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ABSTRACT

This study provides information that helps better utilize Altman Z-score (1968) for predicting bankruptcy by addressing an interesting question: If a firm has an unhealthy Z-score (<2.99), will it go bankrupt? Using a recent period of data, we build two model, ‘FR’ model and ‘FR+NFR’ model. ‘FR’ model is purely financial-ratio-based, while ‘FR+NFR’ model consist of both financial ratios and non-financial-ratio information. Both models have smaller total misclassification costs than existent models examined, with ‘FR+NFR’ model containing more information content and better prediction ability. 

Our results show that, among a sample of firms with unhealthy Z-score, bankrupt firms have higher leverage, lower earnings, higher asset turnover, and are more likely to file financial statements late. Bankrupt firms also tend to hold higher levels of assets that are not appreciated by the market. Non-financial-ratio information, especially market capitalization and late filing, have incremental contribution in predicting bankruptcy among distressed firms. Two financial ratios, the ratio of total debts to total assets, and the ratio of earnings before interest and tax to total assets have incremental predictive power even in the presence of non-financial-ratio information. These findings enrich a recent stream of research (e.g., Gilbert et al. 1990; Hopwood et al. 1994; Anandarajan et al. 2001) which advocates the development of models discriminating between bankrupt firms and financially-stressed non-bankrupt firms.
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1
Introduction

Bankruptcy prediction models are useful for stakeholders of firms, including auditors, managers, shareholders, debt-holders, and potential investors, as well as academic researchers. Altman (1968) develops the later widely-used Z-score for bankruptcy prediction purpose. His study concludes that all firms having a Z-score of greater than 2.99 clearly fall into the healthy sector; while firms having a Z-score of smaller than 2.99 are considered as unhealthy, some of which will eventually go bankrupt. The question is, among these firms with unhealthy Z-score, which ones will go bankrupt? The purpose of this study is to develop such a model that helps predict bankruptcy among a sample of firms with unhealthy (< 2.99) Z-score. Our study contributes to a recent stream of bankruptcy prediction research, which advocates the development of models that discriminate between soon-to-be bankrupt firms and other financially distressed firms (Wood and Piesse 1987; Gilbert et al. 1990). The supporting reason behind this stream of research is that the distinction between soon-to-be bankrupt firms and other financially distressed firms is a more difficult task for decision-makers than the distinction between bankrupt firms and clearly healthy firms (Hopwood et al. 1994; Gilbert et al. 1990). 


We develop two models, one of which is purely financial-ratio-based, the other consisting of both financial ratios and non-financial-ratio variables. Both models outperform our benchmark models in the test sample. Our results show that three financial ratios, the ratio of total debts to total assets, the ratio of earnings before interest and tax to total assets, and asset turnover are the most powerful ratios in distinguishing between bankrupt firms and non-bankrupt firms with unhealthy Z-score. Non-financial-ratio information, especially market capitalization and late filing, have incremental contribution in predicting bankruptcy among firms with unhealthy Z-score. However, two financial ratios, the ratio of total debts to total assets, and the ratio of earnings before interest and tax to total assets, have predictive power even in the presence of non-financial-ratio information.

The remainder of this paper is organized as follows. Section 2 provides a literature review. In section 3, we describe our research design, sample, and variables. In section 4, we estimate models and present results. Section 5 concludes the paper.

2
Prior Literature and Motivation
The literature on bankruptcy prediction is extensive. Formal quantitative studies aimed at predicting company bankruptcy have been conducted since the 1930s (Winakor and Smith 1935). In recent decades, models that employ improved techniques and explanatory variables have been developed. Altman’s Z-score (Altman 1968) is a widely used model, along with some others (e.g., Ohlson’s logit model 1980, Zmijewski’s probit model 1984). Altman (1968) concludes that all firms having a Z-score of greater than 2.99 clearly fall into the healthy sector; while firms having a Z-score of smaller than 2.99 are considered as unhealthy, only some of which will eventually go bankrupt. Further, some unhealthy firms fall into the so-called “gray area”, for which Altman Z-score does not predict well. Altman (1968) notes that “it is desirable to establish a guideline for classifying firms in the “gray area”.  This suggests that a model that helps predict bankruptcy among firms with unhealthy Z-score (<2.99) is desired, which motivates this study.
            In addition, this study enriches a recent stream of bankruptcy prediction research that advocates the development of prediction models that discriminate bankrupt firms and other financially stressed firms. Wood and Piesse (1987) question the information value of prior bankruptcy prediction models and state that a stronger case for information value could be made if such models discriminate between ‘at risk’ firms that survive and ‘at risk’ firms that fail. Hopwood et al. (1994) point out that researchers examining auditors’ going-concern opinions should develop their prediction models using samples of stressed non-bankrupt and bankrupt firms to better capture the auditors’ decision process. Anandarajan et al. (2001) further notes that this stream of research “ensures increased compatibility to a ‘realistic’ decision-making process because auditors and other interested parties in a real-life setting have to decide whether to classify a financially distressed firm (rather than a financially healthy firm) as a potential candidate for bankruptcy.  Some research (e.g., Gilbert et al.1990; Anandarajan et al. 2001) has been done to develop models to discriminate between bankrupt firms and financially-stressed nonbankrupt firms. Existent research defines a firm as being financially stressed if it has shown either one of the following symptoms: negative cumulative earnings, negative operating cash flows, omission or reduction of dividends, violation of debt covenants, etc. Differently, Altman Z-score is computed based on firms’ multifaceted information including liquidity, profitability, turnover, etc., which is a comprehensive measure of financial distress. Therefore, the differentiation between bankrupt firms and non-bankrupt firms with unhealthy Z-score will add new evidence to this stream of research.

3. Research Design

A novel feature of the present study is the careful attempt to model the realistic decision making process by choosing a designed prediction date. SEC rules required firms whose fiscal years end December 31st to have filed their 10-Ks by April 1st of the following year. Thus April 1st of each year is designated as the prediction date. The dependent variable when estimating our models is each firm’s bankruptcy status (0, 1) in the next twelve months following the prediction date. The independent variables are measured using the most recent available data as of the prediction date. 
3.1
The Sample
The data employed here in estimating and testing models span the period from 1997 to 2000. The training period is from 1997–1999, and the test period is 2000. This short, relatively recent span is chosen (1) to control the costs of a labor-intensive research process that carefully employs only data that are publicly available at specific annual prediction dates; and (2) to provide evidence for a fairly recent period of increased bankruptcy activity. This study’s sample consists of firms in three industries, manufacturing, retail, and services
.


Different types of bankruptcies exist. This study focuses on Chapter 11 filers. Bankrupt firms are initially identified from Compustat and Lexis-Nexis Bankruptcy Report library. Then bankrupt firms’ Chapter 11 filing dates are identified through Lexis-Nexis and firms’ Form 8-K reports. Firms with Chapter 11 filing dates between April 1 of year t and March 31 of year t+1 are included in the bankruptcy sample for year t. The prediction date for these firms is April 1 of year t. For instance, firms with Chapter 11 filing dates between April 1, 1997, and March 31, 1998, are included in the 1997 bankruptcy sample, with a prediction date of April 1 1997. For each bankrupt firm, we gather its 10-K report filing dates and identify the most recent 10-K reports filed before its prediction dates. 

Bankrupt firms with Altman Z-scores greater than or equal to 2.99 (i.e., clearly healthy firms) or total assets below $50 million
 are deleted from the sample. Firms with incomplete information are also deleted. Thus, 58 bankrupt firms are identified. To form the active distressed sample, 297 
 active firms are randomly selected from Compustat active firms during the study period that have a Altman Z-score smaller than 2.99 and have total assets above $50 million based upon the most recent filed 10-K report prior to the prediction dates. A pseudo prediction date is randomly assigned to an active firm. Note that we are careful to ensure the public availability of financial information at the bankruptcy prediction dates for the control firms as well as the bankrupt firms. The final training sample for the development of the logit model consists of 37 bankruptcies and 176 non-bankruptcies; the final test sample used to evaluate logit model consists of 21 bankruptcies and 121 non-bankruptcies. Table 1 shows the sample distribution by year and by industry.
*************Insert Table 1 here*************
3.2
The Variables

3.2.1
Financial Ratios

Sixteen ratios are drawn from past literature for bankruptcy prediction (e.g., Altman 1968, Ohlson 1980, Hopwood et al. 1994). These ratios measure different dimensions of companies’ healthiness, including size, liquidity, leverage, turnover, and profitability. Definitions of ratios are provided in Table 2.

*************Insert Table 2 here*************
3.2.2
Non-Financial Ratios

1. Stock Market Information

Shumway (2001) shows that both market capitalization and prior stock returns are strongly and inversely related to bankruptcy probability. Therefore, market capitalization (MCAP) and stock returns (RETN) are tested in this study. We obtain each firm’s most recent available market capitalization within thirty days prior to each prediction date from CRSP. The variable MCAP is computed as the logarithm of each firm’s ratio of (market capitalization to the CRSP value-weighted NYSE/AMEX/NASDAQ market cap index at the same day). We obtained firms’ daily stock returns for the period from 18 months to 6 months 
 prior to each bankruptcy prediction date. Firms’ daily abnormal returns are calculated by subtracting the CRSP daily value-weighted NYSE/AMEX/NASDAQ market return index from firms’ daily returns. Firms’ annual abnormal returns (RETN) are calculated by accumulating daily abnormal returns using the following formula:
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where n = number of trading days.

2. Auditors’ opinions

The auditor has a responsibility to evaluate whether there is substantial doubt about the client’s ability to continue as a going concern for a reasonable period of time, not to exceed one year beyond the date of the financial statements being audited. Auditors’ opinions, by their nature, can help in predicting near-term bankruptcy. Hopwood et al. (1989) empirically show that the consistency exception and going-concern qualifications have incremental explanatory power beyond financial ratios in a bankruptcy-prediction model. The variable AUO is defined as ‘zero’ if clients’ receive an unqualified opinion on the most recent 10-K filed prior to predictions dates, otherwise ‘one’.

3. Timeliness of SEC filings

Firms are likely to file Forms 10-K later than ninety days for a variety of reasons, several of which suggest poor performance (Bamber et al., 1993). In years when the 10-K is filed on time, the late filing variable, LF, is defined as ‘zero’. Otherwise LF is defined as ‘one’.

4. Liquidity Index

Emery and Cogger (1982) model a firm’s liquidity position as a random variable, and model the likelihood of insolvency as the probability that the liquidity variable will drop below a threshold barrier during a given time period. They derive analytically the following relative liquidity index as of time zero:
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where:
L0
= initial liquid reserve;


, 
= mean and standard deviation of net cash flow per unit of time;


T
= length of period in units of time.

Larger values of  imply lower likelihood of insolvency. Although the assumptions underlying the analytical model are unlikely to be met using available data, the index variable offers a convenient and intuitive way of combining the effects of liquidity level, L0, trend, , and variability, , in a single metric. Our proxy for  is denoted as LAMBDA, and is defined as follows. The liquid reserve as of a prediction date, L0, is defined as cash plus short-term marketable securities, taken from the most recent available balance sheet. Balance sheet data are available on a quarterly basis, and for simplicity we define the unit of time as one quarter for all firms. Thus, T equals ‘one’ while  and  are defined as the mean and standard deviation of the quarter-to-quarter change in: (cash plus marketable securities) over the most recent twelve quarters, preceding the prediction date, for which data are available.


Table 3 provides summary statistics for explanatory variables. t-tests are used to evaluate differences in means for continuous variables, while Z-tests are used to evaluate differences in proportions for discrete variables. As expected, bankrupt firms have lower means in variables measuring profitability, market cap, and abnormal stock returns, and have higher means (or proportions) in variables measuring leverage, qualified opinions, and late filing.

*****************Insert Table 3 here***************
4
Results

4.1
Estimating Logit Model using both Financial Ratios and Non-Financial-Ratio-Based Information

Some interesting discussions (See, Shumway 2001; Hillegeist et al. 2004) have been going on regarding the relative usefulness of financial ratios and non-financial-ratio information in bankruptcy prediction. To add evidence into these discussions, using the same training sample, we build two models, one model that consists of only financial ratios (‘FR’ model), and the other model that comprises both financial ratios and non-financial-ratio information (‘FR+NFR’ model). We utilize the familiar single-period binary logit estimation method. Since no compelling theory exists to support the variable selection, we follow Gilbert et al. (1990) to use the stepwise method
 to select a best subset of variables. The variables in the ‘FR’ model are selected from the sixteen potential ratios; while the variables in the ‘FR+NFR’ model are selected from the sixteen financial ratios and five non-financial-ratio variables. Hillegeist et al. (2004) argue that using statistical tests to compare model performance allows us to determine whether differences in performance are statistically significant, and such determinations are not possible using prediction-oriented tests. Therefore, we evaluate ‘FR’ and ‘FR+NFR’ models by both comparing their information content and their prediction ability in the test sample. The relative information content in non-nested ‘FR’ and ‘FR+NFR’ models are examined based upon Akaike Information Criterion (AIC, Akaike 1974).

*****************Insert Table 4 here***************

The left-hand columns of Table 4 present the ‘FR’ model estimated with the training sample (37 distressed bankruptcies and 176 distressed non-bankruptcies). The stepwise method selects three variables: earnings before interest and tax divided by total assets (EBIT/TA), sales divided by total assets (SALES/TA), and total liabilities divided by total assets (TL/TA (percent)). The coefficients’ signs for EBIT/TA and TL/TA are as expected. However, SALES/TA is significantly and positively related to the likelihood of bankruptcy. Although counterintuitive, this is consistent with results of some prior research. Foster et al. (1998) and Hopwood et al. (1994) report that a stressed, bankrupt sample has a higher mean of Log(Sales) than a stressed, non-bankrupt sample does. A possible explanation is that managers sometimes might attempt to boost sales in order to hit specific sales targets or meet analyst expectations, even at the expense of profitability (Jensen 2001).


The right-hand columns of table 4 present estimation results for the ‘FR+NFR’ model. The stepwise method selects three financial ratios, EBIT/TA, TL/TA, and the natural logarithm of total assets (Ln(TA/GNP)), and two non-financial-ratio-based variables, market capitalization (MCAP) and late filing (LF). As expected, LF is significantly positively related to the probability of bankruptcy. Two ‘size’ variables, MCAP and Ln(TA/GNP) appear in the model. Each of the two ‘size’ coefficients should be interpreted as a partial derivative. Holding total assets constant, an increase in MCAP implies a lower likelihood of bankruptcy. This might reflect anticipated growth opportunities that are reflected in variable MCAP but not in total assets. Holding MCAP constant, an increase in Ln(TA/GNP) implies a higher likelihood of bankruptcy. Such firms are holding and financing higher levels of assets that investors do not recognize as value generating.


Both the ‘FR’ and the ‘FR+NFR’ models have a goodness-of-fit significant at p < 0.001 level. However, the ‘FR+NFR’ has an AIC of 107.812, which is 58.479 lower than the AIC for the ‘FR’ model. Therefore, we conclude that the ‘FR+NFR’ model contains more information content than the ‘FR’ model based on the established ‘rule of thumb’ for AIC comparison.

4.2
Predictive Ability of Models in the Test Sample

The predictive ability of the ‘FR’ and the ‘FR+NFR’ models in the test sample are reported next. To predict bankruptcy status for the test period of 4/00 through 3/01, we employ the coefficients estimated using the training period sample with the most recently available explanatory variable data as of 4/1/00. The estimated parameters and variable data are combined to yield estimated probability of bankruptcy for each holdout firm. The estimated values are compared with the optimal cutoff scores that minimize the sum of type I and type II errors in the training sample. A type I error occurs if the firm is bankrupt but is misclassified as non-bankrupt. A type II error occurs if the firm is non-bankrupt but is misclassified as bankrupt.

For comparison purposes, we also test some prior financial-ratio-based models using this study’s holdout sample. These competing models include Altman’s Z-score (1968), Ohlson’s (1980) model, and Hopwood et al.’s (1994) model. Altman’s Z-score (1968) with the original coefficients is examined since it is readily available from Compustat. Given the fact that our sample consists of only firms with Z-score <2.99,  instead of using the original cutoff (2.675) provided by Altman, we predict a firm as bankrupt if its Z-score is Z < 1.81 and predict a firm as non-bankrupt if its Z-score is 1.81 < Z < 2.99.
 We test the performance of three forms of Ohlson’s (1980) model. First we test Ohlson’s (1980) model with its original coefficients and original cutoff. Second we test Ohlson’s (1980) model with coefficients and cutoff provided by Begley et al. (1996). Finally we re-estimate the coefficients of Ohlson’s model using our training period sample and identify an optimal cutoff value.
 One version of the Hopwood et al. (1994) model that consists of only seven financial ratios is re-estimated using this study’s training sample and an optimal cutoff value is identified for prediction purpose.
 Table 5 reports the models’ out-of-sample prediction performance.

*****************Insert Table 5 here***************


Panel A of Table 5 provides models’ Type I and Type II errors. Regarding Type I error, the ranking of models from the lowest to the highest Type I error is as follows: ‘FR+NFR’ model (14.3% Type I error), ‘FR’ model (23.8%), Hopwood et al. (1994) Model re-estimated using our training sample (42.9%) and Ohlson’s 1980 model re-estimated using our training sample (42.9%), Altman Z-score (47.6%), Ohlson’s model as re-estimated by Begley et al. 1996 (52.4%), and Ohlson’s 1980 original model (61.9%). Regarding Type II error, the ranking of models from the lowest to the highest Type II error is as follows: Ohlson’s 1980 original model (14.9%) and Ohlson’s 1980 model re-estimated using our training sample(14.9%),  Ohlson’s model as re-estimated by Begley et al. 1996 (15.7%), ‘FR’ model (20.7%), ‘FR+NFR’ model (22.3%), and Altman Z-score (41.3%). 
Since in reality the cost of misclassifying a bankrupt firm as non-bankrupt (Type I error) is much higher than the cost of misclassifying a non-bankrupt firm as bankrupt (Type II error), it is more reasonable to evaluate the relative performance of models at various cost ratios levels. Similar to others (e.g., Hopwood et al. 1994; Anandarajan et al. 2001), we calculate the total misclassification costs at various cost ratios shown in Panel B of Table 5. At various cost ratios (10:1 meaning that the cost of Type I error is ten times as large as the cost of Type II error to 60:1 meaning that the former is sixty times as large as the latter), ‘FR+NFR’ model has the smallest total misclassification cost, while ‘FR’ model has the second smallest total misclassification cost
. In other words, both our models outperform existent models in minimizing the total misclassification cost, with the ‘FR+NFR’ model based upon both financial ratios and non-financial-ratio variables performing the better. 
5
Conclusions

In this study we develop two binary logit models that predict bankruptcy among a sample of firms with unhealthy Altman Z-score (Z<2.99) using a recent set of data. Our training period is from year 1997 through 1999; our holdout test period is year 2000. Sixteen financial ratios and five non-financial-ratio-based variables constitute a pool of potential variables. A stepwise procedure is used to select a subset of variables. The financial-ratio-based ‘FR’ model consists of three financial ratios: total liabilities to total assets, earnings before interest and tax to total assets, and sales to total assets. The ‘FR+NFR’ model consists of three financial ratios: total liabilities to total assets, earnings before interest and tax to total assets, and natural logarithm of total assets; and it consists of two non-financial-ratio variables: market capitalization, and late filing. We find that, among a sample of firms with unhealthy Z-score, the bankruptcy group have higher leverage, lower earnings, higher asset turnover, and are more likely to file financial statements late. In addition, firms in the bankruptcy group tend to hold higher levels of assets that are not valued by the market.

Both models developed in this study have smaller misclassification costs than existent models examined including Altman’s Z-score (1968), three forms of Ohlson’s model (1980), and one form of Hopwood et al.’s (1994) model. Between the two models, the ‘FR+NFR’ model contains more information content and smaller misclassification costs than the ‘FR’ model. This is consistent with some existent argument that non-financial-ratio information has incremental contribution beyond traditional ratios in bankruptcy prediction (e.g., Shumway 2001; Hillegeist et al. 2004). However, in our study context, traditional ratios do not completely lose power even in the presence of non-financial-ratio information. Specifically, two financial ratios, the ratio of total debts to total assets, and the ratio of earnings before interest and tax to total assets have predictive power even in the presence of non-financial-ratio information.

This study provides information that helps better utilize the famous Altman Z-score for the purpose of bankruptcy prediction, by addressing an interesting question: if a firm has an unhealthy Z-score, will it go bankrupt? Proposed models enrich the recent literature which advocates the development of bankruptcy prediction models for a sample of financially stressed firms.  However, the study does have its limitations that open future research opportunities. The sample size used here is small. Some methodological improvements for logit regression suggested by recent literature (Shumway 2001; Jones et al. 2004) could be incorporated in future studies. The non-financial-ratio variables examined by this study are not exhaustive. It should be interesting to examine the usefulness of some other non-financial-ratio variables in this context, such as bond ratings, and the measurement, developed by Hillegeist et al. (2004), based upon the Black-Scholes-Merton option-pricing model. 
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TABLE 1 
 Sample Distributions by Year and by Industry
	Industry
	
	Year 97
	Year 98
	Year 99
	Year 00
	Total

	Durable 
Manufacturer
	No. of bankruptcies
	3
	5
	3
	3
	14

	
	No. of active firms
	36
	25
	44
	68
	173

	Retail
	No. of bankruptcies
	4
	7
	6
	11
	28

	
	No. of active firms
	9
	8
	14
	19
	50

	Services
	No. of bankruptcies
	0
	3
	6
	7
	16

	
	No. of active firms
	11
	9
	20
	34
	74

	Total
	
	63
	57
	93
	142
	355

	Total
	
	16
	23
	23
	18
	80


TABLE 2
Definitions of Variables

	Financial-accounting Factors
	Construct
	Name
	Definition

	
	Size
	Ln(TA/GNP)
	Natural log of (Total Assets/ GNP Implicit Price Deflator Index). The index assumes a base value of 100 for 1968.

	
	
	LSALES
	Natural Logarithm of Sales

	
	Liquidity
	WC/TA
	(Current Assets – Current Liabilities)/Total Assets

	
	
	CA/CL
	Current Assets/ Current Liabilities

	
	
	OCF/SA
	Operating Cash Flows /Total Sales

	
	
	CA/TA
	Current Assets/Total Assets

	
	
	CASH/TA
	Cash/Total Assets

	
	Leverage
	TL/TA(%)
	(Total Liabilities/Total Assets) x 100%



	
	
	LTDTA
	Long Term Debt/Total Assets

	
	Turnover
	SALE/TA
	Sales/Total Assets

	
	
	CA/SALES
	Current Assets/Sales

	
	Profitability
	EBIT/TA
	Earnings before interest and taxes/total assets

	
	
	EBIT/SAL
	Earnings before interest and taxes/Sales

	
	
	NI/TA
	Net income/Total assets

	
	
	INTWO
	One if net income was negative for the last two years, else zero

	
	
	CHI/NI
	(Net income in year t – Net income in t–1)/(Absolute net income in year t + Absolute net income in year t–1)

	Non-Financial-Accounting Factors
	LAMBDA
	(L +()/(. L = cash + short-term marketable securities, (= mean, (=standard deviation of quarter-to-quarter change in L over prior 12 quarters

	
	MCAP
	Natural log of each firm’s size relative to the CRSP NYSE/AMEX/NASDAQ market capitalization index

	
	RETN
	The firm’s stock return in year t–1 minus the value-weighted CRSP NYSE/AMEX index return in year t–1

	
	AUO
	Zero if the most recent auditor’s opinion is unqualified, otherwise 1.

	
	LF
	One if Form 10-K for the most recent year is over-due or was filed after 90 days; otherwise 0


TABLE 3
Summary Statistics for the Explanatory Variables: 1997–1999

	Variable
	N
	Mean
	Median
	Std Dev
	Minimum
	Maximum
	Test of means (proportion) difference

	
	Active & distressed
	Bankrupt
	Active & distressed
	Bankrupt
	Active & distressed
	Bankrupt
	Active & distressed
	Bankrupt
	Active & distressed
	Bankrupt
	Active & distressed
	Bankrupt
	

	Continuous variables
	
	
	
	
	
	
	
	
	
	
	
	t-test

	Ln(TA/GNP)
	176
	37
	0.088
	–0.287
	-0.136
	–0.931
	1.537
	1.435
	–2.031
	–1.932
	4.605
	2.634
	1.365

	LSALES
	176
	37
	5.896
	5.736
	5.830
	5.687
	1.632
	1.421
	1.765
	2.238
	10.732
	8.206
	0.553

	WC/TA
	176
	37
	0.166
	0.137
	0.151
	0.111
	0.181
	0.220
	–0.456
	–0.340
	0.798
	0.627
	0.859

	CA/CL
	176
	37
	1.924
	1.724
	1.600
	1.323
	1.337
	1.424
	0.241
	0.461
	11.428
	8.523
	0.815

	OCF/SA
	176
	37
	–0.027
	–0.138
	0.039
	–0.021
	0.771
	0.570
	–9.773
	–3.477
	0.795
	0.126
	0.832

	CA/TA
	176
	37
	0.427
	0.483
	0.413
	0.476
	0.203
	0.247
	0.022
	0.062
	0.876
	0.933
	–1.466

	CASH/TA
	176
	37
	0.065
	0.064
	0.028
	0.020
	0.103
	0.130
	0.000
	0.000
	0.788
	0.695
	0.054

	TL/TA(%)
	176
	37
	38.074
	47.240
	35.861
	49.261
	19.757
	18.859
	0.844
	0.872
	160.551
	82.095
	–2.585*

	LTDTA
	176
	37
	0.325
	0.364
	0.293
	0.390
	0.210
	0.225
	0.000
	0.000
	1.589
	0.811
	–1.006

	SALE/TA
	176
	37
	1.016
	1.345
	1.041
	1.335
	0.480
	0.772
	0.020
	0.141
	3.171
	3.125
	–3.367***

	CA/SALES
	176
	37
	0.662
	0.541
	0.385
	0.346
	2.062
	0.882
	0.037
	0.134
	26.833
	5.562
	0.350

	EBIT/TA
	176
	37
	0.029
	–0.063
	0.058
	–0.002
	0.104
	0.158
	–0.502
	–0.579
	0.195
	0.087
	4.365***

	EBIT/SAL
	176
	37
	–0.064
	–0.136
	0.055
	–0.002
	1.049
	0.684
	–13.417
	–4.097
	0.425
	0.235
	0.402

	NI/TA
	176
	37
	–0.056
	–0.153
	0.004
	–0.085
	0.168
	0.190
	–1.046
	–0.658
	0.161
	0.032
	3.118**

	CHI/NI
	176
	37
	–0.321
	–0.384
	-0.356
	–0.340
	0.609
	0.671
	–1.000
	–1.000
	1.000
	1.000
	0.565

	MCAP
	176
	37
	–10.827
	–12.783
	-10.965
	–12.384
	1.738
	1.517
	–14.532
	–15.303
	–5.480
	–9.715
	6.352***

	LAMBDA
	176
	37
	2.638
	2.851
	1.904
	1.251
	2.586
	6.919
	–0.674
	0.083
	17.282
	42.650
	–0.318

	RETN
	176
	37
	–0.222
	–0.474
	-0.260
	–0.570
	0.345
	0.368
	–0.953
	–0.910
	1.107
	0.890
	3.991***

	Dichotomous variables


	
	Proportion (variable value =1)
	
	
	
	
	
	
	
	Z–test

	INTWO
	176
	37
	0.205
	0.460
	
	
	
	
	
	
	
	
	-3.26**

	AUO
	176
	37
	0.182
	0.405
	
	
	
	
	
	
	
	
	–2.98**

	LF
	176
	37
	0.034
	0.297
	
	
	
	
	
	
	
	
	–5.37***


*** significant at the 0.001 level; ** significant at the 0.01 level; * significant at the 0.05 level.
Table 4
Estimation of Stepwise Logit Models

	FR Model
	FR+NFR Model

	Variables
	Estimates
	Chi-square
	Variables
	Estimates
	Chi-square

	Intercept
	–4.594
	38.406***
	Intercept
	–23.296
	34.377***

	TL/TA(%)
	0.037
	13.035***
	TL/TA(%)
	0.027
	5.381*

	EBIT/TA
	–6.466
	18.039***
	EBIT/TA
	–9.501
	20.345***

	SALE/TA
	1.233
	11.953***
	Ln(TA/GNP)
	1.700
	21.738***

	
	
	
	MCAP
	–1.727
	27.999***

	
	
	
	LF
	2.167
	6.245*

	Likelihood Ratio Test

(chi-square)
	38.401***
(3 df)
	100.880***
(5 df)

	AIC
	166.291
	107.812

	*** significant at the 0.001 level;

** significant at the 0.01 level; 

* significant at the 0.05 level.
	


	Table 5-Panel A

	Predictive Ability of Models in the Test Sample

	 
	No. of bpt.
	No. of    non-bpt.
	No. of         misclassified bpt.
	No. of        misclassified    non-bpt.
	Type I error
	Type II  error

	Altman (1968)
	21
	121
	10
	50
	47.6%
	41.3%

	Ohlson (1980)
	21
	121
	13
	18
	61.9%
	14.9%

	Ohlson (BMW 1996)
	21
	121
	11
	19
	52.4%
	15.7%

	Ohlson (our sample)
	21
	121
	9
	18
	42.9%
	14.9%

	Hopwood et al. (our sample)
	21
	121
	9
	36
	42.9%
	29.8%

	FR Model
	21
	121
	5
	25
	23.8%
	20.7%

	FR + NFR Model
	21
	121
	3
	27
	14.3%
	22.3%


	Table 5-Panel B

	Total Misclassification Costs of Models in the Test Sample at Various Cost Ratios

	
	Cost Ratio (Type I : Type II error)

	 
	10:1 
	20:1
	30:1
	40:1
	50:1
	60:1

	Altman (1968)
	5.173
	9.933
	14.693
	19.453
	24.213
	28.973

	Ohlson (1980)
	6.339
	12.529
	18.719
	24.909
	31.099
	37.289

	Ohlson (BMW 1996)
	5.397
	10.637
	15.877
	21.117
	26.357
	31.597

	Ohlson (our sample)
	4.439
	8.729
	13.019
	17.309
	21.599
	25.889

	Hopwood et al. (our sample)
	4.588
	8.878
	13.168
	17.458
	21.748
	26.038

	FR Model
	2.587
	4.967
	7.347
	9.727
	12.107
	14.487

	FR + NFR Model
	1.653
	3.083
	4.513
	5.943
	7.373
	8.803







































































� Manufacturers are defined as those firms with SIC codes 3000-3999, except 3570-3579, and 3670-3679. Retailers are firms with SIC codes 5000-5999. Service firms are defined as those with SIC codes 7000-8999, except for 7370-7379. This definition of industry is taken from Barth et al. (1998).


� There are two reasons for choosing firms with assets above $50 million. First, one of our bankruptcy sources, the Lexis-Nexis Bankruptcy Report library, contains only bankrupt firms with assets above $50 million. Second, missing bankruptcy filing dates are more common for smaller firms. Without this criterion, the non-bankrupt sample would contain a larger proportion of smaller firms than the bankrupt sample (Begley et al. 1996).


� Over-sampling bias exists given the higher proportion of bankruptcies in our sample. Although this bias results in higher probability estimates, in general, the statistical inferences for the overall classification rate will not be affected (Zmijewski 1984). The relative performance of models reported later also is not affected.


� This period is chosen to ensure that stock returns information is available for prediction.


� Similar to Gilbert et al. (1990), a 5 percent level of significance is employed to select variables.


� Model A is considered as definitely better than Model B if Model A’s AIC is lower than Model B’s by more than 10 (Burnham and Anderson 1998).


� Altman (1968) finds that all firms with Z-scores greater than 2.99 clearly fell into the non-bankrupt group, while all firms with Z-scores less than 1.81 went bankrupt within the following year. Firms with Z-scores between 1.81 and 2.99 fall into a ‘gray area’ where misclassifications often arise. He reports a cutoff score of 2.675 that minimizes the sum of type I and type II errors in distinguishing between bankrupt firms and healthy firms. Given the fact that our sample consists of only firms with Z<2.99, we predict a firm as bankrupt if its Z-score is Z<1.81 and predict a firm as non-bankrupt if its Z-score is 1.81<Z<2.99.


� The calculation of FUTL requires the item ‘funds from operations’, which was reported before 1987. We follow Begley et al. (1996) in calculating ‘funds from operations’ as cash flows from operations plus the net change operating assets and liabilities.


� The ‘unrestricted’ model in Hopwood et al. (1994) is estimated using a sample of distressed and non-distressed firms. In their ‘unrestricted’ model, there are a stress dummy variable and interaction terms between this stress dummy variable and financial ratios. Since this study’s sample consists of only distressed firms, a complete replication of the ‘unrestricted’ model is not possible.


� Assume a cost ratio of 10:1. ‘FR+NFR’ model’s total misclassification cost = 14.3% (Type I error) *10 + 22.3% (Type II error)*1 = 1.653
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