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Abstract:  

 

We hypothesize that the information on a CEO’s and directors’ (board members) 

past personal payment default entries in public credit data files significantly increases 

the predictive power of Altman’s (1968) and Ohlson’s (1980) distress prediction 

models. We base our hypothesis on the literature showing that (1) managerial traits such 

as overconfidence, over-optimism, and the illusion of control affect corporate decisions 

and that (2) these same personal traits explain personal over-indebtedness and credit 

defaults. Our results of analyzing the credit data files of more than 100,000 CEOs and 

directors of the Finnish private limited liability companies support this hypothesis. Our 

results remain materially unchanged when using the bootstrapping method to assess 

their significance and when excluding small firms (firm size below the sample median). 

Collectively, our results imply that creditors should recognize the increased distress risk 

of firms appointing defaulting CEOs and directors. 

 

 

JEL Classification: G33, G34, M40 

 

Keywords: Financial distress, bankruptcy, insolvency, corporate governance, distress 

prediction 

 

1 Introduction 

Much research effort has been devoted to the predictability of the financial distress 

of the firm (for example, Altman 1968 and Ohlson 1980).1 The distress prediction 

models used in these studies rely on financial ratios, stock return volatility, or other firm 

characteristics (Hillegeist et al. 2004 and Xu and Zhang 2009). However, since 

corporate decisions are taken by individuals, the likelihood of subsequent financial 

distress is affected not only by firm characteristics but also by the personal 

characteristics of management. For instance, directors and executives play a crucial role 

in all key corporate decisions, including business model choices, capital structure, and 

 
1 The term financial distress refers to financial straits that may lead to the juridical bankruptcy of 

the firm. Firms in financial trouble may renegotiate their loans, restructure their business by, for 

example, selling off part of the business or committing to other actions needed to avoid 

bankruptcy. Typically, all these actions are more or less costly for creditors. In our study, we 

measure financial distress by filings for insolvency and bankruptcy. 
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investment decisions. Surprisingly, there is virtually no evidence on how top 

executives’ and directors’ personal attributes predict financial distress of the firm. 

In this paper, we hypothesize that appointing CEOs and directors with past 

personal payment default entries increases the likelihood of financial distress of the 

firm. We base our hypothesis on two streams of literature. First, relying on theoretical 

insights on how executives’ choices are influenced by their personal attributes, 

experiences, and values (e.g. Hambrick and Mason 1984, Hambrick 2007, and Hacbarth 

2008), many studies show that managers’ personal traits affect corporate decisions and 

business outcomes that may lead a firm into financial straits and even financial distress. 

In particular, it has been shown that managerial overconfidence, over-optimism, the 

illusion of control, and sensation-seeking account for higher corporate debt levels (Ben-

David et al. 2007), investment distortions (Malmendier and Tate 2005), unsuccessful 

mergers and acquisitions (Roll 1986, Malmendier and Tate 2008) and overall company 

risk taking (Cain and McKeon 2012).  

Second, overconfidence, over-optimism, and the illusion of control are also 

important factors in consumers’ credit decisions and resulting personal over-borrowing 

(e.g. Anderloni and Vandone 2010, Kilborn 2002, Sullivan et al. 1999). Overconfident 

and overly optimistic individuals overestimate their ability to avoid negative events and 

consequently underestimate the risk of their over-borrowing. They underestimate both 

the risk of the mismatch between their present borrowing and future income and the 

possibility that small incremental borrowing could lead to big financial problems. In 

addition, it has been observed in insurance research that a person’s credit history 

predicts various types of accidents, because similar personal traits, including sensation- 

seeking, occur in individuals who lack responsibility in behavioral and financial matters 

(for example, Brockett and Golden 2007). Therefore, we hypothesize that, by reflecting 
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the same managerial traits that have been found to affect corporate decisions, CEOs’ 

and directors’ payment default entries may be useful predictors of financial distress of 

the firm. 

Our paper makes two main contributions. First, to the best of our knowledge, our 

study is the first to explore whether the information on managers’ and directors’ 

personal characteristics significantly increases the predictive power of Altman’s (1968) 

and Ohlson’s (1980) distress prediction models. Our measure of managerial traits, that 

is, CEOs’ and directors’ payment defaults, is readily available for firms and their 

creditors in many countries. For instance, Equifax, TransUnion, and Experian are credit 

bureaus providing this information in the United States. Therefore, a policy implication 

of our paper is that creditors should recognize the increased distress risk arising from 

appointing defaulting CEOs and directors.2 Second, while many studies show that 

managerial traits affect corporate leverage and investment and acquisition decisions, 

there are no papers examining whether such decisions can lead the firm into financial 

distress, which is often a consequence of overly risky financial and investment 

decisions. We therefore extend the growing body of literature on the role of managerial 

traits in business outcomes to the issue of financial distress.  

Our empirical analysis of credit data files of 116,628 CEOs and directors of Finnish 

private limited liability companies yield the following results.3 First, having a CEO or 

directors with previous personal payment default entries significantly increases the 

likelihood that the firm will end up bankrupt or insolvent. Specifically, including 

information on CEO’s and directors’ past payment default entries significantly increases 

 
2 Our discussion with the Finnish credit bureau Suomen Asiakastieto Ltd. implied that, while 

personal credit defaults are routinely checked when granting personal credit, this practice is not 

common when granting corporate loans and appointing CEOs or directors. 
3 We use private (nonlisted) rather than public (listed) firms, because only two public Finnish 

firms went bankrupt during the sample period. 
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the ability of Altman’s (1968) and Ohlson’s (1980) models to predict bankruptcy and 

insolvency. Results from the relative information content tests, analyses of the 

classification of actual distress cases, marginal effect analyses, and the ROC curve 

analysis show that these results are both statistically and economically significant. 

Second, CEOs’ and directors’ payment default entries significantly explain the power of 

a firm’s financial ratios to predict bankruptcy and insolvency thereby indicating that bad 

managerial decisions are first reflected in declining financial ratios and then result in 

financial distress. In all analyses, we use CEOs’ and directors’ payment default entries 

to forecast financial distress at least a year ahead. Our results remain materially 

unchanged when using the bootstrapping empirical method to assess the significance of 

the results. The results also remain unchanged when we exclude small firms (firm size 

below the sample median), and when we analyze those payment defaults that are likely 

to reflect more severe underlying economic problems of the management. 

Our data consist of private (nonlisted) firms, which has implications for interpreting 

the results. First, the overall level of corporate governance in private firms is likely to be 

lower than that in listed firms, because private firms are not under public scrutiny. 

Second, the CEO and directors of private firms are likely to own substantial parts of 

their firm. This may either improve the level of corporate governance due to reduced 

agency costs (the ownership and control are not as separate as in public firms) or impair 

it due to taking advantage of perks and other abuses of funds.  

The remainder of this paper is divided into four sections. Section 2 reviews the 

relevant literature and proposes our hypotheses. Section 3 describes the data, discusses 

their features, and presents the methodology and research design. Section 4 describes 

our results, and Section 5 concludes.   
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2 Literature and hypothesis development 

 

2.1 Managerial traits and corporate decisions 

In a seminal study, Hambrick and Mason (1984) maintain that managerial 

experiences, values and cognitive styles, such as honesty, affect managers’ choices and 

consequent corporate decisions. Since then, a growing number of studies have explored 

how managerial traits affect various corporate decisions and business outcomes, 

including capital structure choices, investment policies, mergers and acquisitions, or tax 

avoidance (for example, Roll 1986; Malmendier and Tate 2005, 2008; Ben-David et al. 

2007; Hackbarth 2008; Cain and McKeon 2012; Dyreng et al. 2010).4  

Much of the research in the area has focused on such managerial traits as 

overconfidence, optimism, the illusion of control, and sensation-seeking. These terms 

originated in psychology, but they have been conceptualized in the context of economic 

decision-making (for example, Shefrin 2010, Malmendier and Tate 2008, Kilborn 

2002). Overconfidence is defined as an individual’s tendency to be overly optimistic 

and overconfident regarding her own susceptibility to risk. This behavioral bias occurs 

in all social categories, even among those who are more informed about the actual 

statistical probability of adverse events. Individuals are especially overconfident about 

outcomes they believe are under their control and to which they are firmly committed. 

Closely related behavioral biases are over-optimism, which refers to overestimating the 

probabilities of favorable events and underestimating the probabilities of unfavorable 

ones, and the illusion of control, which refers to overestimating the role of personal 

skills relative to luck in the determination of outcomes. Overconfident managers tend to 

underestimate the volatility of their firms’ future cash flows, whereas optimistic 

 
4 For recent review articles in the area, see Shefrin (2010) and Baker et al. (2007).  
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managers overestimate the mean of the cash flows (for example, Shefrin 2001). 

Sensation-seeking, in turn, is defined as an individual’s tendency to take physical, 

social, legal, and financial risks simply for the sake of the thrill (Zuckerman 1994). 

Sensation seekers are relatively fearless and take risks because of the resulting thrill, not 

because of the expected utility resulting from actions that involve greater risk. 

Given the purpose of our paper, previous studies on how the above-mentioned 

managerial traits are related to corporate financing, investment, and acquisitions 

decisions are of particular interest, because unjustified risk-taking may lead a firm into 

financial distress. Hacbarth (2008) incorporates managerial traits into a theoretical 

model of the capital structure of the firm. His model implies that firms with 

overconfident CEOs use more debt and issue new debt more often, although they have 

to follow a pecking order. Ben-David et al. (2007) report empirical results indicating 

that overconfident CFOs use more debt. Cronqvist et al. (2012) likewise find a positive 

relation between CEOs’ personal home leverage and corporate leverage, indicating that 

firms behave remarkably similarly to how their CEOs behave personally. Based on 

these studies, we argue that overconfident managers are likely to accept too high debt 

levels, which increases the likelihood that their firms will fail to meet their financial 

obligations, leading into financial distress. 

March and Shapira (1987) suggest that managers, after selecting investment 

projects, easily become victims of the illusion of control and underestimate the 

probabilities of the failure of the accepted projects. In addition, Malmendier and Tate 

(2005) find that overconfident managers overinvest when they have abundant internal 

funds but curtail investment when they require external financing. Therefore, the 

illusion of control and overconfidence may lead to unwarranted risk-taking in 



7 

 

investment decisions, which in turn is likely to result in weak profitability and 

consequent financial distress.  

Finally, Roll’s (1986) hubris hypothesis of takeovers argues that management 

overconfidence is associated with unsuccessful corporate takeovers. Consistent with this 

view, Malmendier and Tate (2008) find that overconfident CEOs are more likely to 

engage in value-destroying mergers and acquisitions (M&A). Cain and McKeon (2012) 

argue that managerial sensation-seeking leads to increased overall risk taking and more 

frequent M&A activity. Therefore, we argue that managerial overconfidence and 

sensation seeking leads to unsuccessful M&As, increasing the likelihood of the 

financial distress of the firm. 

 

2.2 Personal traits and payment default entries 

Personal traits also play an important role in consumers’ credit decisions. In 

particular, overconfidence, optimism, the illusion of control, and sensation-seeking 

affect consumption attitudes and saving and borrowing decisions. Consequently, they 

factor into consumers’ over-indebtedness and credit defaults.5 Moreover, personal traits 

affecting credit and financial decision-making occur across all income groups, including 

the wealthiest individuals. 

Overconfident and overly optimistic persons tend to overestimate their ability to 

avoid negative events in their personal finances and to underestimate the risk of their 

over-borrowing. Specifically, they underestimate the risk that they would face the 

mismatch between present borrowing and future income or that small incremental 

borrowing could lead to big financial problems (for example, Anderloni and Vandone 

 
5 Kilborn (2002) even states that ‘The overconfidence bias figures prominently in the history of consumer 

credit in the United States.’  
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2010, Kilborn 2002, Sullivan et al. 1999). In addition, these individuals typically do not 

learn from negative experience resulting from previous over-borrowing, and financial 

advice does not lead to better financial decisions when behavioral factors prevail 

(Kilborn 2002).  

Sensation-seeking behavior has been linked with payment defaults due to excessive 

credit card use (Wood 1998, Brockett and Golden 2007). Grinblatt and Keloharju 

(2009) show that investors’ sensation-seeking, measured by the number of speeding 

tickets received, is positively related to the frequency with which they trade their stocks 

and negatively related to the returns on those investments. In addition, the psychology 

literature has tied sensation-seeking to gambling (Raylu and Oei 2002). Although losses 

in trading on a stock market or gambling could be regarded as extreme examples of 

financial risk-related sensation-seeking behavior, it can be assumed that sensation 

seekers are likely to adopt a high-risk personal credit policy, which may lead to over-

indebtedness and payment defaults. Finally, insurance research has shown that a 

person’s credit history predicts various types of accidents, because similar personal 

traits, including sensation-seeking, occur in persons who lack responsibility in 

behavioral and in financial matters (for example, Brockett and Golden 2007). This result 

indicates that sensation-seeking and other personal attributes are reflected in financial 

decisions affecting one’s credit score. 

 

2.3 Financial distress prediction  

Recently, studies have taken steps towards also acknowledging the role of 

management’s personal traits in the financial distress process of the firm. For instance, 

Bhojraj and Sengupta (2003) argue that, in addition to the financial risk characteristics, 

a firm’s likelihood of default also depends on the agency risk of management acting in a 
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self-interested manner and taking actions not compatible with firm value maximization. 

Hambrick and D’Aveni (1992) and Daily and Dalton (1994) investigate the functional 

experience of top management and the board characteristics of bankrupt firms, reporting 

that managerial deficiencies precipitate or exacerbate the financial distress. Beaver et al. 

(2005) argue that the ability of financial ratios to predict financial distress and 

bankruptcy has decreased over the last 40 years for reasons such as the increase in the 

degree of managerial discretion in preparing financial statements. Back (2005) and 

Laitinen and Laitinen (2009) find some evidence indicating that a set of non-financial 

variables measuring various board and management characteristics including payment 

defaults jointly predicts financial distress in a pooled sample of partnership, sole 

proprietorship and limited liability companies, although their results on the role of the 

management characteristics in multivariate models are mixed. 

Taken together, these findings suggest that managerial traits are potentially a 

useful source of information in predicting the financial distress of the firm. In particular, 

such information may add to frequently used multivariate distress prediction models 

such as Altman’s (1968) Z-Score and Ohlson’s (1980) O-Score, as these and other 

distress prediction models are typically based on using financial statement information 

only (for example, Beaver 1966 and Beaver et al. 2005)6. 

 

2.4 Hypotheses 

The literature discussed above shows that managerial overconfidence, optimism, 

the illusion of control, and sensation-seeking explain unwarranted risk-taking in 

corporate decisions that may result in financial distress. In particular, firms may accept 

excessive debt levels, high-risk investment projects, and value-destroying M&As, 

 
6 Distress prediction models based on financial ratios generally focus on the profitability, cash 

flow generation, financial leverage, and liquidity of the firm. 
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which are likely to increase the likelihood of financial distress. Moreover, the literature 

shows that the same personal traits play an important role in consumers’ credit decisions 

and resulting over-indebtedness and credit defaults. Therefore, by reflecting the 

managerial traits that affect the key corporate decisions, managements’ payment default 

entries in credit files are potentially useful predictors of the financial distress of the 

firm. Given the crucial role of CEOs in running firms, it is likely that the personal traits 

described above lead firms into financial straits.  

Directors’ personal traits are also likely to increase the likelihood that their firm 

will run into financial straits, because the board of directors is the most important 

decision-making body in a corporation (for example, Ferreira 2010). In particular, 

directors hire and evaluate the management, approve major strategic and financial 

decisions, and offer expert advice to management (for example, Kim et al. 2010). For 

instance, Adams et al. (2008) report that directors define the setting of the strategic 

direction of the firm and the selection of investment projects as their major jobs7. In 

distress prediction, the fact that directors make the final decisions regarding M&As, 

capital structure, and investments projects is of particular interest. In particular, 

directors’ overconfidence and other personal traits are likely to result in accepting high 

debt levels, value-destroying M&As, and high-risk investment projects—all of which 

may lead firms into declining performance and financial distress, as described above. 

While the studies discussed above suggest that causality runs from managerial 

traits to corporate decisions and consequent business outcomes, there is a possibility of 

 
7 The Finnish Companies Act, which is in accordance with the European Union directives, 

greatly emphasizes a board’s role in the governance structure of the firm. Specifically, directors 

have a legal responsibility to actively assess all the actions taken by the firm on a continuous 

basis. In the Finnish Corporate Governance Code, the list of directors’ duties is very similar to 

those described by various professional organizations in the US. (See, for example, the 

Committee on Corporate Laws’ Corporate Director’s Guidebook, 2004.) While executives have 

a key role in the daily operations of the firm, the legislation therefore also creates incentives for 

directors to attend to the decision-making.  
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reverse causality. In particular, firms anticipating declining future prospects may look 

for managers with certain personal traits. If payment defaults reflect these traits, such 

firms are likely to appoint defaulting managers. In other words, managers’ payment 

defaults may be an indication of future troubles anticipated by the firm—not only a 

reason for them. Anecdotal evidence based on the discussion with the leading Finnish 

credit bureau indicates that it is not a common practice that CEOs’ and directors’ 

personal credit defaults are checked when directors and senior executives are appointed. 

Therefore, if managers’ defaults are typically not known, it seems less likely that firms 

select CEOs and directors based on characteristics correlated with defaulting. However, 

regardless of the direction of causality, if appointing defaulting managers is a signal of 

the deteriorating future prospects of the firm that are not reflected in current financial 

ratios used in distress prediction models, then incorporating such information in the 

models is likely to improve distress prediction. Therefore, while there may be 

alternative managerial interpretations of why CEOs’ and directors’ payment defaults 

predict future troubles in the firm, the outcome for distress prediction is the same: 

creditors benefit from all information that helps them to assess the likelihood of the 

future distress of the firm. These arguments provide the basis for the following two 

hypotheses: 

 

Hypothesis 1: A CEO’s past personal payment default entries in public credit files 

increase the likelihood of the future financial distress of the firm. 

 

Hypothesis 2: The greater the proportion of directors on the board with past personal 

payment default entries in public credit files, the greater is the 

likelihood of the future financial distress of the firm. 
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3 Data and methodology 

3.1 Data sources 

Our data were obtained from Suomen Asiakastieto Ltd., the leading credit bureau in 

Finland. It maintains several credit, bankruptcy, and financial statement databases 

covering essentially the entire Finnish population and all firms based in Finland. These 

databases include a personal credit database containing all individual Finnish citizens’ 

payment default entries. The process of becoming the subject of an entry in a personal 

credit database is strictly regulated by the Personal Data Act. A payment default entry 

will be recorded if failure to meet payments has been established by a court of law or by 

the proceedings of public authorities. This only happens if payment has been long 

overdue (on average 6 to 8 months) and the person has received several reminders and 

still fails to pay. Therefore, paying an invoice a few weeks after the due date, or an 

unpaid parking fine transferred to distraint, does not directly cause a credit data entry. A 

considerable proportion of the population will typically take care of delayed payments 

promptly or by negotiating with the party to whom the sum is owed, thus avoiding a 

payment default entry in the credit data file. Suomen Asiakastieto informs individuals of 

the first credit data entry recorded on them by sending a so-called letter of first 

registration. This will state how long the entry will be held publicly available in the 

credit data file. The periods vary according to the payment default entry as follows: 

- Insolvency confirmed by public authorities or a court of law: 3 years 

- Court judgment on demand for payment: 3 years 

- Payment default relating to a consumer credit: 2 years 

- Personal bankruptcy: 5 years. 
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According to the Finnish Personal Data Act, no misleading or incorrect data may be 

recorded in the credit data files. Moreover, no credit data entry will be recorded on 

private persons without their knowledge. Finnish authorities rigorously monitor the 

storage and use of the personal credit database maintained by Suomen Asiakastieto. 

Therefore, the personal credit data entries can be regarded as extremely accurate and 

reliable indications of a person’s failure to meet financial obligations. Finally, Suomen 

Asiakastieto maintains databases on the insolvency and bankruptcy filings and financial 

statement information of all Finnish firms. The insolvency and bankruptcy filings 

database includes information such as the reasons for and dates of the insolvency and 

bankruptcy filings. Financial statement data includes income statement and balance 

sheet items of the firm. 

 For the purposes of our research, we merge the abovementioned databases. We 

retrieve the data for all private (nonlisted) limited liability companies available in the 

databases. We restrict our sample to private firms because only two listed Finnish firms 

went bankrupt during the sample period. When matching the data, we first use CEOs’ 

and directors’ person-specific codes to match their payment default entries with the 

financial statement data of the firm in which they serve as a CEO or directors. We then 

use firm identity codes to merge the resulting dataset with the subsequent insolvency 

and bankruptcy filings of the firms8. 

3.2 Research design 

 

 
8 Although anyone can easily retrieve (purchase) a given person’s payment default entries from 

a credit database, the Personal Data Act does not allow anyone to build up a database of her 

own by retrieving credit default entries on many people. However, Suomen Asiakastieto Ltd. 

provides credit default data for academic research upon request. This can be done because they 

preserve directors’ and CEOs’ anonymity by replacing their names with a specific code in the 

credit default database. They also replace directors’ and CEOs’ names in the financial statement 

database by the same code so that the credit default and financial statement data can be merged. 

Previous studies using these data include Eisenberg et al. (1998), Back (2005) and Laitinen and 

Laitinen (2009).  
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We use two economic events as indications of financial distress: insolvency and 

bankruptcy filings. An insolvency filing means that a court or public authority has 

established that a firm has failed to meet its obligations to some of its creditors. This 

does not necessarily mean bankruptcy if the firm can still meet its obligations. A 

bankruptcy filing means that the firm can no longer meet any of its obligations, which 

ends its business operations. We predict these two events from our measures of CEOs’ 

and directors’ personal payment default entries and from financial ratios previously 

used in distress prediction models (Altman 1968, Ohlson 1980, Beaver et al. 2005). 

Information used in any predictive model has to be readily available before the 

bankruptcy or insolvency actually occurs. Therefore, as illustrated in Figure 1, we 

construct our research design for the period from January 2001 to December 2008 as 

follows.9 First, we identify CEOs and directors of all Finnish private limited liability 

firms10 at the end of 2005 and 2006. We then collect the data on these CEOs’ and 

directors’ personal payment default entries for the period from January 2001 to 

December 2006. Out of 116,628 managers and directors, 2,839 (2.4%) have payment 

default entries during this period.11 Second, we collect data on financial statements for 

these firms for the fiscal years 2005 and 2006. Third, we collect data on the insolvency 

and bankruptcy filings of these firms over the period January 2007 to December 2008. 

 
9 Although payment defaults can be kept on publicly available records only for the periods 

described in Section 3.1., that is, for 2 through 5 years, the credit bureau can maintain historical 

records for internal use. These historical records are also available for academic research, 

because an individual’s default history cannot be traced from the records as described in 

footnote 8. Therefore, we could use the historical default data since 2001 in our analyses. To 

ensure that our distress prediction models are based on the information that was available before 

the bankruptcy or insolvency filings, we use only those past defaults of CEOs and directors that 

really were publicly available in the records in the end of 2005 (2006) given the type of the 

default described in Section 3.1. For instance, our distress prediction models containing 

financial ratios from the fiscal year 2005 include payment defaults that were kept in the records 

for previous 2 through 5 years depending on the type of the default. 
10 We exclude very small firms, that is, firms having annual sales less than 100,000 euros. The 

results of our empirical analyses using only those firms with sales greater than the sample 

median are qualitatively similar to those reported in the tables. (See Section 4.3.)  
11 This proportion is roughly equal to that of the entire Finnish population.  
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We exclude from our sample those firms with insolvency and bankruptcy filings in any 

years prior to 2007. This ensures that we are predicting future—not current—financial 

distress of the firm. After deleting the missing data items, we have 26,026 firms in our 

final sample. Out of these firms, 586 are filing for insolvency, 161 are filing for 

bankruptcy, and 25,380 have no such filings.   

Our research design ensures that our distress prediction models are based on 

information that was available before the bankruptcy or insolvency filings. First, we use 

accounting data from the fiscal year 2005 (2006) to predict the bankruptcy and 

insolvency filings of the firm in the calendar year 2007 (2008). Second, we use CEOs’ 

and directors’ personal payment default entries over the period 2001through 2005 (2002 

through 2006) to predict the bankruptcy and insolvency filings of the firm in the 

calendar year 2007 (2008). In other words, there is a minimum lag of 12 months 

between the dependent and all independent variables. While previous distress prediction 

studies have typically used a lag of 4 to 12 months between the dependent and all 

independent variables, our research design is slightly more conservative.12  

 

3.3 Methodology and variable definitions 

 

Following earlier studies, we use relative information content tests (the Vuong test) 

to compare how much the inclusion of CEOs’ and directors’ past personal payment 

default entries increases the amount of distress-related information in the Altman (1968) 

and Ohlson (1980) distress prediction models (for example, Hillegeist et al. 2004, Xu 

and Zhang 2009). The Vuong test is based on statistically comparing the log likelihood 

statistics of models. In distress prediction, the tests are based on how well each distress 

 
12 We have also estimated all our models by varying the minimum lag from one month to 11 

months. These results are qualitatively similar to those reported in tables. 
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prediction measure explains the variation in the actual probability of distress. Therefore, 

the tests allow us to determine whether there are statistically significant differences in 

the performance of different models in predicting financial distress.  

We first estimate four logistic distress prediction models from our data. Model Z 

refers to the original Altman (1968) model, and Model O refers to the original Ohlson 

(1980) model. Models Adj. Z and Adj. O refer to Altman’s and Ohlson’s models after 

the inclusion of our measures of CEOs’ and directors’ personal payment default entries. 

As our sample consists of private firms, we follow the literature and use the private-firm 

version of Altman’s Z-model, where the book value of equity is used instead of the 

market value. (See, for example, Altman and Saunders 1997.)13 Therefore we estimate 

the following logistic regressions: 

 

Model ‘Z’: 
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Model ‘Adj. O’: 

 
13 Since our sample contains nonlisted firms, we cannot use other market-based variables such 

as those based on the Merton (1974) option model or the Black-Scholes-Merton option-pricing 

model (e.g., Hillegeist et al. 2004, Shumway 2001)  
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where Xit+2 is either BANKRUPTCYit+2 or INSOLVENCY it+2 (and BANKRUPTCYit+2 

is an indicator variable equal to one if firm i has a bankruptcy filing in year t+2 and 

otherwise equal to zero, and INSOLVENCYit+2 is an indicator variable equal to one if  

firm i has an insolvency filing in year t+2 and otherwise equal to zero); 

DEFAULT_CEOit is an indicator variable equal to one if firm i’s CEO has a payment 

default entry in the 5-year period ending in year t and otherwise equal to zero; 

DEFAULT_DIRit is the proportion of firm i’s board of directors with a payment default 

entry in the 5-year period ending in year t; CEO_DUALit is an indicator variable equal 

to one if both CEO and at least one board member of firm i has a payment default entry 

in the 5-year period ending in year t and otherwise equal to zero; WC_TAit is working 

capital divided by total assets for firm i in year t; RE_TAit is retained earnings divided 

by total assets for firm i in year t; EBIT_TAit is earnings before interest and taxes 

divided by total assets for firm i in year t; BV_TLit is book value of equity divided by 

total liabilities for firm i in year t; SALES_TAit is sales divided by total assets; SIZEit is 

the ln(Total Assets/GDP price level index) for firm i in year t; TL_TAit is total liabilities 

divided by total assets for firm i in year t; CL_CAit is current liabilities divided by 

current assets for firm i in year t; NI_TAit is net income divided by total assets for firm i 

in year t; FFO_TLit is pre-tax income plus depreciation and amortization divided by 

total liabilities for firm i in year t; NITWOit is an indicator variable equal to one if 

cumulative net income over the previous two years for firm i in year t is negative and 

otherwise equal to zero; OENEGit is an indicator variable equal to one if total liabilities 
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exceed total assets in firm i in year t and otherwise equal to zero; CHINit is a scaled 

change in net income [(NIt – NIt-1)/(│NIt│+│NIt-1│)] for firm i in year t; and YEARt is 

an indicator variable equal to one for the year 2006 and equal to zero for the year 2005. 

In all models, we use CEOs’ and directors’ payment record entries from the previous 

five years, because the entries are kept in the credit data file for a maximum of five 

years in keeping with to the Personal Data Act, as described in Section 3.1. Appendix 1 

summarizes the variables used in the empirical analyses and their construction. 

We calculate the probabilities of bankruptcy and insolvency predicted by each of the 

four models by using out-of-sample predictions. Specifically, we first estimate Models 

Z, Adj. Z, O, and Adj. O for randomly selected bankruptcy, insolvency, and nondistress 

firms. This subsample contains half of the observations in the original sample. We then 

use the parameters estimated for each model from this subsample to predict bankruptcy 

and insolvency in the remaining half of the sample and calculate the scores for the 

probability of the distress for each model. In all regressions, we use Vuong’s (1989) test 

to assess whether model performance improves after including the measures of a CEO’s 

and directors’ past personal payment default entries into the traditional distress 

prediction models. Finally, we analyze the classifications of actual distress cases and the 

ROC curves to compare the prediction accuracy of each model. 

 

3.4 Preliminary data analysis 

 

Table 1 reports characteristics of distressed vs. nondistressed firms in the end of the 

years 2005 and 2006. We use the t-test (the Wilcoxon test) to ascertain whether the 

means (medians) of the variables are different between bankrupt and insolvent firms. As 

described in Section 3.2 and in Figure 1, these variables are from (at least) one year 
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prior to the first bankruptcy or insolvency filing for the distress firms. Consistent with 

Back (2005), Laitinen and Laitinen (2009), the results show that bankrupt and insolvent 

firms have a significantly much greater proportion of CEOs (the variable 

DEFAULT_CEOit) and directors (the variable DEFAULT_DIRit) with previous personal 

default entries than the other firms. This result hence supports the hypotheses that 

CEO’s and directors’ payment default entries increase the likelihood of financial 

distress of the firm. In addition, all financial ratios of insolvent and bankrupt firms, 

except for FFO_TLit, NITWOit, CHINit, and SIZEit are statistically significantly different 

from those of the nondistressed firms. The results reported in Table 1 are consistent 

with previous research showing that distressed firms perform more poorly, have more 

financial leverage, and have weaker liquidity than nondistressed firms.  

 

(Insert Table 1 here) 

 

As an additional descriptive statistic, Figure 2 shows the ratio of the number of 

bankrupt firms to all firms for categories based on the proportion of directors with 

personal payment default entries. Figure 3 shows the same information for insolvent 

firms. Although mainly descriptive information, these figures indicate that the 

probability of the financial distress of the firm increases monotonically with the 

proportion of defaulting directors. Moreover, the phenomenon is economically 

significant, because the probability of financial distress is 5 to 6 times greater among 

firms with a majority of directors with past personal payment default entries than among 

firms with no such directors. 

 

(Insert Figures 2 and 3 here) 
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Table 2 reports the summary statistics of the variables used in the regressions. 

Variable DEFAULT_DIRit ranges from 0 to 1, indicating that some sample firms have 

no directors with entries in public credit data files, while some have appointed only such 

directors. Some of the financial ratios have relatively extreme minimum and maximum 

values in their distributions, most likely because the sample includes financially 

distressed firms. We also estimate all our models by excluding extreme observations, 

and the results remain materially unchanged. 

 

(Insert Table 2 here) 

 

Table 3 reports correlations between the variables used in the regressions. The 

results show significantly positive correlation coefficients between the variables 

DEFAULT_CEOit and DEFAULT_DIRit, indicating that firms having a CEO with 

personal payment default entries tend to have a greater proportion of such directors, too. 

As for the financial ratios, the results show that most of the correlations between the 

ratios used in Altman’s model (Rows 4 through 8 in Table 3) are significant, but no 

extreme positive or negative correlations are observed. The same conclusion can be 

drawn for the financial ratios used in Ohlson’s model (Rows 4 and 9 through 16 in 

Table 3). 

 

(Insert Table 3 here) 

 

4 Empirical results 
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4.1 Logistic regression results of estimating the distress prediction models 

 

Tables 4 and 5 report the results of estimating the four logistics distress prediction 

models from our data to explore whether including the variables measuring CEOs’ and 

directors’ personal payment default entries in Altman’s (1968) and Ohlson’s (1980) 

models significantly improves the ability of the models to predict financial distress.14 

The results in Tables 4 and 5 show that the estimated parameter for the variable 

DEFAULT_CEOit is significantly positive. Therefore, consistent with our Hypothesis 1, 

the results indicate that having a CEO with personal payment default entries increases 

the likelihood of the future bankruptcy and insolvency filings of the firm. The results 

also show that the estimated parameter for the variable DEFAULT_DIRit is significantly 

positive, supporting our Hypothesis 2, that is, the greater the proportion of board 

members having personal payment default entries, the greater is the likelihood of the 

subsequent bankruptcy and insolvency filings of the firm. Regarding the joint role of 

CEO’s and directors’ payment default entries in distress prediction, the results reported 

in Tables 4 and 5 show that a CEO’s and directors’ payment defaults have an 

incremental role when predicting bankruptcy and future insolvency. 

Regarding the other variables in Tables 4 and 5, the results show that financial 

ratios from Altman’s (1968) model (Model Adj. Z) have the predicted signs and that the 

estimated parameters are statistically significant. The only exception is the ratio of sales 

to total assets (SALES_TAit), which has a significantly positive sign, probably because 

book equity and total assets decline sharply for distressed firms, increasing their sales-

to-total-assets ratio. As for the financial ratios from Ohlson’s (1980) model (Model Adj. 

 
14 The results reported in Tables 4 and 5 are based on the total sample. We obtain similar results 

when estimating the models for the randomly selected sub-sample containing half of the 

observations, which we use as an estimation sample in the out-of-the-sample analyses in Tables 

6 through 8.  
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O), most of them are not significantly related to the financial distress of the firm. In 

predicting bankruptcy, only the degree of financial leverage (TL_TAit) has a significant 

slope in Model O. In predicting insolvency, significant slopes are reported for variables 

SIZEit, TL_TAit, NITWOit, and OENEGit. However, the Log Likelihood statistic is higher 

for Model O than Model Z in predicting both bankruptcy and insolvency. The Vuong 

tests also show that these differences in the Log Likelihood statistics are significant, 

indicating that Ohlson’s (1980) model outperforms Altman’s (1968) model. Finally, the 

Log Likelihood statistic and the Vuong tests indicate that Model Adj. O outperforms 

Model Adj. Z. 

 

(Insert Table 4 here) 

(Insert Table 5 here) 

 

4.2 Distress-scores and out-of-sample predictions 

 

Next, we calculate the likelihoods of bankruptcy and insolvency predicted by each 

of the four models. We first estimate Models Z, Adj. Z, O, and Adj. O for randomly 

selected bankruptcy, insolvency, and nondistress firms containing half of the original 

sample, and we then use the parameters estimated for each model from this subsample 

to predict bankruptcy and insolvency in the remaining half of the sample. For each 

model, we estimate the predicted likelihood of financial distress in two ways. First, we 

convert the estimated distress scores into probabilities using the logistic function Prob = 

[eScore / (1 + eScore)]. Second, we develop a decision rule, where the observations with 

scores below a cut-off of 5% of the distribution of firms are coded as likely to go 

bankrupt or face insolvency, while those above it are coded as unlikely to do so, that is, 
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Prob= {
1, if Score ≤ 0.05

0, if Score > 0.05
. An advantage of this decision rule is that it yields distress 

probabilities that are better calibrated towards the actual distress rates, when a very 

small number of firms typically face financial distress. In particular, many firms filing 

for bankruptcy are either acquired or liquidated outside the bankruptcy process, and 

consequently, these firms do not go into the legal bankruptcy although they meet the 

economic criteria for bankruptcy (Hillegeist et al. 2004). Accordingly, many firms that  

are insolvent in economic terms renegotiate their financial obligations, acquire new 

financing, or both before the legal insolvency filing. For the sake of brevity, we report 

in our tables only those distress probabilities that are based on the decision rule15.  

Table 6 reports summary statistics for our decision-rule-based likelihood of 

financial distress predicted by each model. We denote these likelihoods as Z-Prob, Adj. 

Z-Prob, O-Prob, and Adj. O-Prob. The t-tests reported in Table 6 indicate that, for all 

models, the mean values of the predicted probabilities are significantly greater for 

bankrupt than for nonbankrupt firms and for insolvent than for solvent firms. The 

Wilcoxon rank-sum test gives similar results for median values of predicted 

probabilities. These results suggest that all four models predict the financial distress of 

the firm. 

 

(Insert Table 6 about here) 

 

Table 7 reports the results of comparing the relative information content of the 

scores based on the four distress models. We denote these scores as Z-Score, Adj. Z-

 
15 All our results of comparing the four distress prediction models are qualitatively similar 

regardless of whether we use the decision rule or the logistic function to estimate the predicted 

likelihood of financial distress. However, consistent with the miscalibration argument, the 

predicted probabilities based on logistic function are greater than the actual distress rates. 
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Score, O-Score and Adj. O-Score. All score measures are significantly positively related 

to both the bankruptcy and insolvency of the firm, indicating that they predict financial 

distress. However, our main interest is in comparing the Log likelihood statistics among 

the models. Consistent with the findings of Hillegeist et al. (2004), measures based on 

Altman (1968) perform significantly worse than Ohlson’s (1980) measures. For 

bankruptcy prediction models, Adj. O-Score outperforms all other models. The Vuong 

test shows that the difference in the Log likelihood statistics between Adj. O-Score and 

the second best model, O-Score, is statistically significant at p<0.001. In addition, the 

Vuong test shows that the difference in the Log likelihood statistics between Adj. Z-

Score and Z-Score is statistically significant at p<0.001. For insolvency prediction 

models, the results are essentially similar. The Vuong test shows that Adj. O-Score 

outperforms the other models and that Adj. Z-Score outperforms Z-Score.  

Taken together, the results reported in Table 7 support our Hypotheses 1 and 2 that 

having a CEO or directors with past personal payment default entries increases the 

likelihood of future bankruptcy and insolvency filings of the firm. Therefore including 

the payment default entries of a firm’s management in the traditional distress prediction 

models increases the power of tests of probability of bankruptcy and other financial 

distress. 

 

(Insert Table 7 about here) 

 

Following Dichev (1998), Shumway (2001), Beaver et al. (2005), and Xu and 

Zhang (2009), we next analyze the actual distress cases across different categories of 

distress risk measures. This analysis serves as an additional comparison of the 

prediction accuracy of the models with and without information on the CEO’s and 
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directors’ payment default entries. In Table 8, we report these results. We sort our data 

into 10 categories of equal size according to the bankruptcy and insolvency risk 

measures, that is, Z-Score, Adj. Z-Score, O-Score and Adj. O-Score. Panel A of Table 8 

reports the estimated average bankruptcy and insolvency probabilities in each category 

based on the four risk measures. Accordingly, Panel B of Table 8 shows the number of 

actual future bankruptcy and insolvency filings in these categories. The greater (lower) 

the number of bankruptcy or insolvency filings captured by a given measure in the 

highest-risk (lowest-risk) category, the better is that measure in predicting bankruptcy 

or insolvency. 

The results in Panel B of Table 8 show that the bankruptcy and insolvency 

measures containing information on the CEO’s and directors’ payment default entries 

(Adj. Z-Score and Adj. O-Score) predict more bankruptcy and insolvent firms in the 

highest-risk category than the corresponding measures not containing such information 

(Z-Score and O-Score). Moreover, the measures containing information on 

management’s payment default entries classify fewer firms into the categories of the 

lowest risk if compared to their respective original measures. These results are 

consistent with those we reported in our previous tables. 

The results in Panel B of Table 8 also indicate that all four measures, especially 

those containing information on the CEO’s and directors’ past payment default entries, 

are reasonably accurate in detecting bankruptcy and insolvency. For instance, Adj. O-

score assigns 67.1% [(37+70)/161] of bankruptcy firms and 60.8% [(129+227)/586] of 

insolvency firms to the two highest-risk categories. Accordingly, Adj. Z-score assigns 

59.0% of bankruptcy firms and 55.8% of insolvency firms into the two highest-risk 

categories. Xu and Zhung (2009) report somewhat similar prediction accuracy statistics 

in their sample of Japanese listed firms.    
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 (Insert Table 8 about here) 

 

Finally, we complete the analyses of the correct classification of actual distress 

cases by calculating and depicting ROC (receiver operating characteristic) curves for 

different distress prediction models like as in Demers and Joos (2007). Specifically, the 

ROC curve (Hosmer and Lemeshow 2000) generalizes the contingency table analysis 

by providing information on the model performance for all possible cut-off values of the 

estimated probability of distress. Therefore ROC curves are more informative than 

standard 2×2 -classification tables that cross-classify the binary distress response 

variable based on whether the estimated distress probability exceeds some threshold 

level (e.g. p = 0.5). While the relative information contents tests (Vuong tests) allowed 

us to determine whether the differences in the performance of different models are 

statistically significant, the ROC curves provide a graphical illustration of the 

performance of different models.   

The ROC curve is a graphical plot of the sensitivity versus specificity of the 

model predictions of distress. Sensitivity equals to (1 – Type I classification error), and 

specificity equals to (1 – Type II classification error). Figures 4 through 7 show the 

ROC curves for the traditional distress prediction models (Z-score and O-score) and the 

models including the information on CEO’s and directors’ past payment default entries 

(Adj. Z-score and Adj. O-score). The best performing model yields a graph with points 

in the upper left corner in the figure. As is evident from the graphs, the models 

including information on the past payment default entries data outperform the 

traditional models in predicting both bankruptcy (Figures 4 and 5) and insolvency 
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(Figures 6 and 7) in almost every probability threshold. These results support the results 

reported in the tables. 

(Insert Figures 4-7 about here) 

 

4.3 Robustness checks and additional analyses 

 

4.3.1 Marginal effect analysis 

 

We evaluate the marginal improvements in Altman’s and Ohlson’s distress 

prediction models due to our payment default variables as in Dechow et al. (2011). In 

particular, we define F-Score as the ratio of distress probability predicted by a given 

model to the unconditional expectation of distress in our sample. Predicted probability 

is calculated using logistic function Prob = [eScore / (1 + eScore)]. Unconditional 

expectation is the number of distress cases divided by the total number of firms in our 

sample, that is, 0.0062 [161/(26,026)] for bankruptcies and 0.0225 [586/(26,026)] for 

insolvencies. To complete the marginal effect analysis, we first calculate the value of 

the F-Score predicted by a given model by holding all variables at their mean values. 

We then recalculate the F-Score after setting the dummy variable representing CEO’s 

payment default entries (DEFAULT_CEOit) at zero, holding all other variables at their 

mean values. We also recalculate the F-Score after setting DEFAULT_CEOit at one, 

holding all other variables at their mean values. Finally, we calculate the change in the 

F-Score when DEFAULT_CEOit equals one versus zero. We repeat this analysis for the 

variable measuring directors’ payment default entries (DEFAULT_DIRit). Since the 

distribution of DEFAULT_DIRit is strongly skewed towards zero (see Table 2), we 

calculate the F-Score predicted by each model by setting DEFAULT_DIRit at zero, 



28 

 

when none of the directors have payment defaults, and at the mean of the nonzero 

values of DEFAULT_DIRit, when directors have payment default entries, keeping all 

other variables at their mean values. Regarding the other variables in a given model, we 

calculate the change in the F-Score after first moving a variable to its lower quartile 

value and then to its upper quartile value, holding all other variables at the mean values. 

The untabulated results of the marginal effect analyses show that, in the bankruptcy 

prediction models, DEFAULT_CEOit and DEFAULT_DIRit have large marginal impacts 

on the F-Score, and, of financial ratios, only TL_TAit (the ratio of total liabilities to total 

assets) have a greater impact. In the insolvency prediction models both 

DEFAULT_CEOit and DEFAULT_DIRit have large marginal impacts on the F-Score, 

and out of financial ratios, only the ratios reflecting the firm’s capital structure (TL_TAit 

and OENEGit) have greater impacts on the score. 

 

4.3.2 Using the bootstrapping method to assess the significance of the results 

 

We also derived the empirical p-values to test the statistical significance of the 

estimated slopes of all our regressions by using the bootstrapping empirical re-sampling 

method. This approach reduces dependence on any particular sample and avoids making 

assumptions about the normality and stationarity of the data. We draw 1,000 random 

samples, with replacement from the original data set, and for each of these 1,000 

samples, we re-estimate all our regressions. The untabulated results are qualitatively 

similar to those reported in the tables. 
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 4.3.3 Effect of CEO’s and directors’ characteristics on the ability of financial ratios to 

predict bankruptcy and financial distress 

 

Assuming that managerial decisions affect the future performance of the firm, 

current financial reports, for the most part, should reflect the past decisions made by the 

management of the firm. Therefore bad managerial decisions should first be reflected in 

declining financial ratios and then, if the firm fails to change the course of its business, 

result in financial distress. We next analyze this causal relationship by estimating 

regressions with either original Z-Score or original O-Score in year t (that is, predicted 

bankruptcy or insolvency probabilities for year t+2) as a dependent variable and the 

CEO’s and directors’ past payment default entries in year t-1 as the independent 

variables. In other words, these regressions test whether CEO’s and directors’ past 

payment default entries predict the part of the next year’s financial statement 

information that is associated with the third years’ financial distress of the firm. 

The untabulated results show that directors’ past payment default entries are 

significant predictors of both Z-Scores and O-Scores for bankruptcy (0.62, p=0.001 and 

0.58, p<0.001 respectively), while CEO’s past payment default entries significantly 

predict only O-Score for bankruptcy (0.46, p<0.001). In predicting Z-Scores and O-

Scores for insolvency, both directors’ (0.34, p<0.001 and 0.43, p<0.001 respectively) 

and CEO’s payment default entries (0.27, p=0.001 and 0.28, p=0.002) have a significant 

impact. Therefore the CEO’s and directors’ past payment default entries significantly 

explain the power of a firm’s financial statement indicators to predict insolvency and 

bankruptcy. While we concede the limitations of these analyses due to the short sample 

period, these results provide some evidence of the effect of the competence of 
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management on the future financial position and consequent financial distress of the 

firm. 

 

4.3.4 The role of a firm’s size in the significance of CEO’s and directors’ characteristics 

in distress prediction 

 

In small private firms, the CEO and directors often own a substantial part of the 

firm, and they exercise strong control over the firm. While this may improve the level of 

the corporate governance of the firm due to reduced agency costs as ownership and 

control are not as distinct as in public firms, it may also reduce it due to perks and other 

abuse of the funds of the firm. In other words, CEO’s and directors’ personal financial 

straits may result in financial straits for the firm. Consequently CEO’s and directors’ 

personal payment default entries may have a direct negative effect on firm performance 

even in our sample consisting of limited liability companies. As a result, the impact of 

CEO’s and directors’ personal characteristics on the prediction of the firm’s financial 

distress may be stronger for small firms than for large firms. To confirm that our results 

are not totally driven by small firms, we run our analyses for a subsample including 

firms with annual sales higher than the sample median (454,000 euros). The results (not 

reported in the tables) are qualitatively similar to those reported for the total sample.  

 

4.3.5 Payment defaults resulting from severe economic problems  

 

Literature discussed in Section 3 reports that consumers’ payment defaults are 

associated with personal traits such as overconfidence and sensation-seeking. Although 

all payment defaults in public credit files have serious consequences for a defaulting 
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person—for example, by making it difficult to get a new credit—the size of defaults and 

consequently their economic importance varies. For instance, a minor, single credit 

default may result from reasons like bad luck rather than from adverse personal traits. 

We address this issue by focusing on those payment default cases that are likely to 

reflect more severe underlying economic problems of the management. Specifically, we 

re-estimate our models by replacing the variables DEFAULT_CEOit and 

DEFAULT_DIRit by (i) the logarithmic of the total number of a CEO’s and directors’ 

payment default entries for firm i in year t, and (ii) the logarithmic of the number of  

CEOs and directors having a credit default greater than 10,000 euros for firm i in year t. 

These two variables capture the economically most severe payment default cases in 

terms of the frequency of their occurrence and the magnitude of the default. The greater 

is the number of payment defaults or the greater is the amount of defaulted credit, the 

more severe are the underlying economic problems.    

Due to data availability limitations, we lose 22 bankruptcies and 70 insolvencies 

when using the two new payment default variables in regressions. The (untabulated) 

results of using these default measures are qualitatively similar to those reported in the 

paper. 

 

5 Conclusion 

 

In this paper, we hypothesize and find that CEO’s and directors’ past personal 

payment default entries increase the likelihood of the future financial distress of the 

firm. We base our hypotheses on two inter-related literatures. First, many theoretical 

and empirical papers show that managerial trails such as overconfidence, over-

optimism, and the illusion of control can account for incorrect strategic decisions, 
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including investment distortions, high debt levels, or unsuccessful acquisitions (for 

example, Roll 1986; Malmendier and Tate 2005, 2008; Hacbarth 2008). Second, the 

same personal traits have been reported to play an important role in consumers’ over-

indebtedness and credit defaults (for example, Kilborn 2002, Sullivan et al. 1999). We 

therefore argue that, by reflecting the same managerial traits that have been found to 

affect corporate decisions, managers’ payment default entries are potentially useful 

predictors of financial distress of the firm.  

Using the credit data files of 116,628 CEOs and directors of Finnish private limited 

liability firms, we find that including information on CEO’s and directors’ payment 

default entries significantly increases the ability of the original Altman’s (1968) and 

Ohlson’s (1980) models to predict bankruptcy and insolvency. Our results also show 

that bad managerial decisions are first reflected in declining financial ratios and then 

result in financial distress.  

We contribute to the literature in two ways. First, our results show that the traditional 

Altman (1968) and Ohlson (1980) models used for predicting the bankruptcy and 

insolvency of the firm should include information on the person-related risk 

characteristics of the top management of the firm. Regarding distress prediction, a 

policy implication of our paper is that creditors should recognize the increased distress 

risk arising from appointing defaulting CEOs and directors. Second, we extend the 

growing body of literature on the role of managerial traits in business outcomes to the 

issue of financial distress. In particular, many studies show that managerial traits affect 

corporate leverage and investment and acquisitions decisions, but there are no papers 

examining whether such decisions can lead the firm even into financial distress, which 

is often a consequence of overly risky financial and investment decisions. 
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Finally, although the behavioral literature implies that managerial traits affect 

corporate decisions and consequent business outcomes, there is a possibility of reverse 

causality. In particular, firms anticipating declining future prospects may appoint 

managers with certain personal traits, which are also reflected in their payment default 

entries. However, also in the case of the reverse causality, creditors should recognize the 

increased distress risk arising from appointing defaulting CEOs and directors. We leave 

for future research to explore the possibility of the reverse causality in details. 
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Appendix 1. Variables Used in the Empirical Analyses. 

   Abbreviation Description 

Dependent 

variables 

BANKRUTPCYit+2 An indicator variable equal to one if firm i has a bankruptcy filing in year t+2, otherwise equal to zero. 

 INSOLVENCYit+2 An indicator variable equal to one if firm i has a insolvency filing in year t+2, otherwise equal to zero. 

Independent 

variables 

DEFAULT_CEOit An indicator variable equal to one if firm i’s CEO has a payment default entry in the 5-year period 

ending in year t, otherwise equal to zero 

 DEFAULT_DIRit The portion of firm i’s board of directors with a payment default entry in the 5-year period ending in 

year t 

 CEO_DUALit An indicator variable equal to one if both CEO and at least one board member of firm i have a payment 

default entry in the 5-year-period ending in year t, otherwise equal to zero. 

 WC_TAit Working capital divided by total assets for firm i in year t. 

 RE_TAit Retained earnings divided by total assets for firm i in year t. 

 EBIT_TAit Earnings before interest and taxes divided by total assets for firm i in year t. 

 BV_TLit Book value of equity divided by total liabilities for firm i in year t. 

 SALES_TAit Sales divided by total assets for firm i in year t. 

 SIZEit ln(Total assets/GDP price level index) for firm i in year t. 

 TL_TAit Total liabilities divided by total assets for firm i in year t. 

 CL_CAit Current liabilities divided by current assets for firm i in year t. 

 NI_TAit Net income divided by total assets for firm i in year t. 

 FFO_TLit Pre-tax income plus depreciation and amortization divided by total liabilities for firm i in year t. 

 NITWOit An indicator variable equal to one if cumulative net income over the previous two years is negative for 

firm i in year t, otherwise equal to zero. 

 OENEGit An indicator variable equal to one if total liabilities exceed total assets for firm i in year t, otherwise 

equal to zero. 

 CHINit Scaled change in net income [(NIt – NIt-1)/(│NIt│+│NIt-1│)] for firm i in year t: 
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 Table 1 

Characteristics of the Distressed and Nondistressed Firms in the End of the 

Years 2005 and 2006 (Pooled Data). 
 

 Distressed firms Nondistressed 

firms 

Variable Bankrupt firms 

(N=161) 

Mean/Median 

Insolvent firms 

 (N=586) 

Mean/Median 

 

(N=48,130) 

Mean/Median 

Panel B: Mean 

BANKRUTPCYit+2 1.000 0.237 0.000 

INSOLVENCYit+2 0.863 1.000 0.000 

DEFAULT_CEOit 0.068 0.051 0.012 

DEFAULT_DIRit 0.119 0.116 0.028 

CEO_DUALit 0.044 0.032 0.005 

WC_TAit 0.063 0.074 0.245 

RE_TAit 0.090 0.109 0.274 

EBIT_TAit 0.096 0.104 0.178 

BV_TLit 0.096 0.122 0.211 

SALES_TAit 2.942 2.749 2.355 

SIZEit 5.468 5.364 5.635 

TL_TAit 0.771 0.747 0.512 

CL_CAit 1.083 1.124 0.775 

NI_TAit 0.052 0.057 0.127 

FFO_TLit 0.243 0.332 0.886 

NITWOit 0.255 0.280 0.120 

OENEGit 0.019 0.015 0.007 

CHINit 0.008 -0.017  0.021 

    

Panel B: Median 

BANKRUTPCYit+2 1.000 0.000 0.000 

INSOLVENCYit+2 1.000 1.000 0.000 

DEFAULT_CEOit 0.000 0.000 0.000 

DEFAULT_DIRit 0.000 0.000 0.000 

CEO_DUALit 0.000 0.000 0.000 

WC_TAit 0.087 0.064 0.237 

RE_TAit 0.053 0.064 0.251 

EBIT_TAit 0.072 0.072 0.147 

BV_TLit 0.044 0.051 0.080 

SALES_TAit 2.511 2.390 1.993 

SIZEit 5.485 5.279 5.525 

TL_TAit 0.837 0.813 0.508 

CL_CAit 0.883 0.892 0.592 

NI_TAit 0.029 0.030 0.106 
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FFO_TLit 0.145 0.157 0.429 

NITWOit 0.000 0.000 0.000 

OENEGit 0.000 0.000 0.000 

CHINit 0.000 0.000 0.000 

    

Notes: 

 

1. BANKRUPTCYit+2 is an indicator variable equal to one if firm i has a bankruptcy filing in year t+2, 

otherwise equal to zero; INSOLVENCYit+2 is an indicator variable equal to one if firm i has a 

insolvency filing in year t+2, otherwise equal to zero; DEFAULT_CEOit is an indicator variable equal 

to one if firm i’s CEO has a payment default entry in the 5-year period ending in year t, otherwise 

equal to zero; DEFAULT_DIRit is the portion of firm i’s board of directors with a payment default 

entry in the 5-year period ending in year t; CEO_DUALit is an indicator variable equal to one if both 

CEO and at least one board member of firm i have a payment default entry in the 5-year period 

ending in year t, otherwise equal to zero; WC_TAit is working capital divided by total assets for firm i 

in year t; RE_TAit is retained earnings divided by total assets for firm i in year t; EBIT_TAit is earnings 

before interest and taxes divided by total assets for firm i in year t; BV_TLit is book value of equity 

divided by total liabilities for firm i in year t; SALES_TAit is sales divided by total assets for firm i in 

year t; SIZEit is the ln(Total Assets/GDP price level index) for firm i in year t; TL_TAit is total 

liabilities divided by total assets for firm i in year t; CL_CAit is current liabilities divided by current 

assets for firm i in year t; NI_TAit is net income divided by total assets for firm i in year t; FFO_TLit is 

pre-tax income plus depreciation and amortization divided by total liabilities for firm i in year t; 

NITWOit is an indicator variable equal to one if cumulative net income over the previous two years 

for firm i in year t  is negative, otherwise equal to zero; OENEGit is an indicator variable equal to one 

if total liabilities exceed total assets for firm i in year t, otherwise equal to zero; and CHINit [(NIt –              

NIt-1)/(│NIt│+│NIt-1│)] is scaled change in net income for firm i in year t. 

 

2. T-test (Wilcoxon-test) is used to ascertain whether the means (medians) of the variables differ 

between distressed and nondistressed firms. Differences significant at the 0.05 levels are in bold. 
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Table 2 

Summary Statistics on the Variables Used in the Regressions. 
 

Variable Mean Median Std Dev Min Max 

BANKRUTPCYit+2 0.003 0.000 0.057 0.000 1.000 

INSOLVENCYit+2 0.012 0.000 0.109 0.000 1.000 

DEFAULT_CEOit 0.012 0.000 0.111 0.000 1.000 

DEFAULT_DIRit 0.029 0.000 0.147 0.000 1.000 

CEO_DUALit 0.005 0.000 0.071 0.000 1.000 

WC_TAit 0.243 0.234 0.305 ‒2.000 1.000 

RE_TAit 0.272 0.248 0.269 ‒3.875 2.796 

EBIT_TAit 0.177 0.146 0.191 ‒3.641 5.500 

BV_TLit 0.210 0.079 0.693 ‒1.826 65.176 

SALES_TAit 2.360 1.998 1.532 0.158 9.646 

SIZEit 5.631 5.522 1.266 1.406 12.176 

TL_TAit 0.515 0.512 0.264 0.001 3.313 

CL_CAit 0.779 0.596 0.719 0.038 6.018 

NI_TAit 0.126 0.105 0.150 ‒0.986 3.154 

FFO_TLit 0.879 0.433 1.284 ‒0.504 10.500 

NITWOit 0.122 0.000 0.328 0.000 1.000 

OENEGit 0.007 0.000 0.082 0.000 1.000 

CHINit 0.020 0.000 0.402 ‒1.000 1.000 

Notes:  

 

All variables are as in Table 1. 

 

  



 

 

Table 3 

Correlation Matrix for the Variables. 
 

  1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 

1 DEFAULT_CEOit  0.26 0.64 -0.04 -0.04 -0.02 -0.00 0.03 -0.04 0.05 0.05 -0.03 -0.04 0.02 0.01 -0.01 

2 DEFAULT_DIRit 0.32  0.33 -0.06 -0.05 -0.03 0.01 0.03 -0.07 0.06 0.06 -0.04 -0.05 0.00 0.01 -0.01 

3 CEO_DUALit 0.64 0.40  -0.02 -0.02 -0.01 -0.00 0.02 -0.03 0.03 0.02 -0.02 -0.02 0.01 -0.01 0.00 

4 WC_TAit -0.04 -0.06 -0.01  0.45 0.35 0.31 0.02 0.02 -0.62 -0.93 0.38 -0.44 -0.19 -0.10 0.04 

5 RE_TAit -0.04 -0.04 -0.01 0.42  0.07 0.14 -0.23 0.14 -0.76 -0.53 0.11 0.41 -0.06 -0.12 -0.12 

6 EBIT_TAit -0.02 -0.01 -0.01 0.33 -0.04  0.16 0.07 -0.06 -0.45 -0.34 0.96 0.82 -0.54 -0.07 0.28 

7 BV_TLit -0.01 -0.01 -0.00 0.13 -0.01 0.02  0.09 -0.58 -0.46 -0.35 0.18 0.34 0.00 -0.02 -0.02 

8 SALES_TAit 0.03 0.05 0.02 -0.02 -0.24 0.03 -0.00  -0.36 0.20 0.13 0.06 -0.11 0.04 0.04 0.01 

9 SIZEit -0.04 -0.09 -0.03 -0.01 0.13 -0.08 -0.13 -0.33  -0.03 -0.01 -0.05 -0.03 -0.10 -0.07 0.02 

10 TL_TAit 0.05 0.05 0.03 -0.62 -0.72 -0.41 -0.24 0.20 -0.04  0.70 -0.51 -0.77 0.26 0.14 -0.03 

11 CL_CAit 0.04 0.05 0.00 -0.79 -0.35 -0.25 -0.11 -0.01 0.02 0.50  -0.38 -0.52 0.19 0.09 -0.03 

12 NI_TAit -0.02 -0.02 -0.01 0.36 -0.04 0.92 0.02 0.01 -0.03 -0.45 -0.27  0.85 -0.57 -0.08 0.30 

13 FFO_TLit -0.03 -0.03 -0.00 0.40 0.33 0.58 0.20 -0.16 -0.03 -0.64 -0.32 0.61  -0.49 -0.10 0.19 

14 NITWOit 0.02 0.03 0.01 -0.19 -0.05 -0.47 0.02 0.05 -0.09 0.27 0.17 -0.52 -0.25  0.14 -0.25 

15 OENEGit 0.01 0.01 -0.01 -0.13 -0.16 -0.09 -0.02 0.06 -0.08 0.21 0.10 -0.11 -0.06 0.14  -0.01 

16 CHINit -0.00 -0.00 0.00 0.04 -0.14 0.25 0.01 0.01 0.01 -0.03 -0.03 0.29 0.10 -0.33 -0.00  

Note:  

 

1. The table presents pair-wise Pearson (below diagonal) and Spearman (above diagonal) correlations for the main variables. Correlations above 

0.009 and below -0.009 are significant at the 0.05 level.  

 

2. All variables are as in Table 1. 

 



 

 

 Table 4 

CEOs’ and Directors’ Personal Payment Defaults as Predictors of Future 

Bankruptcy of the Firm.  
 

Variable Exp. 

sign 

Model 

Z 

(Z-stat) 

Model 

Adj. Z 

(Z-stat) 

 Model 

O 

(Z-stat) 

Model 

Adj. O 

(Z-stat) 

Intercept  ‒6.21 ‒6.32  ‒7.65 ‒7.91 

  (773.53)+ (765.29)+  (129.53)+ (137.33)+ 

DEFAULT_CEOit +  1.45   1.45 

   (7.42)+   (7.49)+ 

DEFAULT_DIRit +  1.35   1.32 

   (16.97)+   (16.01)+ 

CEO_DUALit ?  ‒1.01   ‒1.08 

   (2.15)   (2.45) 

RE_TAit ‒ ‒1.35 ‒1.38    

  (48.70)+ (51.11)+    

EBIT_TAit ‒ ‒1.45 ‒1.46    

  (18.92)+ (19.18)+    

BV_TLit ‒ ‒2.11 ‒2.11    

  (11.10)+ (10.95)+    

SALES_TAit ‒ 0.17 0.16    

  (16.13)+ (13.56)+    

WC_TAit ‒ ‒0.93 ‒0.83  ‒0.45 ‒0.44 

  (10.91)+ (8.65)+  (0.77) (0.76) 

SIZEit ‒    ‒0.10 ‒0.06 

     (2.15) (0.97) 

TL_TAit +    3.11 3.05 

     (33.34)+ (32.72)+ 

CL_CAit +    ‒0.14 ‒0.16 

     (0.70) (0.85) 

NI_TAit ‒    0.33 0.45 

     (0.12) (0.23) 

FFO_TLit ‒    ‒0.73 ‒0.75 

     (3.33) (3.47) 

NITWOit +    0.17 0.18 

     (0.46) (0.53) 

OENEGit +    ‒1.56 ‒1.45 

     (2.78) (2.46) 
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CHINit ‒    0.13 0.13 

     (0.70) (0.74) 

YEAR ? 1.42 1.44  1.40 1.44 

  (50.49)+ (49.63)+  (47.76)+ (47.24)+ 

N  48,291 48,291  48, 291 48, 291 

Log Likelihood  ‒986 ‒971  ‒965 ‒951 

Vuong test statistic (Model Z vs. Adj. Z): 30 (p<0.001)  

Vuong test statistic (Model O vs. Adj. O): 28 (p<0.001)  

Vuong test statistic (Model Z vs. O): 41 (p<0.001)  

Vuong test statistic (Model Adj. Z vs. Adj. O): 40 (p<0.001)  

Notes: 

 

1. The table reports the results of estimating the logistic regressions described in the text. Model Z is 

Altman’s (1968) model. Model Adj. Z is Altman’s  (1968) model expanded with variables measuring 

a CEO’s and directors’ past payment default entries. Model O is Ohlson’s (1980) model. Model Adj. 

O is Ohlson’s (1980) model expanded with variables measuring a CEO’s and directors’ past payment 

default entries. Vuong tests are for comparing the performance of Models Z vs. O and that of Models 

Adj. Z and Adj. O.  

 

2. All variables are as in Table 1.  

 

3. +, * denote significance levels at the 0.01 and 0.05 levels respectively. 
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Table 5 

CEOs’ and Directors’ Personal Payment Defaults as Predictors of Future 

Insolvency of the Firm.  
 

Variable Exp.  

sign 

Model 

Z 

(Z-stat) 

Model 

Adj. Z 

(Z-stat) 

 Model 

O 

(Z-stat) 

Model 

Adj. O 

(Z-stat) 

Intercept  ‒4.47 ‒4.55  ‒6.49 ‒6.76 

  (1708.64)+ (1724.64)+  (398.86)+ (422.25)+ 

DEFAULT_CEOit +  0.85   0.83 

   (6.93)+   (6.67)+ 

DEFAULT_DIRit +  1.53   1.43 

   (81.02)+   (69.15)+ 

CEO_DUALit ?  ‒0.73   ‒0.75 

   (3.09)   (3.25) 

RE_TAit ‒ ‒1.35 ‒1.37    

  (111.14)+ (115.19)+    

EBIT_TAit ‒ ‒1.56 ‒1.57    

  (46.06)+ (47.16)+    

BV_TLit ‒ ‒0.77 ‒0.76    

  (11.59)+ (11.39)+    

SALES_TAit ‒ 0.10 0.08    

  (16.93)+ (12.07)+    

WC_TAit ‒ ‒0.94 ‒0.84  0.05 0.13 

  (36.25)+ (28.57)+  (0.04) (0.24) 

SIZEit ‒    ‒0.16 ‒0.13 

     (19.69)+ (12.48)+ 

TL_TAit +    3.58 3.55 

     (171.09)+ (166.17)+ 

CL_CAit +    0.07 0.07 

     (0.76) (0.76) 

NI_TAit ‒    ‒0.04 ‒0.01 

     (0.00) (0.00) 

FFO_TLit ‒    0.02 0.01 

     (0.02) (0.02) 

NITWOit +    0.39 0.40 

     (9.25)+ (9.75)+ 

OENEGit +    ‒1.92 ‒1.85 

     (16.23)+ (14.99)+ 
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CHINit ‒    0.05 0.06 

     (0.39) (0.51) 

YEAR ? 0.93 0.93+  0.90 0.90 

  (99.47)+ (96.10)  (91.61)+ (88.94)+ 

N  48,716 48,716  48,716 48,716 

Log Likelihood  ‒2952 ‒2905  ‒2863 ‒2823 

Vuong test statistic (Model Z vs. Adj. Z): 93 (p<0.001)  

Vuong test statistic (Model O vs. Adj. O): 81 (p<0.001)  

Vuong test statistic (Model Z vs. O): 176 (p<0.001)  

Vuong test statistic (Model Adj. Z vs. Adj. O): 165 (p<0.001)  

Notes: 

 

1. The table reports the results of estimating the logistic regressions described in the text. Model Z is 

Altman’s (1968) model. Model Adj. Z is Altman’s  (1968) model expanded with variables measuring a 

CEO’s and directors’ past payment default entries. Model O is Ohlson’s (1980) model. Model Adj. O 

is Ohlson’s (1980) model expanded with variables measuring a CEO’s and directors’ past payment 

default entries. Vuong tests are for comparing the performance of Models Z vs. O and that of Models 

Adj. Z and Adj. O.  

  

2. All variables are as in Table 1.  

 

3. +, * denote significance levels at the 0.01 and 0.05 levels respectively. 
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Table 6 

Descriptive Statistics for Bankruptcy and Insolvency Prediction Measures. 

Variable Status Mean 

(%) 

Std Dev. 

 

Median 1% 

Percentile 

99% 

Percentile 

 

Panel A: Bankrupt vs. non-bankrupt firms 

Z-Prob Non-bankrupt 4.96 21.72 0.00 0.00 1.00 

 Bankrupt 17.11+ 37.91 0.00 0.00 1.00 

Adj. Z-Prob Non-bankrupt 4.96 21.72 0.00 0.00 1.00 

 Bankrupt 18.42+ 39.02 0.00 0.00 1.00 

O-Prob Non-bankrupt 4.96 21.72 0.00 0.00 1.00 

 Bankrupt 18.42+ 39.02 0.00 0.00 1.00 

Adj. O-Prob Non-bankrupt 4.94 22.68 0.00 0.00 1.00 

 Bankrupt 23.68+ 42.80 0.00 0.00 1.00 

 

Panel B: Insolvent vs. solvent firms 

Z-Prob Solvent 4.90 21.59 0.00 0.00 1.00 

 Insolvent 12.66+ 33.30 0.00 0.00 1.00 

Adj. Z-Prob Solvent 4.85 21.48 0.00 0.00 1.00 

 Insolvent 16.77+ 37.42 0.00 0.00 1.00 

O-Prob Solvent 4.83 21.44 0.00 0.00 1.00 

 Insolvent 18.04+ 38.51 0.00 0.00 1.00 

Adj. O-Prob Solvent 4.78 21.33 0.00 0.00 1.00 

 Insolvent 21.84+ 41.38 0.00 0.00 1.00 

Notes:  

 

1. The table reports summary statistics on the distress probabilities predicted by each model separately 

for distress and nondistress firms. We use the t-test and the Wilcoxon rank-sum test to test whether 

the mean and median values of predicted distress probabilities are different between distress and 

nondistress firms. 

 

2. We first split the sample randomly into two sub-samples of equal size. The first sub-sample is used to 

estimate the parameters of each bankruptcy and insolvency model. These parameter estimates are 

then used to calculate the bankruptcy and insolvency score in the other sub-sample. Finally, the 

predicted likelihood of distress is then estimated using a decision rule, where the observations with 

scores below a cut-off of 5% of the distribution of firms are coded as likely to go bankrupt or face 

insolvency, while those above it are coded as unlikely to do so, that is, Prob = {
1, if Score ≤ 0.05
0, if Score > 0.05

.  

  

3. Bankruptcy and insolvency probabilities are based on the models described in Table 4: 

- Z-Prob is the probability of bankruptcy (Panel A) or insolvency (Panel B) based on Altman’s 

(1968) model.  

- Adj. Z-Prob is the probability of bankruptcy or insolvency based on Altman’s (1968) model 

expanded with variables measuring CEO’s and directors’ past payment default entries. 

- O-Prob is the probability of bankruptcy (Panel A) or insolvency (Panel B) based on Ohlson’s 

(1980) model.  
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- Adj. Z-Prob is the probability of bankruptcy or insolvency based on Ohlson’s model (1980) 

expanded with variables measuring CEO’s and directors’ past payment default entries. 

 

4. +, * denote significance levels at the 0.01 and 0.05 levels respectively. 

 

  



49 

 

Table 7 

Relative Information the Content of Different Bankruptcy and Insolvency 

Models. 
 

Variable Bankruptcy  Insolvency 

          

Intercept ‒5.13 ‒5.15 ‒6.20 ‒6.42  ‒4.01 ‒4.11 ‒5.87 ‒6.04 

 (0.00)+ (0.00)+ (0.00)+ (0.00)+  (0.00)+ (0.00)+ (0.00)+ (0.00)+ 

Z-Score 0.76     1.07    

 (0.00)+     (0.00)+    

Adj. Z-Score  0.81     0.99   

  (0.00)+     (0.00)+   

O-Score   0.83     1.07  

   (0.00)+     (0.00)+  

Adj. O-Score    0.87     1.00 

    (0.00)+     (0.00)+ 

          

N 48,291 48,291 48,291 48,291  48,716 48,716 48,716 48,716 

Log likelihood ‒540 ‒533 ‒527 ‒521  ‒1,402 ‒1,389 ‒1,362 ‒1,353 

Notes:  

 

1. The table reports the results of bankruptcy and insolvency prediction based on research design and 

models described in Table 5. 

 

2. The results of Vuong’s (1989) tests show that the models with Adjusted O- and Z-scores outperform 

the models with corresponding original O-scores and Z-scores. In predicting bankruptcy, the 

difference between original and adjusted Z-scores is 14 (-1,081 vs. -1,067), and the difference 

between original and adjusted O-scores is 14 (-1,055 vs. -1,041). In predicting insolvency, the 

difference between original and adjusted Z-scores is 25 (-2,803 vs. -2,778), and the difference 

between original and adjusted O-scores is 18 (-2,723 vs. -2,705).  

 

3. Unreported Vuong tests show that these differences are significant at the 1% level. 

 

4. +, * denote significance levels at the 0.01 and 0.05 levels respectively.  

 

  



50 

 

Table 8 

Comparison of Bankruptcy and Insolvency Measures in Classifying Firms. 
 

Category Bankruptcy  Insolvency 

 Z-

Score 

Adj. Z-

Score 

O-

Score 

Adj. O-

Score 

 Z-

Score 

Adj. Z-

Score 

O-

Score 

Adj. O-

Score 

Panel A: Average probabilities 

1 (Low risk) 0.000 0.000 0.000 0.000  0.001 0.001 0.002 0.001 

2 0.000 0.000 0.001 0.000  0.004 0.004 0.003 0.002 

3 0.001 0.001 0.001 0.001  0.004 0.003 0.004 0.004 

4 0.002 0.001 0.001 0.001  0.005 0.005 0.004 0.004 

5 0.001 0.001 0.001 0.001  0.005 0.004 0.005 0.005 

6 0.002 0.002 0.003 0.002  0.006 0.007 0.006 0.005 

7 0.003 0.003 0.003 0.003  0.014 0.012 0.010 0.011 

8 0.005 0.005 0.003 0.003  0.017 0.018 0.016 0.015 

9 0.008 0.008 0.008 0.008  0.031 0.031 0.028 0.027 

10 (High risk) 0.011 0.012 0.013 0.014  0.033 0.036 0.043 0.047 

 

Panel B: In-sample prediction test: # of actual bankruptcy and insolvency firms 

1 (Low risk) 2 1 0 0  7 6 4 4 

2 0 1 2 1  20 17 17 13 

3 4 4 8 6  20 14 19 18 

4 7 4 4 6  22 21 27 20 

5 7 7 5 7  29 26 24 23 

6 7 8 12 9  32 35 23 30 

7 21 22 11 12  62 55 51 48 

8 24 19 12 13  85 85 77 74 

9 37 37 42 37  147 151 130 129 

10 (High risk) 52 58 65 70  162 176 214 227 

Total 161 161 161 161  586 586 586 586 

Notes:  

 

1. We sort all the firm-year observations into ten categories of equal size based on each of the 

bankruptcy and insolvency risk measures (Z-Score, Adj. Z-Score, O-Score, and Adj. O-Score) 

described in Table 6. 

 

2. Panel A reports the estimated average bankruptcy and insolvency likelihood in each category based 

on the four risk measures. The likelihood of bankruptcy and insolvency is estimated using a decision 

rule, where the observations with scores below a cut-off of 5% of the distribution of firms are coded 

as likely to go bankrupt or face insolvency, while those above it are coded as unlikely to do so, that is, 

Prob = {
1, if Score ≤ 0.05
0, if Score > 0.05

. 

 

3. Panel B reports the number of actual future bankruptcy and insolvency filings in the categories of 

predicted bankruptcy and insolvency probabilities. The greater (smaller) is the number of bankruptcy 
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or insolvency filings captured by a given measure in the highest-risk (lowest-risk) category, the better 

(worse) is that measure in predicting bankruptcy or insolvency. 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Research design. 
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Figure 2. Proportion of bankrupt firms to all firms in categories sorted by the 

proportion of directors with payment default entries (DEFAULT_DIR). 
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Figure 3. Proportion of insolvent firms to all firms in categories sorted by the 

proportion of directors with payment default entries (DEFAULT_DIR). 
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Figure 4. ROC curve for bankruptcy prediction accuracy 
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Figure 5. ROC curve for bankruptcy prediction accuracy 
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Figure 6. ROC curve for insolvency prediction accuracy 
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Figure 7. ROC curve for insolvency prediction accuracy 


