The 

model correctly identified 40 percent of the bankrupt firms 

and correctly classified 88 percent of the total number of 

firms. 
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TABLE X 

PREDICTED PROBABILITY OF NONBANKRUPTCY 
FOR BANKRUPT FIRMS 

Firm Rank 
Probability of 
Nonbankruptcy 

10 26 .97 
15 135 .32 
16 122 .79 
28 116 .85 
29 133 .55 
42 92 .91 
43 137 .23 
44 112 .86 
64 134 .54 
65 138 .09 
66 76 .94 
90 136 .26 
91 70 .95 
92 85 .92 

118 57 .96 

TABLE XI 

CONFUSION MATRIX* OF THE FRSD MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 4 11 26.7 
Nonbankrupt 123 0 123 100.0 

Total 

* T T _ * - __ _ np-* 

138 4 134 . . . 

*Using a P of .5 as a cutoff point 

With the .5 cutoff point, the model classified 134 

firms as nonbankrupt. Included in this figure were 123 
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TABLE XII 

FIRMS CORRECTLY CLASSIFIED* BY THE FRSD MODEL 

Firms Number Percent 

Bankrupt 4 26.7 
Nonbankrupt 123 100.0 

Total 127 92.0 

of .5 as a cutoff point 

TABLE XIII 

CONFUSION MATRIX* OF THE FRSD MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 6 9 40.0 
Nonbankrupt 123 7 1.16 94.3 

Total 138 13 125 • • • 

TABLE XIV 

FIRMS CORRECTLY CLASSIFIED* BY THE FRSD MODEL 

Firms Number Percent 

Bankrupt 6 40.0 
Nonbankrupt 116 94.3 

Total 122 88.4 

correctly classified firms, a success, or repayment, rate of 
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91.8 percent. With a .75 cutoff point, the number of firms 

classified as nonbankrupt fell to 125, a figure which 

included 116 nonbankrupt firms and which represents a 

correct classification rate of 92.8 percent. 

The FRED Model 

The FRED model consists of five variables from the 

financial ratio and NED sets of variables. The regression 

equation obtained from the model is: 

B « -20.95 - 5.52 X62 + 1.56 X53 - 3.70 X63 

+5.59 XX6 + .35 GS. 

An analysis of the results of the model shows that four 

bankrupt firms were correctly identified using the .5 cutoff 

value, representing a success rate of 26.7 percent. All of 

the nonbankrupt firms were correctly identified, which means 

that 92 percent of the total firms were correctly 

classified. Table XV gives the ranking and probability of 

nonbankruptcy for each of the bankrupt firms. 

Table XVI shows the confusion matrix for model FRED, 

while Table XVII gives the number and percentage of correct 

classifications by the model. With the .5 cutoff point, the 

model classified 134 firms as nonbankrupt. Included in this 

figure were 123 correctly classified firms, a success, or 

repayment, rate of 91.8 percent. 

When the point of classification changed from a 50 

percent chance of nonbankruptcy to a 75 percent chance, the 
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TABLE XV 

PREDICTED PROBABILITY OF NONBANKRUPTCY 
FOR BANKRUPT FIRMS 

Firm 
Probability of 

Firm Rank Nonbankruptcy 

10 42 .96 
15 135 .21 
16 120 .78 
28 115 .84 
29 133 .56 
42 73 .90 
43 136 .25 
44 102 .90 
64 134 .54 
65 138 .08 
66 75 .94 
90 137 .20 
91 90 .92 
92 106 .89 

118 44 .96 

TABLE XVI 

CONFUSION MATRIX* OF THE FRED MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 4 11 26.7 
Nonbankrupt 123 0 123 100.0 

Total 

* T T „ 7-1 

138 4 134 * • • 

number of firms identified as bankrupt increased to 

fourteen. Of these, six firms did not repay their loans to 



TABLE XVII 

FIRMS CORRECTLY CLASSIFIED* BY THE FRED MODEL 
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Firms Number Percent 

Bankrupt 4 26.7 
Nonbankrupt 123 100.0 

Total 127 92.0 

'Using a P of .5 as a cutoff point 

the SBA, a successful classification rate of 40.0 percent. 

Table XVIII gives this information in the form of a 

confusion matrix. Table XIX gives the number of firms and 

the percentage that were correctly classified. The FRED 

model correctly classified 87.7 percent of the total number 

of firms. 

TABLE XVIII 

CONFUSION MATRIX* OF THE FRED MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 6 9 40.0 
Nonbankrupt 123 8 115 93.5 

Total 138 14 124 * • « 

of .75 as a cutoff point 

If the SBA had used the FRED model as well as its 

existing screening process, in predicting possible 
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FIRMS CORRECTLY CLASSIFIED* BY THE FRED MODEL 
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Firms Number Percent 

Bankrupt 6 40.0 
Nonbankrupt 1 1 5 93.5 

Total 121 87.7 

bankruptcies it would have approved 124 loans (those 

classified as nonbankrupt). Of those companies whose loans 

were approved, 115 actually repaid their debts. The 

repayment rate of the loans classified as nonbankrupt is 

92.7 percent. 

The FRIM Model 

The FRIM model consists of financial ratios, TED and 

NED variables which resulted in the equation: 

B = 2.71 - 5.50 X62 +1.61 X53 - 5.74 X63 +8.30 XX6 

+ .076 1231 - 2.52 1321 + 9.21 1331. 

The range of probability of nonbankruptcy for the 

fifteen bankrupt companies is from a low of .00 to a high 

.97. The complete list of probabilities and ranking for 

bankrupt companies are given in Table XX. 

The FRIM model correctly identified 26.7 percent of the 

bankrupt companies when a cutoff probability level of .5 was 

used. Table XXI gives the number and percentage of 

correctly classified nonbankrupt firms. 
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TABLE XX 

PREDICTED PROBABILITY OF NONBANKRUPTCY 
FOR BANKRUPT FIRMS 

Firm Rank 
Probability of 
Nonbankruptcy 

10 50 .97 
15 134 .51 
16 92 .91 
28 130 .59 
29 120 .82 
42 62 .95 
43 137 .06 
44 94 .91 
64 132 .57 
65 135 .18 
66 89 .92 
90 136 .12 
91 127 .70 
92 138 .00 

118 66 .95 

TABLE XXI 

CONFUSION MATRIX* OF THE FRIM MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 4 11 26.7 
Nonbankrupt 123 0 123 100.0 

Total 

+ T T • _ n 

138 4 134 * « « 

Table XXI. indicates that 92 percent of the total firms 

were correctly identified. 
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FIRMS CORRECTLY CLASSIFIED* BY THE FRIM MODEL 
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Firms Number Percent 

Bankrupt 4 26.7 
Nonbankrupt 123 100.0 

Total 127 92.0 

As with all of the models, the FRED model showed that 

an increase in the cutoff point to a .75 probability of 

nonbankruptcy increased the number of firms classified as 

bankrupt. As Table XXIII indicates, the classification 

includes five nonbankrupt firms. Fifty-three percent of the 

bankrupt firms were correctly identified. Table XXIV 

indicates that 91.3 percent of all firms were correctly 

identified. 

TABLE XXIII 

CONFUSION MATRIX* OF THE FRIM MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 8 7 53.3 
Nonbankrupt 123 5 118 95.9 

Total 

* T T , - -I n 

138 13 125 • » • 
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FIRMS CORRECTLY CLASSIFIED* BY THE FRIM MODEL 
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Firms Number Percent 

Bankrupt 8 53.3 
Nonbankrupt 118 95.9 

Total 126 91.3 

kUsing a P of .75 as a cutoff point 

If the SBA had used its existing selection process and 

the FRIM model with a .5 cutoff, 134 of the 138 firms in the 

sample would have been approved for loans, and of these 134 

firms, 123 would have actually repaid their loans. This 

represents a repayment rate of 91.8 percent. When the 

cutoff point was raised to .75, only 125 firms were then 

classifiable as good risks. Of these firms, 118 repaid 

their loans, a repayment rate of 94.4 percent. 

The IM Model 

The IM model contains three information measure 

variables and produced the following equation: 

B = 2.09 - .147 1231 - 1.80 1321 + 6.07 1331. 

Table XXV gives the probability of nonbankruptcy for 

bankrupt firms. These values range from a high of .95 to a 

low of .001. Only thirty-three firms existed with a 

probability of nonbankruptcy higher than .95. 
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PREDICTED PROBABILITY OF NONBANKRUPTCY 
FOR BANKRUPT FIRMS 
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Firm Rank 
Probability of 
Nonb ankruptcy 

10 115 .87 
15 52 .92 
16 121 .86 
28 135 .60 
29 41 .94 
42 78 .90 
43 137 .03 
44 101 .89 
64 127 .81 
65 98 .89 
66 122 .84 
90 34 .95 
91 132 .73 
92 138 .00 

118 49 .93 

Tables XXVI and XXVII give the confusion matrix and 

firms correctly classified at the .5 cutoff point, and show 

that of 136 firms classified as nonbankrupt, 123 actually 

repaid their loans, for a 90.4 percent repayment rate. 

Eight firms were classified as bankrupt when the cutoff 

point was .75. Only half of these were actually bankrupt 

companies. Table XXVIII demonstrates this information in a 

confusion matrix. Table XXIX provides the details of number 

and percentage of firms correctly identified by the model. 

The IM model correctly classified 26.7 percent of the 

bankrupt firms and 96.8 percent of the nonbankrupt firms for 
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CONFUSION MATRIX* OF THE IM MODEL 
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Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 2 .13 13.3 
Nonbankrupt 123 0 123 100.0 

Total 
* » » _ « 

138 2 136 * • * 

"Using a P of .5 as a cutoff point. 

TABLE XXVII 

FIRMS CORRECTLY CLASSIFIED* BY THE IM MODEL 

Firms Number Percent 

Bankrupt 2 13.3 
Nonbankrupt 123 100.0 

Total 125 90.6 

'Using a F of .5 as a cutoff point 

TABLE XXVIII 

CONFUSION MATRIX* OF THE IM MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 4 11 26.7 
Nonbankrupt 123 4 119 96.8 

Total 

+ T T _ _ 

138 8 130 • 

"Using a P of .75 as a cutoff point. 
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FIRMS CORRECTLY CLASSIFIED* BY THE IM MODEL 
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Firms Number Percent 

Bankrupt 4 26.7 
Nonbankrupt 119 96.8 

Total 123 89.1 

"Using a P of .75 as a cutoff point 

an 89.1 percent overall success rate. Of the 130 firms 

classified as nonbankrupt, 119 actually repaid their loans, 

for a repayment rate of 91.5 percent. 

The IMSD Model 

The IMSD model consists of the TED variable, oil 

production revenue and the IM model producing the equation: 

B = 10.52 - .20 1231 - 1.85 1321 + 5.42 1331 - .008 OP. 

Table XXX gives the ranking and probability that was 

computed for each of the fifteen bankrupt companies. 

Only three bankrupt firms were classified as bankrupt 

at the .5 cutoff level while four bankrupt firms have a 

probability of .75 or less of being nonbankrupt. The model 

has correctly identified 20 percent of the bankrupt firms at 

the .5 level and 26.7 percent at the .75 level. In 

addition, six nonbankrupt firms were identified as bankrupt 

at the .75 level. 
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TABLE XXX 

PREDICTED PROBABILITY OF NONBANKRUPTCY 
FOR BANKRUPT FIRMS 

Firm Rank 
Probability of 
Nonbankruptcy 

10 101 .88 
15 127 .75 
16 134 .63 
28 136 .44 
29 111 .85 
42 110 .85 
43 137 .01 
44 114 .85 
64 116 .83 
65 86 .91 
66 106 .87 
90 37 .96 
91 117 .83 
92 138 .00 

118 43 .96 

TABLE XXXI 

CONFUSION MATRIX* OF THE IMSD MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 3 12 20.0 
Nonbankrupt 123 0 123 100.0 

Total 138 3 135 . 

"Using a P of .5 as a cutoff point 

Tables XXXI and XXXIII are confusion matrices for both 

cutoff points. 
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FIRMS CORRECTLY CLASSIFIED* BY THE IMSD MODEL 
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Firms Number Percent 

Bankrupt 3 I 20.0 
Nonbankrupt 123 | 100.0 

Total 

+ -r * _ * -r-s 

126 91.3 

TABLE XXXIII 

CONFUSION MATRIX* OF THE IMSD MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 4 11 26.7 
Nonbankrupt 123 6 117 95.1 

Total 

< * * * _ • _ _ *-s. 

138 10 128 . . . 

Tables XXXII and XXXIV give the total firms correctly 

classified by the IMSD model. 

Had the SBA relied upon this model with a .5 

probability level as well as its current screening process, 

a total of 135, of the 138 possible, firms would have been 

approved for loans. The increase to .75 level would have 

reduced the number of approvals to 128. The repayment rates 

are 91.1 percent and 91.4 percent, respectively. 
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FIRMS CORRECTLY CLASSIFIED* BY THE IMSD MODEL 
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Firms Number Percent 

Bankrupt 4 26.7 
Nonbankrupt 117 95.1 

Total 121 87.7 

*Using a P of .75 as a cutoff point". 

The IMED Model 

The IMED model combines the NED variable, gross 

national savings, with the IM model variables. The result 

of the SAS logist procedure is: 

B = 78.67 + .35 1231 + .56 1321 + 2.47 1331 - 1.18 GS. 

As reflected in Table XXXV, the probability of being a 

nonbankrupt firm ranged from .00 to .96 for the fifteen 

bankrupt firms used in this study. Three firms had a 

probability of 50 percent or less and four had a probability 

of 75 percent or less. 

Tables XXXVI and XXXVII show that, while only 20 

percent of the bankrupt firms were correctly classified by 

the model, over 91 percent of the total firms were correctly 

classified. These tables use the .50 cutoff point. 

Had the SBA relied upon this model with a .5 

probability level as well as its current screening process, 

a total of 135, of the 138 possible, firms would have been 
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PREDICTED PROBABILITY OF NONBANKRUPTCY 
FOR BANKRUPT FIRMS 
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Firm Rank 
Probability of 
Nonbankruptcy 

10 107 .87 
15 122 .80 
16 131 .69 
28 136 .49 
29 105 .88 
42 102 .89 
43 137 .01 
44 103 .89 
64 110 .84 
65 82 .91 
66 106 .88 
90 50 .95 
91 128 .76 
92 138 .00 

118 40 .96 

TABLE XXXVI 

CONFUSION MATRIX* OF THE IMED MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 3 12 20.0 
Nonbankrupt 123 0 123 100.0 

Total 

4-TT _ • 

138 3 135 . . . 

'Using a a cutoff point. 

approved for loans. The increase to .75 level would have 

reduced the number of approvals to 128. The repayment rates 

are 91.1 percent and 91.4 percent, respectively. 
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Firms Number Percent 

Bankrupt 3 20.0 
Nonbankrupt 123 100.0 

Total 126 91.3 

"Using a P of .5 as a cutoff point 

Table XXXVIII shows that 26.7 percent of the bankrupt 

firms were correctly identified by the IMED model when a 

cutoff point of .75 was used. Six nonbankrupt firms were 

incorrectly classified as bankrupt. 

TABLE XXXVIII 

CONFUSION MATRIX* OF THE IMED MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 4 11 26.7 
Nonbankrupt 123 6 117 95.1 

Total 138 10 128 . . . 

*Using a P of .75 as a cutoff point. 

The percent of correct classification for total firms 

fell to 87.7 percent when the cutoff point was raised to 

.75, as shown with additional information, in Table XXXIX. 
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Firms Number Percent 

Bankrupt 4 26.7 
Nonbankrupt 117 95.1 

Total 121 87.7 

The FIT Model 

The FIT model is constructed by taking the four 

variables from the FR model, the three from the IM model, 

and the single variable from the TED variables.. The 

equation obtained is: 

B = 11.86 - 4.96 X62 + 1.88 X53 - 4.97 X63 

+ 6.5 XX6 + .09 1231 - 2.54 1321 

+ 8.31 1331 - .0088 OP. 

Table XL gives the probability computed for each of the 

fifteen bankrupt firms. Only six bankrupt firms possessed a 

probability of less than 50 percent. Forty percent of the 

bankrupt firms were correctly identified. 

The model correctly identified 93.5 percent of the 138 

firms. The division and percentages can be seen in Table 

XLI. Tables XLI and XLII show that of 132 firms classified 

as nonbankrupt, 123 actually repaid the loans, giving a 93.2 

percent repayment rate. 
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TABLE XL 

PREDICTED PROBABILITY OF NONBANKRUPTCY 
FOR: BANKRUPT FIRMS 

Firm Rank 
Probability of 
Nonbankruptcy 

10 56 .97 
15 134 .30 
16 125 .73 
28 132 .40 
29 128 .63 
42 86 .93 
43 137 .04 
44 110 .87 
64 130 .56 
65 136 .18 
66 92 .92 
90 135 20 
91 120 .81 
92 138 .00 

118 58 .97 

TABLE XLI 

CONFUSION MATRIX* OF THE FIT MODEL 

Actual Classified Classified 
Number as ES Percent 

Firms of Firms Banki <pt Nonbankrupt Correct 

Bankrupt 15 6 9 40.0 
Nonbankrupt 123 0 123 100.0 

Total 138 6 132 * 

kUsing a P of . 5 as a cutoff point 

When the probability figure was increased to .75, 

thirteen firms were identified as bankrupt of which nine 
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FIRMS CORRECTLY CLASSIFIED* BY THE FIT MODEL 
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Firms Number Percent 

Bankrupt 6 40.0 
Nonbankrupt 123 100.0 

Total 129 93.5 

*Using a P of .5 as a cutoff point, 

were actually bankrupt for a success rate of 60 percent. 

Only ten firms were incorrectly classified; in other words 

92.8 percent of the 138 firms were correctly classified. 

Tables XLIII and XLIV give further details. 

TABLE XLIII 

CONFUSION MATRIX* OF THE FIT MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 9 6 60.0 
Nonbankrupt 123 4 119 96.7 

Total 138 13 125 * * • 

*Using a P of .75 as a cutoff point. 

Of the 125 firms classified as nonbankrupt by the 

model, 119 repaid their loans, a repayment rate of 95.2 

percent. This represents an improvement over the actual 

rate of approximately 90 percent. 
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TABLE XLIV 

FIRMS CORRECTLY CLASSIFIED* BY THE FIT MODEL 

Firms Number Percent 

Bankrupt 9 60.0 
Nonbankrupt 119 96.7 

Total 128 92.8 

*Using a P of .75 as a cutoff point. 

The FTE Model 

The equation for the FTE model is obtained by running a 

logist procedure of SAS on three sets of 

variables—financial ratios, TED, and NED. The equation 

from the procedure is: 

B - -11.55 - 5.57 X62 +1.52 X53 - 3.80 X63 

+5.87 XX6 - .003 OP + .255 GS. 

Table XLV gives the predicted probability of 

nonbankruptcy for each bankrupt firm. A total of four 

bankrupt firms had a probability of 50 percent or less, and 

six a probability of 75 percent or less. 

Tables XLVI and XLVII give the percentage of correctly 

identified .bankrupt and nonbankrupt firms when a .5 cutoff 

point was used. A total of four bankrupt firms had a 

probability of 50 percent or less. The model classified 134 

firms as nonbankrupt, including 123 firms correctly 

classified, a success, or repayment, rate of 91.8 percent. 
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TABLE XLV 

PREDICTED PROBABILITY OF NONBANKRUPTCY 
FOR BANKRUPT FIRMS 

Firm Rank 
Probability of 
Nonbankruptcy 

10 38 .97 
15 135 .33 
16 122 .77 
28 115 .84 
29 133 .55 
42 83 .93 
43 136 .24 
44 106 .89 
64 134 .54 
65 138 .08 
66 75 .94 
90 137 .22 
91 87 .93 
92 103 .90 

118 45 .96 

TABLE XLVI 

CONFUSION MATRIX* OF THE FTE MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 4 11 26.7 
Nonbankrupt 123 0 123 100.0 

Total 138 4 134 . . . 

*Using a P of .5 as a cutoff point 

When the demarcation between bankrupt and nonbankrupt 

was changed to .75, two additional bankrupt firms and eight 
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FIRMS CORRECTLY CLASSIFIED* BY THE FTE MODEL 
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Firms Number Percent 

Bankrupt 4 26.7 
Nonbankrupt 123 100.0 

Total 127 92.0 

kUsing a P of .5 as a cutoff point. 

nonbankrupt firms were classified as nonbankrupt. This 

change raised the successful identification of bankrupt 

firms to 40 percent, but the percent of total firms 

correctly classified fell to 87.7 percent. These new 

figures are shown in Tables XLVIII and XLIX. 

TABLE XLVIII 

CONFUSION MATRIX* OF THE FTE MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 6 9 40.0 
Nonbankrupt 123 8 115 93.5 

Total 138 14 124 • . • 

*Using a P of .75 as a cutoff point 

With a .5 cutoff point, 134 firms were classified, as 

nonbankrupt. Of these, 123 actually repaid their loans, a 

repayment rate of 91.8 percent. When the cutoff point was 
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FIRMS CORRECTLY CLASSIFIED* BY THE FTE MODEL 
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Firms Number Percent 

Bankrupt 6 40.0 
Nonbankrupt 115 93.5 

Total 121 87.7 

kUsing a P of .75 as a cutoff point. 

raised to .75, only 124 firms were classified as 

nonbankrupt. One hundred fifteen of these companies repaid 

their loans, showing a rise in the repayment rate to 92.7. 

The FIE Model 

The FIE model consists of eight variables from the 

financial ratio, information theory, and NED sets of 

variables. The regression equation obtained from the model 

is: 

B = -18.14 - 4.75 X62 + 1.88 X53 - 4.53 X63 + 5.58 XX6 

+ .071 1231 - 2.46 1321 +7.83 1331 + .310 GS. 

The model correctly identified 122 nonbankrupt firms, 

which means that 92.8 percent of the total firms were 

correctly classified. Table L gives the ranking and 

probability of nonbankruptcy for each of the bankrupt firms. 

Table LI is the confusion matrix for model FIE, while 

Table LII gives the number and percentage of correct 

classifications by the model. An analysis of the results of 
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TABLE L 

PREDICTED PROBABILITY OF NONBANKRUPTCY 
FOR BANKRUPT FIRMS 

Firm Rank 
Probability of 
N onb ankruptcy 

10 61 .97 
15 134 .32 
16 123 .75 
28 132 .44 
29 127 .66 
42 74 .95 
43 137 .04 
44 99 .91 
64 131 .55 
65 135 .17 
66 96 .92 
90 136 .16 
91 124 .75 
92 138 .00 

118 56 .97 

the model shows that six bankrupt firms were correctly 

identified using the .5 cutoff value, representing a success 

rate of 40 percent. 

TABLE LI 

CONFUSION MATRIX* OF THE FIE MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 6 9 40.0 
Nonbankrupt 123 1 122 99.2 

Total 138 7 131 • • • 

*Using a P of .5 as a cutoff point. 
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TABLE LII 

FIRMS CORRECTLY CLASSIFIED* BY THE FIE MODEL 

Firms Number Percent 

Bankrupt 6 40.0 
Nonbankrupt 122 99.2 

Total 128 92.8 

kUsing a P of .5 as a cutoff point 

When the point of classification changed from a 50 

percent chance of nonbankruptcy to a 75 percent chance, the 

number of firms identified as bankrupt increased to sixteen. 

Of these, ten firms did not repay their loans to the SBA, a 

successful classification rate of 66.7 percent. Table LIII 

gives this information in the form of a confusion matrix. 

Table LIV gives the number of firms and the percentage that 

were correctly classified. The FIE model correctly 

classified 92.0 percent of the total number of firms. 

TABLE LIII 

CONFUSION MATRIX* OF THE FIE MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 10 5 66.7 
Nonbankrupt 123 6 117 95.1 

Total 138 16 122 * # * 

*Using a P of .75 as a cutoff point. 
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TABLE LIV 

FIRMS CORRECTLY CLASSIFIED* BY THE FIE MODEL 

Firms Number Percent 

Bankrupt 10 66.7 
Nonbankrupt 117 95.1 

Total 127 92.0 

*Using a P of .75 as a cutoff point, 

If the SBA had used the FIE model as well as its 

existing screening process, it would have approved 122 loans 

(those classified as nonbankrupt). Of those loans, 117 were 

actually repaid. The repayment rate of the loans classified 

as nonbankrupt is 95.9 percent. 

The ITE Model 

The ITE model is formed by combining the information 

measure, TED and NED variables. The logistic regression 

equation obtained is: 

B = 18.92 - .19 1231 - 1.85 1321 + 5.53 1331 

- .010 OP - .090 GS. 

Table LV gives the probability of nonbankruptcy and 

ranking for each of the bankrupt companies. The 

probabilities range from .00 to .97. 

Table LVI is the confusion matrix for the ITE model 

when a .5 cutoff point was used. Three firms were 

classified as bankrupt; all three were correctly identified 
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PREDICTED PROBABILITY OF NONBANKRUPTCY 
FOR BANKRUPT FIRMS 
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Firm Rank 
Probability of 
Nonbankruptcy 

10 97 .89 
15 127 .76 
16 133 .64 
28 136 .43 
29 106 .86 
42 111 .84 
43 137 .01 
44 114 .84 
64 117 .82 
65 90 .90 
66 105 .86 
90 29 .97 
91 115 .84 
92 138 .00 

118 44 .96 

and represent 20 percent of the number of bankrupt 

companies. The perfect classification of nonbankrupt firms 

raised the success rate for total classification to 91.3 

percent. The division and percentages are given in Table 

LVII. 

Had the SBA relied upon this model with a .5 

probability level as well as its current screening process, 

a total of 135, of the 138 possible, firms would have been 

approved for loans. 

The increase in the cutoff value to .75 increased the 

number of firms identified as bankrupt to ten, but it only 
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CONFUSION MATRIX* OF THE ITE MODEL 
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Firms 

Actual 
Number 

of Firms 

Classified 
as 

Bankrupt 

Classified 
as 

Nonbankrupt 
Percent 
Correct 

Bankrupt 
Nonbankrupt 

15 
123 

3 
0 

12 
123 

20.0 
100.0 

Total 138 3 135 . . . 

*Using a P of .5 as a cutoff point 

TABLE LVII 

FIRMS CORRECTLY CLASSIFIED* BY THE ITE MODEL 

Firms Number Percent 

Bankrupt 3 20.0 
Nonbankrupt 123 100.0 

Total 126 91.3 

added one correct classification. Four of fifteen bankrupt 

firms were correctly identified, a showing of 26.7 percent. 

Of the 138 firms, 87.7 percent were correctly classified. 

This information is contained in Tables LVIII and LIX. 

The ITE model classified a total of 128 firms as 

nonbankrupt. Of these, 117 repaid their loans, a repayment 

rate of 91.4 percent. 
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TABLE LVIII 

CONFUSION MATRIX* OF THE ITE MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 4 11 26.7 
Nonbankrupt 123 6 117 95.1 

Total 138 10 128 . 

''Using a P of .75 as a cutoff point 

TABLE LIX 

FIRMS CORRECTLY CLASSIFIED* BY THE ITE MODEL 

Firms Number Percent 

Bankrupt 4 26.7 
Nonbankrupt 117 95.1 

Total 121 87.7 

*Using a P of .75 as a cutoff point. 

The FITE Model 

The FITE model contains more variables than any other 

model in that all nine variables from financial ratios, 

information measures, TED, and NED are used. The SAS logist 

procedure generated the formula: 

B = 18.96 - 5.02 X62 + 1.89 X53 - 5.10 X63 + 6.76 XX6 

+ .101 1231 - 2.57 1321 + 8.49 1331 

- .011 OP - .076 GS. 
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Table LX gives the rank and probability of 

nonbankruptcy for each of the fifteen bankrupt firms, 

TABLE LX 

PREDICTED PROBABILITY OF NONBANKRUPTCY 
FOR BANKRUPT FIRMS 

Firm Rank 
Probability of 
Nonbankruptcy 

10 52 .97 
15 134 .30 
16 125 .74 
28 132 .39 
29 129 .63 
42 87 .92 
43 137 .04 
44 111 .87 
64 130 .56 
65 136 .18 
66 92 .92 
90 135 .21 
91 119 .82 
92 138 .00 

118 59 .97 

The FITE model was able to correctly predict six 

bankrupt and 122 nonbankrupt firms, indicating a 40 percent 

prediction rate for bankrupt firms and a 99.2 percent for 

nonbankrupt. This information is given in Tables LXI and 

LXII. Of the firms classified as nonbankrupt, 122 actually 

repaid their loans, a repayment rate of 93.1 percent. 

Changing the probability of nonbankruptcy from .5 to 

.75 increased the number of correctly identified bankrupt 

firms from six to nine, and the successful classification 
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CONFUSION MATRIX* OF THE FITE MODEL 
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Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 6 9 40.0 
Nonbankrupt 123 1 122 99.2 

Total 138 7 131 . 
*Using a P of .5 as a cutoff point 

TABLE LXII 

FIRMS CORRECTLY CLASSIFIED* BY THE FITE MODEL 

Firms Number Percent 

Bankrupt 6 40.0 
Nonbankrupt 122 99.2 

Total 128 92.8 

kUsing a P of .5 as a cutoff point 

rate to 60 percent. It also raised the number of 

misclassified nonbankrupt firms to six, and increased the 

repayment rate of the 123 firms classified as nonbankrupt to 

95.1 percent. Tables LXIII and LXIV give details. 
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TABLE LXIII 

CONFUSION MATRIX* OF THE FITE MODEL 

Actual Classified Classified 
Number as as Percent 

Firms of Firms Bankrupt Nonbankrupt Correct 

Bankrupt 15 9 6 60.0 
Nonbankrupt 123 6 117 95.1 

Total 138 15 123 * » • 

*Using a P of .75 as a cutoff point 

TABLE LXIV 

FIRMS CORRECTLY CLASSIFIED* BY THE FITE MODEL 

Firms Number Percent 

Bankrupt 9 60.0 
Nonbankrupt 117 95.1 

Total 126 91.3 

*Using a P of .75 as a cutoff point, 

Increasing the cutoff point allows the model to 

correctly identify more bankrupt firms, but other measures 

of accuracy may deteriorate, as in the case of the FITE 

model where the number of nonbankrupt firms fell as well as 

number of correctly classified firms. 
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CHAPTER IV 

COMPARISON AND CONCLUSION 

Comparison of Models 

Table LXV gives the ranking of the models for various 

concepts of ranking. This information shows that each 

concept for ranking will create a different order. 

TABLE LXV 

RANKINGS OF THE MODELS 

Bankrupt Firms Total Number Model 
Firms Correctly of Firms R z 

Correctly Ident. as Correctly Value 
Model Identified Nonbankrupt Identified 

FR 8 8 8 12 
FRSD 4 4 4 9 
FRED 4 4 4 6 
FRIM 4 4 4 4 
IM 12 12 12 11 
IMSD 8 8 8 5 
IMED 8 8 8 7 
FIT 1 1 1 1 
FTE 4 4 4 10 
FIE 1 2 2 1 
ITE 8 8 8 8 
FITE 1 2 2 3 

Only one bankrupt company is identified by all twelve 

models. Nine companies are not classified as bankrupt by 

any of the models. Table LXVI identifies the models that 

identified certain bankrupt firms correctly. 
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TABLE LXVI 

SUMMARY OF BANKRUPT FIRMS CORRECTLY IDENTIFIED 
BY EACH MODEL 

Model 

BANKRUPT FIRMS 

10 15 16 28 29 42 43 44 64 65 66 90 91 92 118 

FR 
FRSD 
FRED 
FRIM 
IM 
IMSD 
IMED 
FIT 
FTE 
FIE 
ITE 
FITE 

X 
X 

X 
X 
X 

X 

X 
X 
X 

X 
X 
X 

X 
X 
X 
X 
X 
X 
X 
X 
X 
X 
X 
X 

X 
X 
X 
X 

X 
X 
X 

X 

X 
X 
X 
X 

X 
X 
X 

X 

X 
X 
X 
X 
X 

X 
X 
X 

TOTAL 12 

This research set as the criterion for the best model 

that which would correctly classify the most bankrupt firms 

when using a .5 level of probability. After application of 

statistical analysis, three models—FIT, FIE, and FITE—tied 

as best model, each identifying a maximum of six bankrupt 

firms as being bankrupt. Table LXVII gives a breakdown of 

the results of each model. 
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COMPARISON OF MODELS 
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Model 

Bankrupt Firms 
Correctly 
Identified 

Firms Classified 
as Nonbankrupt 

R* Model 
No. Percent No. Percent 

Correct R* 

FR 3 20.0 135 91.1 11.8 
FRSD 4 26.7 134 91.8 16.2 
FRED 4 26.7 134 91.8 17.1 
FRIM 4 26.7 134 91.8 19.3 
IM 2 13.3 136 90.4 14.6 
IMSD 3 20.0 135 91.1 18.4 
IMED 3 20.0 135 91.1 16.8 
FIT 6 40.0 132 93.2 23.3 
FTE ' 4 26.7 134 91.8 15.0 
FIE 6 40.0 131 93.1 23.3 
ITE 3 20.0 135 91.1 16.3 
FITE 6 40.0 131 93.1 21.5 

Limitations 

This study is based upon a sample of 138 

firms. While 138 firms is sufficient to 

be treated as a large sample statistic, 

a larger sample would generate greater 

confidence. 

The study is based upon firms serviced by 

the Dallas office of the SBA. The general-

izability to any other office or organiza-

tion has not been demonstrated. 

The lack of theoretical foundation for what 

causes bankruptcy limits the generalizability 



113 

of this study. How well the model(s) developed 

in this study would predict bankruptcy is 

limited only to the specific sample used. 

Also, the effect of additional, or different, 

variables on predictability is not known. 

Future Research 

Even though current research in bankruptcy is hampered 

by lack of a theoretical foundation, it is hoped that 

researchers will continue doing work in this area. If 

enough progress is made, then it is possible that one day a 

soft theory on bankruptcy will be developed to guide future 

researchers. 

Even in the absence of theory, apparent opportunities 

exist for research of bankruptcy, for example: 

1. Subsequent studies using SBA offices other 

than the Dallas office could be used to 

confirm the results of this study. 

2. Other research might show that bankruptcy 

is more dependent on the rate of change 

of the variables used. 

3. More research in bankruptcy prediction for 

small business firms is needed. There are 

more small businesses than large, also a 

greater percentage of small businesses go 

bankrupt. 
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Conclusion 

As stated before, this research set as a single 

criterion for the best model that model which would 

correctly classify the most bankrupt firms when using a .5 

level of probability. Based upon this criterion, this study 

study failed to reject hypotheses H0_8, H 0_ 1 0, and H 0_ l z, 

which indicates that the models FIT, FIE, and FITE can best 

identify bankrupt firms that were not identified by the SBA. 

If this study had desired to narrow the selection of best 

model to only one model, it would have had to apply multiple 

criteria. If this criteria included one or more of the 

classifications presented in Table LXVII, in which every 

classification ranks the FIT as number one, then the FIT 

model would have been considered the best model. Further, 

the number of variables in the FIT model was reduced without 

reducing the predictive ability of the model (see Data 

Reduction section of Chapter III). 

To demonstrate the flexibility of a model, the results 

of using a cutoff point of .75 were shown along with the 

results of the .5 cutoff point. If a user wished to 

correctly identify the maximum number of bankrupt firms, 

that user would need to use a higher cutoff point. For 

example with the FIT model, only six bankrupt firms were 

correctly classified at the .5 cutoff level, but nine 

bankrupt firms were correctly classified at the higher 
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cutoff point of .75. There is one danger though, as the 

number of correctly classified bankrupt firms increases, the 

number of misclassified nonbankrupt firms also increases. 

This relationship means that as the cutoff point increases 

the total number of correctly classified firms and the 

repayment rate can either increase or decrease. In the FIT 

example, the total number (bankrupt and nonbankrupt) of 

correctly classified firms decreased when the cutoff point 

was increased to .75. The increased accuracy of classifying 

bankrupt firms was more than offset by the decreased 

accuracy of classifying nonbankrupt firms. Finally, as the 

cutoff point was increased the repayment rate (ratio of 

correctly classified nonbankrupt firms to total number of 

firms classified nonbankrupt) increased. 

An important part of this study was its inclusion of 

state and national economic variables. A company is not 

just an isolated entity; its existence is influenced by the 

economy of the state in which it resides and, on a bigger 

scale, by the economy of its nation. Therefore, it is not 

surprising that the predictive ability of a model was 

improved by including state and national economic data with 

financial ratios and information measure variables. 

This study obtained different variable coefficients 

than did previous studies, but the previous studies used 

different populations and events. This implies that the 
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most accurate analysis is obtained when a specific or 

similar population is used to formulate a predictive model. 

This study substantiates part of Edmister's findings in 

that some variables that were significant in his study were 

also significant in this one. In addition, this study 

confirmed Edmister's conclusion that accurate bankruptcy 

prediction of an SBA client demands more than one year's 

record of finances. Finally, this study agrees with 

Edmister in its discovery that the performance of the SBA 

can be improved by the addition of a bankruptcy model. 

An analysis of the default rates (repayment rates) of 

the individual models demonstrate that the models developed 

in this study are better predictors of bankruptcy than the 

SBA. The default rate of all twelve models in this study 

ranges between 6.8 and 9.6 percent while the actual default 

rate of the SBA is approximately 10 percent. In ten of the 

twelve models, not a single firm that actually repaid their 

loan was classified as a bankrupt firm. The FIE and FITE 

models incorrectly identified only one nonbankrupt company 

as being bankrupt, however both models correctly identified 

six bankrupt companies, giving each model a default rate of 

only 6.9 percent. The FIT model had the lowest default rate 

of 6.8 percent. This is a 40 percent decrease in the number 

of dishonored loans when compared to the number of bankrupt 

firms in the sample, which approximates the population 

failure rate. 
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This research also outperformed the SBA by correctly 

classifying between 90.6 and 98.7 percent of total firms. 

Again, the SBA correctly classified approximately 90 percent 

of loan recipients as good credit risks. 

As stated in the Limitations section of this chapter, 

the application of any model developed by this research is 

limited to the Dallas office of the SBA. Additional 

research dealing with other offices of the SBA might, but no 

claim is made that it will, expand the generalizability of 

the findings of this study. 

To improve its performance, the Dallas office of the 

SBA can use the FIT model along with its existing review 

process. How the model would be used depends upon the exact 

financial, political, and economical situation of the SBA as 

well as upon what criterion, or criteria, it is trying to 

satisfy. In the case of the particular sample used in this 

study, the .5 cutoff point and the FIT model would have 

allowed the SBA to reduce the number of defaulted loans 

while not denying a loan to any company that actually repaid 

its loan. The model ranks the firms in order of probability 

of repayment. This allows the SBA to lend funds to the 

"best" firms until all of its funds are given out. If any 

firm from a special group, such as a minority firm, is 

classified as a bad credit risk by a model, then the SBA can 

set a different cutoff point, say .2, for the minority group 
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of firms and still set a .5 cutoff point for non-minority 

firms. 

The use of the FIT model gives the SBA a probability of 

nonbankruptcy. The weight given to that probability and how 

or when that probability is used can be determined by the 

SBA. Regardless of how the bankruptcy probability 

information is used, the SBA should benefit from having the 

information available. 



Appendix 

TABLE LXVIII 

MODEL CHI-SQUARE AND R 

Model 
Chi-
Square DF P* R2 

FR 19.21 4 .0007 11.8 
FRSD 25.35 5 .0001 16.2 
FRED 26.19 5 .0001 17.1 
FRIM 32.33 7 .0000 19.3 
IM 19.86 3 .0002 14.6 
IMSD 25.49 4 .0000 18.4 
IMED 23.98 4 .0001 16.8 
FIT 38.06 8 .0000 23.3 
FTE 26.26 6 .0002 15.0 
FIE 38.08 8 .0000 23.3 
ITE 25.50 5 .0001 16.3 
FITE 34.82 9 .0000 21.5 
INT 34.01 6 .0000 23.2 
FIN 27.30 5 .0000 18.2 

*P = the probability of the" 
chi-square happening by 
chance. 
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