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Abstract 

One of the most important tasks of the audit profession is the assessment of their going 

concern opinion. Among many issues an auditor has to examine before issuing an opinion, 

is the ability of an entity to support its operations financially, in other words, to not be in 

danger of failure due to liquidity problems. During the last decades, finance literature has 

examined potential methods to estimate the probability of a firm to fail, exploiting 

financial as well as market indicators, through bankruptcy prediction models. The 

purpose of this study is to test the predictive accuracy of MDA, Probit and ANN in 

foreseeing an entity’s bankruptcy, applied in a dataset of 81 bankrupt and 81 healthy US 

firms. MDA proved to be the optimum model to predict bankruptcy, right before its 

occurrence, while Probit and ANN can also be used as capable tools to assist auditors 

with their judgement. 
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1 Introduction 

Auditors are considered to be a reliable and stabilizing factor of the economy, as they are 

obliged to execute their work under specific guidelines while using at the same time their 

objective judgement. One of the fundamental responsibilities an auditor has to follow, is 

the ability of a company to continue as a going concern. In other words, auditors must 

evaluate the financial position of a client to determine whether or not the firm’s operating 

ability is endangered (Altman, 1982). 

Nowadays, according to that assumption, auditors have to evaluate substantial doubt 

regarding an entity’s ability to continue as a going concern, for the forthcoming one-year 

period, during the whole process of their audit control. They are also obliged to assess 

possible financial effects and determine the implications for the auditor’s report (AICPA, 

2012). Nevertheless, for the assessment of an entity’s going concern, the most crucial 

auditors’ tool is their judgment, an ability formed by their morality and their knowledge 

of conditions and events related to the examined entity. 

According to relevant literature, the going concern evaluation has proven to be one of the 

most difficult and ambiguous audit tasks (Carcello & Neal, 2000). It is not difficult only 

because it involves auditor’s judgement, but also because the consequences of auditor’s 

opinion, on that issue, can be catastrophic for the existence of an entity, in case it is not 

favorable for it. As a matter of fact, it has been proven several times that auditors do not 

always succeed in their assessment about an entity’s going concern. The high rate of audit 

failures, revealed during the last decades, indicates that it is difficult to predict a 

company’s future and to be accurate on going concern assessment (Martens, et al., 2008), 

although it is irrefutable for many cases that we are talking about intentional frauds1.  

During the last decades, corresponding institutions as well as researchers’ community, 

endeavor to find effective ways of ensure auditors’ trustiness and objectivity. Institutions 

introduce regulations for auditors, recently for management as well, and researchers try 

to find out the reasons that provoke auditors’ failures or tools that can contribute to the 

reliability of their work. A representative research example, in that direction, is the 

examination of the usefulness of corporate bankruptcy prediction models in assisting 

auditors with their going concern assessment. 

                                                 
1 One of the most shocking audit frauds in the US it the case of Enron, occurred in 2001, under the control 

of Arthur Andersen auditing firm, that caused the introduce of strict regulations on auditor’s working 

procedures and reliability, starting from US and continuing all around the globe (i.e. the .SOX Act of 2002). 
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The idea was initially introduced by Altman and McGough (1974), whose pioneer work 

concluded that bankruptcy prediction models were more effective in foreseeing 

bankruptcies than audit reports2. Similarly, many researchers examined the usefulness of 

those models as a tool that can contribute in auditors’ assessment of an entity’s going 

concern, by comparing their accuracy to the accuracy of audit going concern 

qualifications, supporting the models’ superiority (Levitan & Knoblett, 1985; Mutchler, 

1985; Koh & Killough, 1990; Cormier, et al., 1995). 

Prior to the evolution of this scientific hypothesis, and in parallel to that, other studies 

concentrated on the development of bankruptcy prediction models, as techniques to 

estimate financial distress and foresee corporate failure. Starting from Beaver (1966) and 

till today, literature has to show many models that use financial and market variables, 

along with other parameters related to an entity’s viability. Some of the most cited 

methods for bankruptcy prediction include the Z-Score model (Altman, 1968), Logit 

model (Ohlson, 1980), Probit model (Zmijewski, 1984), Shumway model (Shumway, 

2001) and BSM-Prob model (Hillegeist, et al., 2004). Furthermore, many researchers 

attempted to exploit the computational power of modern technology, for the same 

purpose.   

Contributing to previous research, this study tests three bankruptcy prediction models, 

namely MDA, Probit and ANN, on a set of 81 bankrupt and healthy US firms, with the 

main objective to answer the following research questions: 

1. Which one of the examined models has the highest predictive accuracy, being tested 

on bankrupt companies, right before the occurrence of the bankruptcy event? 

2. Are bankruptcy prediction models able to assist auditors (or management) to their 

assessment of an entity’s going concern? 

The structure of this text will be as follows: Firstly will be presented related literature in 

corporate bankruptcy prediction models. Secondly follows a detailed review of the going 

concern assumption and relevant regulation. The third part describes the dataset used in 

this study as well as further insights about the tested prediction models. Subsequently, the 

fourth part presents and comments on empirical findings of this research, while 

mentioning certain drawbacks. The fifth and last part presents our conclusions on the 

summarized findings and proposes further areas of research.  

                                                 
2 The results of this study, indicated that their model was 82% accurate in predicting bankruptcy when 

compared to auditors’ reports of 46%. 
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2 Background 

The relevant literature of this study allude to two major fields of research: the going 

concern assumption and the corporate bankruptcy prediction models. In the following 

chapters we present a thoroughly detailed picture of those two fields, unfolding the 

background for the empirical research that comes next. 

2.1 Going Concern Assumption 

Along with the development of accounting, as a mean to codify the financial transactions 

of corporations and their economic state at a given time, arose the need to come up with 

specific accounting guidelines (principles), which would be followed by everyone, in 

order to give uniformity and objectivity to the presentation of financial information. 

Today, in USA those rules are known as the basic Generally Accepted Accounting 

Principles (GAAP or US GAAP) or as the “conceptual framework of financial reporting” 

and they consist of Assumptions, Principles and Constraints, as shown below:  

Table 1 – Conceptual Framework of Financial Reporting (US GAAP) 

Assumptions  

1 Economic 

Entity 

For accounting purposes, a company is considered to be a separate 

economic entity. 

2 Going 

Concern 

A company will operate indefinitely, unless there is substantial evidence 

for the opposite. 

3 Monetary Unit Financial statements must be reported in the national currency. 

4 Time Period Financial reports cover a specific period of time. 

Principles  

1 Historical 

Cost 

Initial recording of financial transactions (assets and liabilities) must be 

at their original cash equivalent cost. 

2 Full 

Disclosure 

Companies must reveal enough information to the users of financial 

reports, in order to foster their sound judgment. 

3 Revenue 

Recognition 

Revenues must be recorded when services are completed and goods are 

delivered to customer, not at the time of payment. 

4 Matching Expenses must be recorder at the period they helped create revenue. 

Constraints  

1 Materiality An item is material if its inclusion or omission would influence the 

judgment of a reasonable person. 

2 Conservatism A company should use the accounting method that affects financial 

statements in the least favorable immediate way 

3 Cost-Benefit Companies must weigh the costs of providing the information against 

the benefits that can be derived from using them. 

4 Industry 

Practices 

Financial statements of companies in specific industries, in some cases, 

should follow reporting practices of the industry they operate. 
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One of the basic assumptions, that was needed to detect from the very beginning of the 

accounting profession, refers to the ability of an entity to continue as a going concern. 

According to the American Institute of Certified Public Accountants (AICPA) “The 

auditor has a responsibility to evaluate whether there is substantial doubt about an entity’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”. In other words, a going 

concern confirmation ensures that the entity will not be driven to halt its operations and 

liquidate its assets in the subsequent year (AICPA, 1988). 

This information is crucial for everyone who is involved to the financial activities of an 

entity, like investors, shareholders and creditors, as the ability of a company to continue 

meeting its objectives and obligations is the first condition someone has to reassure before 

entering or keeping his position to the capital investment or operating cycle of a company. 

Under that fulfilment, auditors were called to play a significant role to the process of 

evaluating companies’ going concern, under the guidance of institutions that formed the 

corresponding framework, with the main purpose to inform public with reliable corporate 

financial information, beyond occasional management’s intentions to the opposite.  

2.1.1 Operating Framework 

The framework under which auditors are called to execute their profession, is fully 

designated and guided via specific procedures, defined by authoritative institutions. 

Depending on which country an auditor and the audited company operates, the auditor is 

obliged to follow the relevant auditing standards and the audited company the relevant 

accounting standards, as well as relevant laws that apply for both of them. 

2.1.1.1 Authoritative Bodies 

In USA, the national professional organization of Certified Public Accountants (CPAs) 

is the AICPA, founded in 1887, which lead to the establishment of accountancy as a 

profession distinguished by rigorous educational requirements, high professional 

standards, a strict code of professional ethics, a licensing status and a commitment to 

serving the public interest (AICPA, 2016). AICPA’s mission, as an authoritative body, is 

to develop standards for audits, the so called Statements on Auditing Standards (SAS), 

provide guidance and knowledge to its members, perform examinations for candidate 

CPAs, and monitor the compliance with the profession’s technical and ethical standards.  
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Additionally, the authoritative body responsible to establish financial accounting and 

reporting standards, which follow GAAP, is the Financial Accounting Standards Board 

(FASB). FASB is an organization, established in 1973, recognized by the Securities and 

Exchange Commission (SEC), as well as the AICPA, as the designated accounting 

standard setter for public companies. The main objective of FASB is to issue financial 

accounting standards, intended to promote financial reporting and management’s 

responsibility. 

Throughout the past decades, AICPA has developed numerous SAS, guiding auditors on 

Generally Accepted Auditing Standards (GAAS) in regard to auditing an entity and 

issuing a report. 

SAS cover every aspect of the auditing profession including auditor’s responsibilities 

audit procedures, documentation, primary and supplementary information needed for 

every step of the control plan, and reporting methods. One of the first matters that AICPA 

needed to codify was the going concern assumption and the procedures an auditor had to 

follow so as to issue a going concern opinion. 

2.1.1.2 Relevant Statements on Auditing Standards (SAS) 

The first initiative took place in 1981 with the addressing of the going concern 

qualification issue through SAS No. 34 “The Auditor's Considerations When a Question 

Arises About and Entity's Continued Existence”. Later on, in 1988, AICPA superseded it 

by issuing SAS No. 59 “The Auditor's Consideration of an Entity's Ability to Continue 

as a Going Concern”, which was also superseded in 2012 by SAS No. 126 “The Auditor's 

Consideration of an Entity's Ability to Continue as a Going Concern (Redrafted)”. 

Before 1981, there was not sufficient authoritative guidance on whether auditors should 

modify their opinion based on substantiated doubts that the audited entity could continue 

as a going concern. At that time, it was observed that several companies filed for 

bankruptcy while auditor’s opinion was sanguine for the opposite (Altman & McGough, 

1974; Altman, 1982). In an effort to reassure the reliability of auditing control and 

opinion, SAS No. 34 (AICPA, 1981) came to regulate that area.  

The new standard was introduced as an effective and detailed regulation, capable of 

increasing auditors’ responsibility and providing information of higher quality to the 

public. 
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SAS No. 34 (AICPA, 1981) in paragraph 3 states that auditors should form their opinion 

based on financial statements, contrary information related to an entity’s ability of 

continued existence, along with any management’ plans for dealing with the underlying 

issues. Paragraph 4 gives examples of contrary information, which include recurring 

operating losses, default on loan or similar agreements, loss of key management or 

operations personnel, and legal proceedings. Paragraph 5 highlights factors tending to 

mitigate the significance of contrary information, such as disposability of assets, credit 

availability, capability to reduce expenses, and variability of dividend requirements.  

Paragraph 6 refers to the entity’s capacity to adopt alternative actions in order to cope 

with dysfunctions that may occur, and paragraph 7 require auditors to consider contrary 

information and mitigating factors. Following this, paragraphs 8 and 9 refer to 

management’s plans needed to answer evidence that threaten entity’s ability to fulfill its 

obligations and to auditor’s consideration of the proposed solutions.  

Paragraph 10 requires disclosure of the principal conditions that raise doubts about an 

entity’s going concern and paragraph 11 discusses auditor’s judgement on the 

appropriateness of modifying the audit opinion to point out doubts about the entity’s 

going concern status.  

Although this standard was a promising regulation, there were still questions on auditor’s 

responsibility at evaluating an entity’s ability to continue in existence (Goldstein, 1989), 

while many companies that filed for bankruptcy did not receive a modified audit report 

before the bankruptcy event (Menon & Schwartz, 1987; Hopwood, et al., 1989). 

As an aftermath, SAS No. 59 (AICPA, 1988) came to supersede previous regulation, 

being a part of the nine expectation gap auditing standards issued that year. The main 

purpose of the new SAS’s issuance was to address the gap between auditor’s 

responsibilities and public expectations, though it was considered to be the most 

controversial of that year’s expectation gap auditing standards (Guy & Sullivan, 1988) 

and that it added little to the authoritative guidance (Geiger, et al., 1998). 

SAS No. 59 (AICPA, 1988) brought three main changes compared to the previous 

standard (Asare, 1990):  

 It required auditors to consider an entity’s ability to continue as a going concern at 

every step of the audit process, although without adding any further procedures, 

while previous SAS required auditors to consider going concern status only when 

audit procedures would rise such a question. 
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 In case there of high doubt about an entity’s going concern status, new SAS required 

modifications on the audit report, while the previous one required auditor’s 

qualification in case of uncertainty regarding the recoverability of assets and the 

classification of liabilities. 

 The last difference between the two SAS, relies on an extra explanatory paragraph 

that the new SAS required in the audit report about auditor’s substantial doubts, 

while previous SAS required only auditor’s opinion. 

Many studies that investigated the effectiveness of the new standard, in comparison to the 

era prior to its effectiveness, concluded that auditors became more responsible and were 

more likely to issue a qualified going concern opinion (Raghunandan & Rama, 1995; 

Carcello, et al., 1995). Consequently, SAS No. 59 (AICPA, 1988) is the only guidance 

for auditors on evaluating the going concern assumption, effective till today, redrafted 

under SAS No. 126 (AICPA, 2012). 

2.1.1.3 Relevant General Accepted Accounting Principles (US GAAP) 

GAAP, assumed that a company will continue to operate as a going concern until its 

liquidation becomes imminent (FASB, 2013). Nevertheless, GAAP did not include any 

further guidelines to management on the substantiation of the going concern assumption, 

until 2014. 

Recently, FASB published the Accounting Standards Update (Update or ASU) No. 2014-

15 3  “Disclosure of uncertainties about an Entity’s Ability to Continue as a Going 

Concern”, defining management’s going concern assessment and disclosure 

responsibilities. The new standard, requires disclosures when conditions give rise to 

substantial doubts about an entity’s going concern for a reasonable period of time, as even 

if an entity’s liquidation is not imminent there may be events or conditions that may 

threaten its viability. 

Disclosures related to going concern uncertainties is a well-known practice in financial 

reporting, but before this standard there was not any guidance to management on how to 

treat these issues upon their occurrence. Also, in accordance to the relevant auditing 

standards and regulation, which require auditors to evaluate an entity’s going concern and 

to consider management’s footnote disclosures, GAAP now line with this practice. 

                                                 
3 ASU No. 2014-15 applies to all companies and is effective for the annual period ending after 15 December 

2016 and all annual interim periods thereafter. 
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Specifically, the new standard attempts to complete and integrate the existing guidance, 

compared to SAS, in the following tasks: 

 It requires a going concern assessment each interim and annual reporting period, 

while SAS do not apply to interim periods. 

 Substantial doubt is defined and described in detail, while SAS are not that 

determinate. 

 The look-forward period for management is one year starting from the issuance of 

financial statements, while auditors are required to examine a one-year period 

starting from the balance sheet date. 

 Managers are required to provide disclosures for every issue that may rise 

substantial doubts and even for the resolved ones, while in these situations SAS 

motivate auditors to review the effectiveness of management’s plans without 

specifying the disclosure requirements. 

Under ASU No. 2014-15, the FASB (2014), guides management in the evaluation process 

of an entity’s going concern, by introducing three key provisions. The first discusses the 

evaluation of substantial doubt, the second refers to the feasibility of management’s plans 

and the last one describes the required disclosures. 

Upon appearance of substantial doubts about a company’s going concern, for each 

forthcoming interim and annual period, management should proceed to the evaluation of 

the issues that raise doubts and provide related disclosures. According to the new 

standard, substantial doubt exists when conditions and events indicate that a company 

will probably not be able to meet its obligations, within one year after the issuance date 

of financial statements. Except from that, management should also consider all 

subsequent events relevant to the conditions that threaten company’s going concern. 

Additionally, the standard indicates that the evaluation of substantial doubts assumes that 

management considers both quantitative and qualitative information, in order to measure 

their impact on the company’s ability to meet its obligations, as shown below (FASB, 

2014, p. 8): 

 The company’s current financial condition, such as available cash and credit. 

 Conditional and unconditional obligations related to the next period or year. 

 Funds necessary to maintain operations, considering the projected inflows and 

outflows for the forthcoming period. 
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 Other conditions that could raise doubts about the company’s ability to meet its 

obligations, in conjunction with the above, such as negative finance trends, other 

indicators of financial difficulties, internal and external matters. 

In case the evaluation procedure results to issues that give rise to substantial doubt, the 

standard requires management to consider its plans and their mitigating impact in 

alleviating substantial doubt. In order to do that, management should examine if its plans 

will be effectively implemented within the assessment period and verify their ability to 

mitigate the conditions related to substantial doubts.  

Management’s plans orientation depend on the problematic situation a company faces 

and they intend to restore the viability of that company. For example, they could concern 

disposal of an asset or business, borrowing money or restructuring debt, reducing or 

delaying expenditure and increasing ownership equity (FASB, 2014, pp. 13-14). 

The last provision discussed in this standard has to do with the required disclosures on 

information about issues that raise substantial doubts. No matter if those issues are 

alleviated by management’s plans, disclosures are required for all conditions related to 

substantial doubts. 

In case management’s plans are considered to be effective in overcoming problematic 

situations, the company should disclose information that enables users of financial 

statements understand the issues that initially gave rise to substantial doubts, 

management’s consideration on the criticalness of those issues, the company’s ability to 

meet its obligations and the management’s plans that alleviated substantial doubt. 

If substantial doubt is not alleviated according to management’s consideration, a company 

should include a statement indicating that there is substantial doubt the entity will 

continue as a going concern for the upcoming one-year period. Moreover, management 

should provide disclosures able to inform users of financial statements about the 

conditions that caused uncertainty, including (FASB, 2014, p. 28): 

 The principal conditions that gave rise to substantial doubts. 

 Management’s evaluation of the impact of those condition to the company’s ability 

to meet its obligations. 

 Management’s plans for the mitigation of the adverse conditions. 

The detailed full process, as described in this ASU is visually presented at the attached 

Appendix A: Decision flowchart on going concern evaluation by management. 
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2.1.1.4 Relevant Case Law - The SOX Act of 2002 

As mentioned above, all institutions responsible of guiding and monitoring the work of 

auditors and management have created a comprehensive set of rules and guidelines, 

intended to ensure the reliability of financial information. Yet, many flagrant cases that 

have been revealed and led to bankruptcies, such as Enron (2001) and Arthur Andersen 

(2002)4, revealed certain gaps and weaknesses of the audit profession, able to mars 

auditors’ or audit firms’ trustiness. The shock of those scandals came as the final twist of 

the screw, leading to the enactment of the famous Sarbanes-Oxley Act (SOX) of 2002.  

Its main purpose was to fix and enhance the quality of corporate governance and financial 

statements information of the US listed firms (Coates, 2007) and as a result, it came to 

redefine both management’s and auditor’s responsibilities. The Act, also, brought a new 

quasi-public institution to oversee audit firms, the Public Company Accounting Oversight 

Board (PCAOB), while SEC kept the competence to oversee public companies.  

The SOX Act contains 11 titles that describe specific mandates and requirements related 

to financial reporting. Specifically, the Act concentrates on the role of management, 

executive analysts, auditors and internal control, with the aim to reassure the validity of 

financial information provided to public.  

The basic topics discussed in this law are presented in the following table, as categorized 

by Coates (2007): 

Table 2 – Summary of SOX Act’s Topics 

Sections Topics 

101-109 PCAOB’s creation, oversight, funding and tasks 

302, 401-406, 408-409, 906 New disclosure rules, including control systems and officer 

certifications 

201-209, 303 Regulation of public company auditors and auditor-client 

relationship 

301, 304, 306, 407 Corporate governance for listed firms 

501 Regulation of securities analysts 

305, 601-604, 1103, 1105 SEC funding and powers 

802, 807, 902-905, 1104, 1106 Criminal penalties 

806, 1107 Whistleblower protections 

308, 803-804 Miscellaneous (time limits for securities fraud, bankruptcy 

law, fair funds) 

                                                 
4 There are numerous scandals, reported during the last 40 years, which involved audit firms on the 

manipulation of accounting data. Enron & Arthur Andersen are two of the most discussed cases, occurred 

in 2001 and 2002 in USA, that led to shutdown these companies, to damage the reputation of audit firms, 

and to the introduction of further accounting reform regulations all over the world. 
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The most radical measure taken with this initiative was the enhancement of PCAOB, an 

institution responsible to oversee auditing firms and to protect investors and public 

interest through effective and independent evaluation of auditors’ work. Auditor’s 

independence is another crucial matter that suffered criticism due to the increasing 

number of fraud cases, and the response of the SOX Act was to impose strict rules and 

criteria on the audit control in order to ensure auditor’s independence. 

Additionally, the SOX Act brought further responsibilities for management regarding the 

accuracy and completeness of financial information, which can lead to serious penalties 

in the case of fraud. Except from that, disclosure requirements became mandatory for 

even more situations, such as intra-group transactions and associated enterprises, and 

there was significant improvement on the organization and the role of internal control. 

After the effectiveness of the SOX Act, audit firms claim that they have become much 

more conservative with respect to client retention and acceptance decisions because the 

risks associated with auditing increased significantly as a result of the SOX Act (Rama & 

Read, 2006). Particularly, the change of auditor’s view on issuing audit opinions, since 

the enactment of SOX Act, is related to the transfer of their oversight to PCAOB and to 

the significant increase of insurance and other liability related costs (Ryu, et al., 2009). 

Although the Act concentrates on the conservatism constraint for the reporting and 

auditing of financial information, the going concern assumption is the core of auditing 

evaluation as it is linked to the accuracy of financial information as well as to auditor’s 

and management’s reliability.  

Many researchers investigated the impact of the SOX Act on the issuance of auditor’s 

going concern opinion and on the quality of financial information, with the majority of 

them indicating that the Act contributed to the improvement of auditor’s responsibility 

and financial statements’ reliability. Geiger, et al. (2005) examined 226 companies that 

entered into bankruptcy from 2000-2003 and found out that auditors were more likely to 

issue going concern opinions after the effectiveness of the SOX Act. Furthermore, Kogan, 

et al. (2009) in their research on stock volatility prediction of US firms from the text of 

10-K reports, found that stock volatility was more accurately predicted in the years 2004-

2006 than in 2001-2002, suggesting that the SOX Act led to more informative reports.  

Other studies, such as Fargher & Jiang (2008) and Feldmann & Read (2010) , although 

they mention the impact of SOX to auditor’s going concern opinion, during the first years 

after the SOX enactment, they doubt about its effectiveness after the year 2004 or 2005.  
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2.1.2 Auditor’s Objectives & Responsibilities 

The current auditing standards are explicit about auditor’s role in the process of evaluating 

an entity’s going concern and providing information to the users of financial statements, 

although during that process auditors frequently have to face various obstacles. 

2.1.2.1 Auditor’s Consideration 

Auditors’ objective, in general, is to reassure the users of financial statements and auditing 

reports that published financial data, certified by auditors, are accurate, relevant and 

reliable. More specifically, SAS No. 126 (AICPA, 2012, p. 574) describes three basic 

auditors’ objectives regarding the going concern assumption, which are: 

 to evaluate and conclude, based on the audit evidence obtained, whether there is a 

substantial doubt about the entity’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), 

 to assess the possible financial statement effects, including the adequacy of 

disclosure regarding uncertainties about the entity’s going concern, and 

 to determine the implications for the auditor’s report. 

As a general rule, auditors’ evaluation and opinion is formed based on their knowledge 

of relevant conditions and events that took place prior to the date of the audit report. Such 

information, are obtained via audit procedures planned to achieve audit objectives that 

are related to management’s assertions embodied in the financial statements being audited 

(AICPA, 2012, p. 573). Examples of procedures that may identify useful information for 

auditors, summarize as follows (AICPA, 2012, p. 578): 

 Analytical procedures 

 Review subsequent events and subsequently discovered facts 

 Review of compliance with the terms of debt and loan agreements 

 Reading of minutes of meetings of stockholders, board of directors and important 

committees of the board 

 Inquiry of an entity's legal counsel about litigation, claims, and assessments 

 Confirmation with related and third parties of the details of arrangements to provide 

or maintain financial support 
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After the auditor gets all information needed to form an audit opinion on an entity’s ability 

to continue as a going concern for a reasonable period of time, the findings may rise 

substantial doubt about this ability. Auditor’s responsibility, in this case, is to include the 

crucial ones to the emphasis-of-matter paragraph in the audit report, so as to meet the 

obligation inform the users of financial statements about factors that may threaten an 

entity’s viability. 

In case the auditor is asked to reissue the audit report without the emphasis-of-matter 

paragraph thaw was originally included, the auditor has to reassure that conditions and 

events that initially gave raise to substantial doubts about the entity’s ability to continue 

as a going concern have been resolved (AICPA, 2012, p. 581). 

2.1.2.2 Auditing Beyond Guidelines  

Auditing is a necessary monitoring device because potential conflicts of interest may arise 

between owners and managers and among different classes of security holders 

(DeAngelo, 1981). Although the framework under which an auditor performs his 

activities and concludes to his judgement is concrete, it is an actual fact that auditors often 

face the dilemma either to act with responsibility or to start a conflict and probably lose 

a client. 

For instance, auditor’s judgment on a company’s going concern, has potential 

consequences for both the auditor and the audited company. Auditors are obliged to report 

any important factor may threaten an entity’s going concern, because if those clues are 

not revealed in the audit report and the company goes bankrupt, he will then face legal 

actions against him. On the other hand, managers are reluctant to hire an auditor who may 

not provide a going concern qualification to their company, even if there are indicators 

that obligate him to do so. It has been, also, noticed that auditors’ reputation declines 

when they provide massive audit reports with qualified opinions, and as a result they may 

attempt to cooperate with the audited company to present financial results as favorably as 

possible to the potential detriment of the outside users (Bolten & Crockett Jr., 1979). 

Additionally, Uang, et al. (2006) highlight the main factors that determine the credibility 

of going-concern disclosures such as the impact of board structure on managerial 

behavior, the impact of audit committee on managerial behavior and external audit, the 

influence of institutional stockholders, the lender monitoring on management, and the 

wider impact of corporate governance. 
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In any case, when there is a difference between the interests of managers and users of 

financial statements, auditor’s responsibility is to provide sound and reliable information 

to the users of financial statements.  

2.1.3 Financial Distress  

Companies’ basic and most important task is to ensure their ability to survive. As 

described in previous sections of this study, responsible for the reassurance of an entity’s 

ability to continue in existence are management and auditors, who are designated to 

examine potential conditions for substantial doubts.  

Literature mentions various words to particularize financial distress cases. The term 

default usually refers to the financial inability of a debtor to pay its debt, while the legal 

term for this situation is insolvency. Additionally, bankruptcy is a legal term ratifying that 

an insolvent entity cannot repay its debts, imposed by a court order. 

A problematic situation able to threaten an entity’s viability can be caused due to financial 

or non-financial, qualitative and quantitative, as well as internal or external factors. Under 

an initial wide perspective, the basic indication of a firm’s viability lies on two key 

factors, the ability to meet its obligations and its access to funding. In other words, an 

entity can be viable if there are no liquidity problems. Nevertheless, there are plenty of 

conditions that indicate companies’ financial problems, which influence auditors’ going 

concern opinion and can lead to financial distress and even bankruptcy. 

Although auditor’s assessment on a company’s going concern derives from a complicated 

process, which implies the investigation of many factors, this study is concentrated to the 

financial indicators related to that process. 

2.1.3.1 What Default Means 

Corporate default is another word for corporate failure and it is connected to financial 

distress factors. It is often associated with potential negative events in a situation where 

credit risk is present and can be defined as the failure to make required payments (Law & 

Smullen, 2008). 

In practice, however, corporate default does not unavoidably lead to bankruptcy, as many 

companies face liquidity problems but eventually manage to settle their obligations and 

rearrange their payments. That’s because their bankruptcy could affect their lenders in a 

no return way that is not always a solution to the problem. 
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There are many interpretations for the word default, depending on the point of view of 

the one that uses it or its profession. It is usually defined as the inability of a firm to pay 

its financial obligations as they mature (Beaver, 1966), a definition which is consistent to 

the current relevant SAS. Alternatively, it is a term used in a legal perspective on 

companies that have filed for bankruptcy (Altman, 1968; Ohlson, 1980), or in a 

sociological perspective as an undesirable inability related to the reallocation of resources 

(Aharony, et al., 1980). 

2.1.3.2 Legislation of Corporate Bankruptcy in United States  

Bankruptcy cases in USA follow a specific process, codified in the Tittle 11 of the United 

States Code, namely the Bankruptcy Reform Act of 1978. That process has been amended 

several times, with the most noteworthy changes enacted in 2005 through the Bankruptcy 

Abuse Prevention and Consumer Protection Act (BAPCPA) of 2005. Specifically, 

corporations unable to fulfill their obligations to creditors can file with a federal 

bankruptcy court for protection under Chapter 7 or Chapter 11.  

The most common form of bankruptcy is the liquidation of a company under Chapter 7. 

Under this process, the company ceases operations and appoints a trustee in order to sell 

debtor’s property and pay out creditors. The alternative for corporations, given by the 

Tittle 11 Code, is Chapter 11, under which they can implement a reorganization plan and 

eventually survive, although it can also be used as a mechanism of liquidation. 

Nevertheless, the procedure of filing in either of two Chapters of the Bankruptcy Code is 

costly and is not the first step an entity has to take in the case it is facing financial distress 

issues. On the contrary, and in accordance to the existing SAS, auditors are obliged to 

examine risk factors in every detail, before issuing their opinion on a company’s going 

concern, and management should create a plan to overcome potential risks. 

2.1.3.3 Financial Data Concerning Auditors’ Going Concern Evaluation 

There are several factors able to threaten an entity's ability to continue as a going concern, 

both financial and non-financial, related to the company’s performance or to market’s 

fluctuations. As auditor’s and management’s responsibility is to predict and identify such 

factors, many researchers have tried to analyze the process of financial distress. 

Complementary, others, often from the perspective of users of financial statements, have 

identified specific financial variables and developed models to calculate failure 

probability. 
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Financial distress reaction to financial values is often observed in different stages, during 

the operation of an entity, as mentioned by Laitinen (1991): 

 Early stage, where financial statements indicate decreased profitability. 

 Late stage, where financial statements indicate decreased profitability and increased 

leverage. 

 Final stage, where financial statements indicate decreased profitability and 

increased leverage and decreased liquidity. 

At any of these stages, signs of uncertainty can be measured to determine the financial 

situation of a firm. This practice has been extensively studied in finance and accounting 

literature through bankruptcy prediction models, that utilize financial and market ratios 

as predicting indicators. Auditors, management, creditors and shareholders have high 

interest in reassuring the ability of a company of their interest to continue as a going 

concern. In this context, analysis of the probability of a firm to fail can be a helpful tool 

to identify risk factors, and can be a supplementary assistance for auditors on their going 

concern assessment. 

Auditors, in particular, have to examine many qualitative aspects of a firm’s operational 

environment that influence their opinion, but the most important are the quantitative 

(financial) ones as they reflect the past financial performance, which will affect the future 

either in positive or in a negative manner.  

In accordance with that, Asare (1990) noted that going concern opinions can be predicted 

successfully using financial variables. For example, Mutchler (1985) managed to classify 

correctly 83% of her sample using financial variables. Also, Menon & Schwartz (1987) 

examined if it is possible to predict the possibility of a company to receive e going 

concern opinion, via financial variables, and concluded that liquidity and operating loss 

are the two key financial indicators related to auditor’s opinion. Furthermore, Koh & Tan 

(1999) utilized Neural Networks as a method to predict going concern status, utilizing six 

ratios, and proved that all of them were significant to auditor’s opinion. 

Consequently, literature shows that the relationship between financial variables and 

auditors opinion on going concern assumption is high and as a result it could also work 

backwards. In other words, financial indicators related to an entity’s probability to fail 

can be exploited through prediction models, in order to assist auditors to the assessment 

of their going concern opinion. Those models have been introduced and tested by a large 

number of researchers and are presented in the following chapter.  
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2.2 Corporate Bankruptcy Prediction 

Corporate bankruptcy prediction is one of the core areas of finance and accounting 

research. Various models have been developed widely during the last decades, in 

academic and business society, in quest of predicting bankruptcy events and verifying the 

significant value of financial ratios as indicators of a firm’s capability to outlast. The 

developed models have been used by investors, creditors, managers and auditors, who 

need to have accurate knowledge on a firm’s performance and its probability to fail. 

This chapter aims at presenting an integrated overview of the most distinguished 

bankruptcy prediction models that have been built and applied widely in the last decades. 

We focus on highlighting the key points of the presented models while also showing up 

the relevant literature references, in order to appear the whole picture. 

Some notable contributors in accounting models 5  development are Beaver (1966), 

Altman (1968), Deakin (1972), Ohlson (1980), and Zmijewski (1984). Other, more 

sophisticated methods to predict corporate failure, that count not only a firm’s 

performance ratios but also the overall economic environment, have been introduced by 

Shumway (2001), Hillegeist (2004) and Wu et al. (2010). Along with these, we also 

mention alternative applications for corporate bankruptcy prediction that exploit modern 

computer science, such as Artificial Neural Networks (ANN) and Support Vector 

Machines (SVM), developed by an extensive number of researchers. 

2.2.1 Accounting-Based Models 

Scientific community started expressing their interest in bankruptcy prediction back in 

the 1930’s trying to benefit from the information they could export from accounting data 

and financial ratios. At that time, the Bureau of Business Research (BRB) presented the 

key ratios of industrial companies that went bankrupt 6 . Subsequently, numerous 

researchers analyzed bankrupt firms’ ratios and published relevant studies trying to 

contribute to the prediction of future corporate failures and to identify the major financial 

weaknesses causing a bankruptcy (FitzPatrick, 1932; Smith & Winakor, 1935; Chudson, 

1945; Jackendoff, 1962). Beaver (1966) following the path of previous researchers, 

                                                 
5 The term “accounting-based models” for predicting bankruptcy events refer to statistical methods that use 

mainly static accounting data from financial statements. 
6 The study analyzed 29 companies using 24 key ratios in order to identify their common characteristics 

that may have caused their failure, concluding to 8 ratios that could foresee the event. 
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analyzed 30 ratios of 79 bankrupt and 79 healthy companies in 38 industries and reached 

to a comprehensive univariate model to predict bankruptcy events. 

The initial introduction of a multivariate prediction model was by Altman (1968) who 

objected the univariate technique and came up with a multiple discriminant analysis 

(MDA) function, by combining 5 specific financial variables under a linear multivariate 

model, which calculates the so called Z-Score as an indicator of corporate failure.  

Several researchers attempted to evaluate or advance the MDA technique, by adding or 

varying financial ratios, while others disagreed on its effectiveness (Deakin, 1972; Blum, 

1974; Altman, et al., 1977; Dambolena & Khoury, 1980; Gloubos & Grammatikos, 1988; 

Piesse & Wood, 1992; Gerantonis, et al., 2009; Wu, et al., 2010; Bauer & Agarwal, 2014). 

Ohlson (1980), criticizing the assumptions of MDA, proposed a logistic regression 

method (Logit) and modeled various financial ratios in order to design a more accurate 

predicting pattern than the previous ones, introducing the O-Score as a measure of 

bankruptcy prediction. The Logit bankruptcy prediction method was probed by a number 

of researchers who highlighted the weaknesses and the strengths of that approach (Lau, 

1987; Johnsen & Melicher, 1994; Weiss, 1996; Low, et al., 2001; Chi & Tang, 2006 ; 

Lacerda & Moro, 2008; Muller, et al., 2009). 

Alternatively, Zmijewski (1984) arguing researchers use non-random samples to estimate 

financial distress, introduced the Probit (probability + unit) analysis in corporate 

bankruptcy prediction, which was also tested and criticized by future researchers mainly 

due to its lack of variables (Shumway, 2001; Grice & Dugan, 2003; Wu, et al., 2010). 

2.2.1.1 Altman Model 

The Z-Score, developed by Edward Altman, is perhaps the most popular and widely 

recognized model for predicting corporate failure. He inspired his model, influenced by 

Beaver (1966), doubting that previous models predict bankruptcy using specific variables 

and non-bankruptcy events using different ones, resulting to non-impartiality and 

questionable outcomes. He began from a list of 22 financial indicators and finally 

concluded to 5 representative ratios, which ultimately outperform Beaver’s ratio (Cash 

Flow/Total Debt). Those where selected with restrictive assumptions, based on empirical 

evidence, following the next procedures (Altman, 1968, p. 594): 

 “Observation of the statistical significance of various alternative functions 

including determination of the relative contributions of each independent variable”, 
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 “Evaluation of inter-correlations between the relevant variables”, 

 “Observation of the predictive accuracy of the various profiles”, and 

 “Judgment of the analyst”. 

He worked on a sample of 66 manufacturing firms, half of which were bankrupt. Using 

the MDA technique he came up with the following equation, consisting of 5 discriminant 

coefficients and 5 independent variables, which give the Z-Score that measure the 

probability of bankruptcy: 

 

𝑍 = .012 ∗ 𝜒1 + .014 ∗ 𝜒2 + .033 ∗ 𝜒3 + .006 ∗ 𝜒4 + .999 ∗ 𝜒5 

 

The independent variables used in this equation are presented and described in the 

following table: 

Table 3. - Variables of the Altman Model 

Variable Description 

χ1 WC/TA Working Capital / Total Assets 

χ2 RE/TA Retained Earnings / Total Assets 

χ3 EBIT/TA Earnings Before Interest Expense and Taxes / Total Assets 

χ4 MVE/BKD Market Value of Equity / Book Value of Total Debt 

χ5 S/TA Sales / Total Assets 

 

According to Altman (1968) the Z-Score that discriminates the bankrupt and non-

bankrupt firms is equal to 2.675, while the area between 1.81 and 2.99 is considered as a 

“zone of ignorance” (Altman, 1968, p. 606) due to possible classification errors by the 

discriminant model. Firms that score above 2.99 are considered to be healthy, while those 

of under 1.81 have a high probability of default. 

This technique, as described above, have been used mostly for small samples of 

manufacturing firms, as well as bankrupt and non-bankrupt firms of equal sizes (Grice & 

Ingram, 2001). As stated by Altman (1968) the accuracy of his technique is 95%7, while 

Deakin (1972) shows that this model can classify correctly 90% of all firms that failed or 

did not fail in the next one to three years doubting for its effectiveness on predictions 3 

years prior the failure event. 

Others studies doubted about the models’ effectiveness and tried to improve it by varying 

the sample of firms and its size, or by applying different financial ratios (Altman, et al., 

1977; Agarwal & Taffler, 2008; Wu, et al., 2010; Tinoco & Wilson, 2013). 

                                                 
7 The percentage of 95% refers to those firms that would go bankrupt the next year, while for those that 

failed the year after the prediction accuracy fell to 83%. 
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2.2.1.2 Ohlson Model 

Ohlson (1980), influenced by Santomero & Vinso (1977) and Martin (1977), applied a 

logistic regression method (Logit) with the intention of overcoming the MDA’s 

malfunctions. He suggested that the effectiveness of previous methods is uncertain due to 

their assumptions that do not correspond to real and timely conditions. In particular, he 

criticized Altman’s (1968) model, mentioning the problems of strict statistical 

requirements, low intuitive interpretation of the Z-Score and non-reliable matching of 

bankrupt and non-bankrupt firms (Ohlson, 1980, p. 112). 

In order to discover a more accurate predicting model he used the Logit model that 

according to him, could overcome the MDA problems. In his model, he tested 9 

independent variables, in a sample of 2.163 industrial firms traded in US stock exchange8, 

during the period 1970-1976, using the following logistic function: 

 

𝑌 = 𝐵0 + 𝐵1 ∗ 𝜒1 + 𝐵2 ∗ 𝜒2 + 𝛣2 ∗ 𝜒3 + 𝐵4 ∗ 𝜒4+. . . +𝐵9 ∗ 𝜒9 
 

His intention was to build three models, one that could predict corporate failure within 

one year, the second could identify firms that will go bankrupt the second year, and the 

last one could contain firms that may fail within one year or the next one. The O-Score is 

estimated using the following equation that indicate the weight of each independent 

variable: 

 

𝑦𝑖 = −1.32 − 0.4071𝜒1 + 6.03𝜒2 − 1.439𝜒3 + 0.0757𝜒4 − 2.37𝜒5 − 1.83𝜒6
+ 0.285𝜒7 − 1.72𝜒8 − 0.521𝜒9 

 

The independent variables used for predicting corporate failure, are described above, 

though no theoretical justification was provided, by the author for their selection 

(Jouzbarkand, et al., 2013, p. 90):  

Table 4. - Variables of the Ohlson Model 

Variable Description 

χ1 SIZE Log (Total Assets / GNP Price-Level Index) 

χ2 TL/TA Total Liabilities / Total Assets 

χ3 WC/TA Working Capital / Total Assets 

χ4 CL/CA Current Liabilities / Current Assets 

χ5 OENEG 1 if Current Liabilities exceed Total Assets, 0 otherwise 

χ6 NI/TA Net Income / Total Assets 

χ7 FU/TL Funds from Operations / Total Liabilities 

χ8 INTWO 1 if Net Income was negative for the last two years, 0 otherwise 

χ9 CHIN (𝑁𝐼𝑡 − 𝑁𝐼𝑡−1)/(|𝑁𝐼𝑡| + |𝑁𝐼𝑡−1|)  

                                                 
8 From those, 105 were bankrupt and 2058 were non-bankrupt firms.  
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For the evaluation of a firm’s probability to fail, the O-Score is interpreted as follows: 

𝑃 = (1 + 𝑒𝑥𝑝 −𝑦𝑖 
−1) 

Ohlson’s (1980) accuracy in predicting corporate failure, according to his study, is higher 

than Altman’s (1968) Z-Score. However, many researchers attempted to improve his 

model, using Logit regression with more effective independent variables (Lau, 1987; 

Shirata, 1995; Low, et al., 2001; Tseng & Lin, 2005). 

2.2.1.3 Zmijewski Model 

The third most popular accounting bankruptcy prediction model was developed by 

Zmijewski (1984), using the Probit regression method and 3 independent financial 

variables.  

He identified two main problems with previous bankruptcy predicting methods that affect 

their credibility. The first is that “researchers typically estimate financial distress 

prediction models on nonrandom samples”, which can result in “biased parameter and 

probability estimates if appropriate estimation techniques are not used” (Zmijewski, 

1984, p. 59). The second one refers to a sample selection bias and specifically to 

companies with incomplete data that are often removed from the sample, resulting to a 

nonrandom dataset. This argument is also supported by the fact that companies with 

incomplete data usually are new and small firms, and their probability to default may be 

higher than others. The Probit regression function that Zmijewski (1984) came up with, 

combining the 3 independent variables, is shown below: 

 

𝑧𝑖 = −4.336 − 4.513𝜒1 + 5.679𝜒2 − 0.004𝜒3 

 

The dataset used in this study consisted of 40 bankrupt and 800 nonbankrupt industrial 

firms, during the period 1972-1978, though the author tried different sample sizes in this 

research, so as to face with the first problem (dataset bias) as mentioned above. 

In order to cope with the second problem, he concluded to only 3 independent variables 

which, by exploring previous relevant studies, found to be the most representative 

indicators of a firm’s going concern. The following table describes those variables: 

Table 5. - Variables of the Zmijewski Model 

Variable Description 

χ1 NI/TA Net Income/ Total Assets 

χ2 TL/TA Total Liabilities / Total Assets 

χ3 CA/CL Current Assets/ Current Liabilities 
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 Similarly to the Logit model, the Probit outcome is also between 1 and 0. A probability 

of less than 0.5 indicates a healthy firm, while a probability of greater than 0.5 disclose a 

bankrupt firm. The overall accuracy of Zmijewski’s (1984) model, as calculated in his 

study, is 95.29%9. The Probit method is not so popular in bankruptcy prediction literature 

compared to the previous ones, although it is similar to the Logit method, due to its non 

linear estimations that require complex calculations, making it costly and hard to use 

(Gloubos & Grammatikos, 1988). 

Many researchers criticized this model, showing a less effective outcome compared to 

the initial that was presented by the author, while in some other cases the score of this 

model outperform previous ones10 (Chen & Wei, 1993; Chen & Church, 1996; Dichev, 

1998; Shumway, 2001; Jr. & Dugan, 2003). 

2.2.2 Market-Based Models 

Many researchers, concluded that traditional accounting-based bankruptcy prediction 

models (as described above) are suffering serious weaknesses and their place should be 

taken by more sophisticated models that could predict corporate failure accurately, by 

exploiting valuable information that previously have been left aside.  

Literature shows that accounting-based models suffer major weaknesses, which forced 

researchers come up with new more consistent ones, in the need to improve the efficiency 

of failure prediction. The most crucial of them are presented as follows: 

 Accounting-based models measure a set of specific variables for each firm at a 

given time ignoring the fact that firms’ characteristics change through time and not 

taking into account its future prospects, resulting to biased and inconsistent 

estimates of failure probability (Shumway, 2001; Vassalou & Xing, 2004; Agarwal 

& Taffler, 2008). 

 Accounting rules, such as conservatism constraint and going concern assumption, 

lead to biased or not informative data in accounting documents (Hillegeist, et al., 

2004; Agarwal & Taffler, 2008)11. 

                                                 
9 Noting that none of the bankrupt firms was accurately predicted to fail. Also 95% of the firms in the 

dataset were non-bankrupt firms, since for every bankrupt firm there were 20 non-bankrupt ones. 
10 Some of the characteristics affecting the outcome are the sample size, the industry classification, the time 

of accounting data collection, etc. 
11 For instance, due to the conservatism principle book values underrate company assets, or due to the going 

concern assumption that bears out a firms’ capability to last accounting statements should not be able to be 

used on foreseen a bankruptcy event. 
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 Asset volatility is not measured in the calculation of a firms’ bankruptcy probability 

within accounting-based models. Yet, this is a factor that according to Hillegeist, et 

al (2004) is very important as it has a key impact on a firm’s ability to pay its debt. 

 Accounting numbers may not be reliable as, in actual fact, they can be manipulated 

by the management (Agarwal & Taffler, 2008). 

 The effectiveness of particular financial ratios in predicting a bankruptcy event 

varies through different industries, as different ratios are significant for specific 

industries and other ratios for other ones (Grice & Dugan, 2001). 

On that perspective common literature presents two highlights, the Hazard model 

(Shumway, 2001) that integrates accounting and market variables, and the BSM-Prob 

model (Hillegeist, et al., 2004) based on the theoretic groundwork of Black & Scholes 

(1973) and Metron (1974) option pricing model. 

2.2.2.1 Shumway Model 

The innovation that Shumway (2001) introduced lies to a multi-period approach of 

calculating a firms’ bankruptcy probability, which takes into account both financial ratios 

and market variables. This model uses available data to estimate bankruptcy probability 

for each period, resulting to a non-biased period or data selection, unlike previous static 

models. The hazard model can be interpreted either as a logit model done by firm year, 

or it can be viewed as a discrete accelerated failure-time model (Shumway, 2001, p. 123). 

The Hazard model uses accounting variables, as they were applied by Altman (1968) and 

Zmijewski (1984), along with market-driven ones to identify bankrupt firms. Those 

variables are presented in the following table: 

Table 6 – Variables of the Shumway (Hazard) Model 

Variable Description 

χ1 NI/TA Net Income/ Total Assets 

χ2 TL/TA Total Liabilities / Total Assets 

χ3 Relative Size Log((Outstanding Shares * Year-End Share Price)/Total Market Value) 

χ4 Excess Return Cumulative annual return in year t-1 – value-weighted NYSE/AMEX12 

index return in year t-1 

χ5 SIGMA Regressing monthly stock return on NYSE/AMEX index return for the 

same year 

 

                                                 
12 New York Stock Exchange (NYCE), American Stock Exchange (AMEX). 
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The first two variables are borrowed from previous static models while the rest of them 

are market variables devised by Shumway. NI/TA variable shows firms’ profitability, 

while TL/TA is included in this set as a credible leverage variable.  

The first of the three market variable refers to the firms’ size which is not measured using 

accounting data from financial statements but the firms’ market capitalization divided by 

the value of NYSE/AMEX index. The next variable measures the firms’ past excess 

return measured as a return in year t-1 minus the value weighted NYSE/AMEX index. 

The last market variable, called SIGMA, is the idiosyncratic standard deviation of each 

firm's stock returns, included in this set as a liquidity indicator.  

According to this hazard model, the dependent variable is the time that the firm will 

remain healthy, while the independent variables consist of accounting and market data. 

In his study, the author, tested 300 bankrupt companies using corporate data for a 30year 

period13. 

Chava & Jarrow (2004), tested the performance of the Shumway model in comparison to 

Altman and Ohlson models, concluding that the first one outperforms the accounting-

based models. Following this, Wu et al. (2010) agrees that this model is more accurate 

compared to the accounting-based ones. Hazzard models, in general, are proven superior 

to static models, both theoretically and empirically, for forecasting bankruptcy. In 

practice, however, many hazard models are difficult to estimate because of their nonlinear 

likelihood functions and time-varying covariates (Shumway, 2001, pp. 103, 111). 

2.2.2.2 BSM-Prob Model 

Another popular technique for measuring financial distress as a mean to predict corporate 

failure, using market data, was proposed by Hillegeist et al. (2004). They came up with a 

discrete hazard model, based on the Black & Scholes (1973) and Metron (1974) option-

pricing theories. Under this framework, equity is viewed as a call option on the value of 

a firm’s assets, considering that when the asset value falls below the face value of 

liabilities the call option is not exercised and the firm is turned over to its debtholders 

(Hillegeist, et al., 2004, p. 1).  

                                                 
13 The dataset included firms that started trading during 1962 and 1992. Firms that started trading before or 

after this period were excluded from the sample, along with financial firms (SIC code 6.000 – 6.999). 
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In order for this model to be valid, the following list of assumptions is taken as granted, 

which are essential to note for a deeper understanding of the model’s structure (Hillegeist, 

et al., 2004, pp. 5-6): 

 Financial markets are liquid, have continuous trading, no transaction costs or taxes, 

perfect asset divisibility and no arbitrage opportunities. 

 Asset values follow a geometric Brownian motion process. 

 A constant risk-free interest rate that is identical for borrowing and lending. 

 Short selling with the full use of proceeds. 

 No bankruptcy costs. 

 The firm issues only zero-coupon bonds, so bankruptcy occurs at bond maturity. 

The data used in this study were taken from the CRSP Daily Stock Return File. After 

excluding financial firms and firms with no available data, from an initial sample of 

156.489 firm-year observations, the final sample consisted of 65.960 firm-year 

observations, 10.845 firms and 516 total bankruptcies. 

Hillegeist et al. (2004) meassured the effectiveness of his BSM-Prob model compared to 

Altman and Ohlson models and found out that his model outperforms significantly the 

two previous ones. On the other hand, Wu et al. (2010) showed that both market-based 

models as presented in this paper outperform the accounting-based ones while the 

Shumway (Hazzard) model’s predictive accuracy is higher than the BSM-Prob model. 

A similar research conducted by Vassalou & Xing (2004) adopted the option pricing 

theory to estimate bankruptcy probability using equity data. They found out that default 

risk is related to the size and book-to-market characteristics of a firm, that firms with high 

risk of default earn higher returns and that this risk is systematic (Vassalou & Xing, 2004, 

pp. 832-833). 

2.2.3 Modern Computational Methods 

In the last decades, literature on bankruptcy prediction is attempting to show alternative 

approaches that are innovative as well as reliable. Many researchers, exploited the 

computational power and the new capabilities that modern technology provides us, in 

order to make bankruptcy prediction more accurate. Most of them make use of Artificial 

Neural Networks (ANN), Support Vector Machines (SVM), Decision Trees (DT) and 
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Case-Based Reasoning (CBR), whereas the first two are the most popular and will be 

revealed in this chapter. 

2.2.3.1 Artificial Neural Networks 

Artificial Neural Networks (ANN), also called Neural Networks (NN), are algorithms 

that emulate specific functions of the human brain nervous system. The history of 

scientific brain exploration is perennial, whereas the first to introduce the application of 

NN to artificial intelligence were McCulloch & Pitts (1943). Since then, this technique 

has been used in many areas of scientific research such as neuroscience, biology, medical 

engineering, robotics mathematics and finance. Especially in the areas of prediction and 

classification problems, ANN proved to be highly effective (Wilson & Sharda, 1994). 

An ANN is a computational model, which mimics human brain’s functions, using highly 

interconnecting processing elements, the so called neurons, that operate in parallel (Al-

Shayea, et al., 2010). The structure of such a model, usually consists of an input layer, 

one or more hidden (processing) layers and an output layer. Each layer includes one or 

more elements depending on the number of input variables, hidden units and data to be 

extracted. The following figure shows the structure of a four layer model14: 

Figure 1 – Illustration of a Four Layer Network with a Single Output 

 

 

 

 

 

 

 

As seen on the figure above, every element, also called neuron or node, receives 

information which is been processed and then transferred to the next stage. Each neuron 

operates independently, while they are all interconnected. When the neural network is at 

the stage of training, each element connection multiplies with a specific weight, which is 

calculated by the machine learning process using the available knowledge. The 

                                                 
14 Source: http://neuralnetworksanddeeplearning.com/chap1.html 
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consecutive training of a neural network adjusts those weights, making it possible for the 

researcher to identify the proper function in order to estimate a valid outcome. 

ANN are learning machines, meaning that they are molded using external and internal 

information. The learning process defines how the model uses the input information, how 

additional information will be created and eventually how the neuron weights will be 

formed. Usually, the process of training an ANN follows a straightforward flow of 

information, the so called feed-forward network, beginning from the input layer, moving 

to the hidden layer(s) and ending to the output layer. There are three major learning 

paradigms, supervised, unsupervised and reinforced learning, each one referring to a 

unique process, as described below: 

 Supervised learning is the machine learning task of inferring a function from 

labeled training data (Mohri, et al., 2012). In this paradigm the ANN is trained 

through representative input and output patterns. Under this procedure the ANN 

adjusts the neuron weights so that the output it generates matches with the output 

needed as a valid outcome. The most common supervised learning technique is 

backpropagation (BPN), which uses an algorithm to form element weights so as to 

minimize calculation errors. Usually, this technique is applied using multiple layers 

of computational elements, the so called multi-layer perceptron (MLP). 

 Unsupervised learning paradigm, on the contrary, receives inputs but gets no 

specific output patterns or rewards from its environment (Ghahramani, 2004). In 

other words, the learning machine process does not receive any feedback while 

training but uses input data to create patterns itself. A widely used technique that 

utilizes unsupervised learning for its training is the self-organizing map (SOM). 

The SOM is an algorithm, developed by Kohonen (1982), which visualizes high-

dimensional input data to low-dimensional views with accuracy, maintaining the 

initial topological order. 

 Reinforced learning can be considered as an intermediate paradigm of supervised 

and unsupervised learning, where every action of the training procedure gives a 

feedback response which is evaluated by the system in order to adjust the 

parameters accordingly (Singh & Chauhan, 2009). Recurrent neural networks 

(RNN) is a representative technique for this type of learning, that uses internal 

memory to transmit information from element to element, in order to evaluate its 

own performance and process input data accordingly. 
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ANN are used mainly in the areas of prediction and classification, seeking to substitute 

or replace regression and other statistical models that conventionally dominate these 

areas. For instance, Ripley (1994) examined neural networks and related classification 

methods and reached the conclusion that ANN are one of a class of flexible non-linear 

regression methods. Additionally, Warner & Misra (1996) compared neural networks to 

regression models, in terms of notation and implementation, and showed that ANN 

behave as a non-parametric regression model. 

A great number of ANN literature centers on finance and accounting applications, 

essentially on evaluation and prediction. In bankruptcy prediction, ANN use mainly the 

input variables used in accounting and market based models. Several studies compare the 

performance of ANN in comparison to traditional and modern classification methods, 

such as MDA, Logit, Probit, decision trees and SVM. The same models, have been used 

to resolve prediction issues involved to the auditing profession, such as the auditor’s 

opinion on a company’s going concern or management frauds. 

Odom & Sharda (1990) tested the predictive accuracy of MDA and ANN in corporate 

failure and concluded that artificial neural networks perform better on small a sample 

size. By the same token, Wilson & Sharda (1994) confirm that ANN perform significantly 

better, compared to MDA, at predicting firm bankruptcies, while Tsukuda & Baba (1994) 

showed equivalence between the two methods for listed firms and better performance of 

ANN for unlisted ones. 

Similarly, Fletcher and Gross (1993) compared a BPN neural network model with Logit 

model, on a small sample size of 18 bankrupt and 18 non-bankrupt firms, deducing that 

ANN was more accurate in predicting bankruptcy than Logit regression. 

Zhang, et al (1999), using six input variables on a matched sample of 220 firms, agreed 

that the BPN neural network performs significantly better than the Logit model in 

bankruptcy prediction. They also note that ANN are robust to sampling variations in 

overall classification performance. On the contrary, Boritz & Kennedy (1995), tested the 

predictive accuracy of four BPN neural network techniques in comparison to traditional 

bankruptcy prediction techniques, namely MDA, Logit and Probit. They demonstrated 

that the performance of ANN is sensitive to the choice of variables selected and that the 

networks cannot focus on the most important variables, noting that ANN does not always 

show significant improvement on their prediction ability, compared to the traditional 

models. 
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Jo, et al. (1997), used three different techniques on Korean firms’ probability to go 

bankrupt, namely MDA, case-based forecasting and neural networks. They showed that 

the average hit ratios of the three methods ranged from 81.5% to 83.8%, while ANN 

proved to be the most accurate one. Additionally, Lee, et al. (2005) tested supervised 

(BPN) versus unsupervised (Kohonen self-organizing feature map) ANN learning 

techniques on their accuracy to predict failure events of Korean firms, using as benchmark 

MDA and Logit models. Their findings suggest that the BPN network is the better choice 

when a target vector is available. 

In a wider perspective review, Adnan Aziz & Dar A. (2006) tested numerous bankruptcy 

prediction models across ten different countries, showing that ANN perform marginally 

better in comparison to traditional statistical and theoretical models.  

Being one of the most crucial objectives of the audit profession, the going concern 

assumption is fully related to a company’s probability to fail. On that perspective, Udo 

(1993) used ANN to predict the going concern of firms based on financial ratios of 300 

companies, resulting that they are as accurate or more accurate as a multiple regression 

model in predicting bankruptcy, in addition to being easier to use and readily adapting to 

the changing environment. Correspondingly, Lenard, et al. (1995) used the generalized 

reduced gradient (GRG2) optimizer for neural network learning, a BPN neural network, 

and a Logit model to predict which firms would receive audit reports reflecting a going 

concern uncertainty modification for firms that are in danger of failure. They resulted that 

the ANN model formulated using GRG2, scores a prediction accuracy of 95%, 

recommending it as a robust alternative model for auditors to support their opinion on a 

company’s going concern. 

2.2.3.2 Support Vector Machines 

Although it is proven that ANN, and specifically BPN neural networks, perform 

effectively in data classification and pattern recognition tasks, they suffer limitations, that 

make it complicated to use them and produce a valid outcome, as they are presented above 

(Shin, et al., 2005, p. 127):0 

 It is hard to find the appropriate ANN model, which can adopt all problem 

characteristics, due to the large numbers of controlling parameters and processing 

elements in every layer. 
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 The search process of calculating element weights could converge to a local 

minimum result that is applicable for the training samples. 

 The principle of minimizing empirical risk, in other words training error, does not 

guarantee good generalization performance. 

 The size of the training set is also an issue to be resolved in the generalization, as 

the sufficiency of the training set is a crucial factor for the final outcome. 

Recently, many studies make use of Support Vector Machines (SVM), also called Support 

Vector Networks (SVN). This method, as introduced by Vapnik (1995), is an alternative 

artificial intelligence learning technique, used for regression analysis, classification and 

pattern recognition. SVMs are machine learning models that construct optimal discrete 

hyperplanes in a high-dimensional space, in order to map the input vectors effectively. 

This method uses a linear model to develop a decision function based on non-linear class 

boundaries. 

The purpose of SVMs is to use an algorithm to create an optimal hyperplane and set a 

maximum margin, in order to separate data appropriately into the maximum distance 

between the hyperplane and the nearest training points, since the generalization error is 

reduced inversely to the size of the margin. The hyperplane that minimizes potential 

errors is called optimal separating hyperplane, as it finds a maximum margin that has the 

largest separation of data. The training points that are closest to the optimal separating 

hyperplane are called support vectors, while other training examples are not relevant for 

the definition of binary class boundaries. Usually, when data are not separated linearly, 

SVM uses non-linear machines to set a hyperplane that minimizes the errors for the 

training set (Cristianini & Shawe-Taylor, 2000) .An example of a SVM application is 

shown in the following figure15. 

Figure 2 – The Structure of a SMV Before (left) and After (right) Classification 

 
                                                 
15 Source: http://docs.opencv.org/2.4/doc/tutorials/ml/introduction_to_svm/introduction_to_svm.html 
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Recently, many studies have used SVM in financial applications, such as credit analysis, 

corporate bankruptcy prediction and fraud detection. At large, these studies indicate that 

SVM, in many cases, perform better or similarly to other methods, including ANN, CBR, 

MDA, Logit and Probit. 

In the area of prediction and classification, Tay & Cao (2001) tested the accuracy of SVM 

compared to ANN, showing the superiority of SVM in time-series forecasting. 

Additionally, Kim (2003) shows that SVM in comparison to ANN can be a promising 

alternative to stock market and corporate bankruptcy prediction.  

Similarly, Min & Lee (2005) applied SVM to the prediction problem, using the Kernel 

function to build a stable model with high explanatory performance, comparing it to 

MDA, Logit and ANN (BPN). Their experiment resulted showing that SVM outperform 

all the other methods. In the same direction, Boyacioglu, et al. (2009) compared the 

classification accuracy performance of SVM, ANN and multivariate statistical methods, 

on a dataset of 21 bankrupt and 44 non-bankrupt banks in Turkey, showing SVM as the 

most superior model in prediction. 

In an attempt to improve the explanatory power of SMV, Min, et al. (2006) combined 

Genetic Algorithms and SVM, developing a hybrid model, which proved to perform 

much more effectively than ANN and Logit. Additionaly, Lin, et al. (2013) created a 

hybrid business failure prediction model using Locally Linear Embedding (LLE) 

algorithm and SVM, succeeding to achieve the highest rate of accuracy compared to the 

SVM without the proposed hybrid approach and to the Principal Component Analysis 

(PCA). 

 

3 Methodology 

The main purpose of this study is to evaluate the effectiveness of bankruptcy prediction 

techniques, using two popular accounting based models and an ANN model, in order to 

determine if they are able to assist auditors in the assessment process of their going 

concern opinion. For that purpose, we have gathered accounting data from bankrupt and 

healthy US firms and used them to evaluate the predictive accuracy of the selected 

models, solely and in comparison. 
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3.1 Sample Data 

Our dataset consists of 81 bankrupt and 81 healthy US companies16 who have been active 

during 2002 – 2015, chosen from an initial set of 188 bankrupt firms17 and respectively 

from a much larger one of more than 2,000 operating firms. The rest of the bankrupt firms 

were not included to the final dataset mainly due to missing data or incomplete 

information. Our criterion for the selection of those data has to do with the requirements 

of the prediction models that was chosen to calculate. The accounting data used in this 

study were collected from COMPUSTAT18 and in some cases we also used 10-K reports, 

downloaded from the official website of U.S. Securities and Exchange Commission19 

As is usual, the final sample does not contain financial, insurance and real estate firms, 

as their financial structure is not comparable to those of other industries (DeFond & 

Subramanyam, 1998). Further than that, the sample is not biased towards any other 

industry sector. 

The matching of bankrupt and non-bankrupt firms has been carried following a prioritized 

process, consisting of 4 criteria. Those where data availability for the reporting period 

(strict principle), same or similar industry classification, equivalent size and as a last 

criterion we took equivalent liabilities in that order. 

The first criterion pertains to data availability, where, we searched and found for each 

bankrupt firm a corresponding couple with available accounting data for a 2-year period 

(year of last observation, plus previous 1 year). The second refers to sector matching (SIC 

Code), where after our assignment, the most non-bankrupt pairs belong to the exact same 

sector, while, for some exceptions for which there were no firms listed in the same sector, 

it was chosen a similar one.  The following ranking criterion, in priority, refers to the size 

of a firm, measured via the Total Assets account. In case there couldn’t be achieved a 

total identification using the previous criteria, we used as supplementary measure the 

volume of a firms’ liabilities (Total Liabilities). Company size and liabilities were taken 

                                                 
16 By the term “healthy” we define non-bankrupt companies that were operating at the time this study was 

conducted and were also operating at the same period with their bankrupt pair. 
17 The term bankrupt refers to firms that have filed for Chapter 7 or Chapter 11 of the US Bankruptcy Code. 
18 In order to locate bankrupt companies in “COMPUSTAT”, we used the command “INCO” that refers to 

inactive companies and “INCOD” that brings the inactivity date. Under the INCO command we chose only 

the firms that went bankrupt or liquidized (inactive company markers 2 and 3) and shaped the initial set of 

188 bankrupt firms. 
19 All company fillings of publicly traded U.S. firms, along with other company information, are accessible 

through the Edgar platform at http://www.sec.gov/edgar/searchedgar/webusers.htm. 

http://www.sec.gov/edgar/searchedgar/webusers.htm
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as an average of the last 14 years (2002–2015) for the non-bankrupt firms compared to 

the corresponding average of the last 2 years for the bankrupt ones. 

This process was applied to the last two years of available financial information20 for the 

bankrupt firms and respectively for their non-bankrupt pairs (t = 0, t = -1), ending up to 

two training samples for the two years of investigation, The full list of both bankrupt and 

non-bankrupt firms selected for this study can be found on Appendix B: US Firms 

Included in the Dataset. 

Basic characteristics of our dataset, such as yearly bankruptcies and sectoral 

diversification, are analyzed above for the better understanding of the utilized data. The 

following figure presents the number of bankruptcies per year of our sample: 

Figure 3 – Number of Bankrupt Firms per Year 

 

 

Our data are relatively recent as most of our dataset companies went bankrupt after 2009. 

The period between 2009 and 2012 sums the highest rate of bankruptcies, from 8 to 11 

observations per year, while the less number of bankruptcies are noted in 2002, 2003 and 

2015. Of course, this is not a representative depiction of the number of bankruptcies that 

occurred in US during that period, but it signifies the specific characteristics of our 

sample. 

Another important characteristic of our interest is the sectoral diversification of the 

bankrupt firm’s sample, as seen in the following table: 

                                                 
20  Usually, financial information for bankrupt companies were available until the bankruptcy event 

occurred. Nevertheless, in some observations the date of bankruptcy did not match to the year of the last 

available information and this may have caused discrepancy to the investigated period of their healthy pair.  
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Table 7 – Sectoral Diversification of Bankrupt Firms Sample 

SIC Code Description No. of Bankruptcies 

1000-1499 Mining 2 

2000-3999 Manufacturing 43 

4000-4999 Transportation, Communications, Electric, Gas 
and Sanitary service 

5 

5000-5199 Wholesale Trade 3 

5200-5999 Retail Trade 8 

7000-8999 Services 19 

9900-9999 Non-classifiable 1 
 

The vast majority of the sample’s bankrupt firms belong to the manufacturing sector with 

43 observations, followed by the services sector with 19 observations and trade with 11 

observations. At the same time, there are 5 firms operating in the transportation, 

communications, electric, gas and sanitary services, as well as 2 firms operating in the 

mining sector. 

As mentioned before, the relevant dataset of healthy firms is in consistency with the one 

presented above and both datasets do not include firms of finance, insurance and real-

estate sectors. 

3.2 Research Design 

We use three bankruptcy prediction models, to evaluate their predictive accuracy and 

determine which one to suggest as an assisting tool to auditor’s going concern assessment. 

The basic hypothesis of this study is that an effective tool, able to measure financial 

distress and even predict a bankruptcy, can be very helpful to auditors in supporting their 

opinion or even using it as an alarming signal for deeper investigation of accounting data. 

We chose to use two accounting-based models and one from the modern computational 

methods. Specifically, from the first category we picked Altman’s and Zmijewski’s 

models, and ANN from the other one.  

Ohlson’s model and market-based models were excluded because we would need more 

data for our calculations resulting to shrink our dataset even more. The financial ratios 

used in the selected accounting-based models are completely different, ensuring that we 

use two unique accounting techniques, able to produce a single outcome. Also, market 

variables are not practically utilized by auditors on their going concern assessment and as 

a result market-based models would not be consistent with auditor’s exploratory 

objectives. 
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Furthermore, ANN were chosen as an identical representative of this scientific field, in 

accordance to relevant literature. Besides, it is not an objective of this study to deepen in 

bankruptcy prediction models, but rather to evaluate some of the most cited techniques, 

in order to provide the scientific evidence needed to support the considerations of our 

main hypothesis.  

3.2.1 Accounting-Based Models 

In respect to the scientific tradition and to the effectiveness of Altman’s Z-Score model, 

according to literature, it was the first technique chosen for evaluation. We used the 

improved Altman’s function, because according to our calculations it is more effective 

than the initial one (Altman, 1968), as shown below: 

𝑍 = 1.02 ∗ 𝜒1 + 1.4 ∗ 𝜒2 + 3.3 ∗ 𝜒3 + 0.6 ∗ 𝜒4 + 1 ∗ 𝜒5 

We kept the same coefficients (χ1-χ5), as presented previously on Table 3. - Variables of 

the Altman Model, but instead of using the market value of equity we changed it to the 

book value of equity. This is a decision we made taking into consideration that markets 

today are highly volatile plus there can be major discrepancies between these two 

variables leading to misrepresenting results on a firm’s financial position. 

For the discrimination of the calculations outcome, we used Altman’s (1968) zones, 

namely the safe, grey and distress zone. Firms with a score of more than 2.99 are classified 

as safe, the ones with score between 1,81 and 2,99 are included in the grey zone and those 

scoring under 1,81 are classified as bankrupt, belonging to the distress zone. 

The second accounting-based model evaluated in this study is Zmijewski’s (1984) 

prediction model, as presented previously. We kept the same coefficients and Probit 

equation to calculate Zmijewski’s score, as presented in Table 5. - Variables of the 

Zmijewski Model, in accordance to author’s guidance. Classifications are based on the 

estimated probabilities, using a 0.5 probability cutoff, that is, firms with probabilities 

greater than or 0,5 are classified as bankrupt and those with probabilities less than 0,5 as 

non-bankrupt (Zmijewski, 1984, p. 70). 

Both techniques are applied in healthy and bankrupt firms for years t=0 and t=-1. 

Although Zmijewski’s model does not produce a gray zone outcome to be compared to 

Altman’s, it is interesting to notice the overall classification accuracy of both techniques 

and their evolution, especially for bankrupt firms, from t=-1 to t=0.  
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It is also important to mention that the initial purpose of this study is not to compare its 

outcome to the outcome of models’ creators or other researcher’s, as our dataset’s 

characteristics are not always comparable to theirs, but rather to come up to the most 

accurate technique for the special characteristics of our sample. Of course, this 

consideration applies not only to accounting-based models but also to the adopted ANN 

technique, as presented subsequently. 

3.2.2 Artificial Neural Networks 

The methodology used for the bankruptcy prediction via ANN is based on the Zapranis 

& Refenes (1999) approach, who came up with a complete backpropagation model that 

can be used in multiple prediction cases. 

The first step for the specification of the neural network is to split the dataset in two 

samples, a training sample including 70% of the initial dataset and a testing sample 

including 30% of it. Under this methodology, the training sample is used for the training 

and mapping of the neural network, while the testing sample for the scheme’s 

effectiveness evaluation (Zapranis, 2005). 

This process was applied to the last two years of available financial information for the 

bankrupt firms and respectively for their non-bankrupt pairs (t = 0, t = -1), ending up to 

two training samples for the two investigated years, consisting of 57 firms for the training 

sample and 24 for the testing sample. The two samples were chosen at random in order 

to ensure the unbiased function of the scheme.  

As described in previous chapter, the neural network consists of an input layer, a hidden 

layer and the output layer. In this application, the input layer includes the financial ratios 

used in the accounting based prediction models that have been investigated in this study, 

namely the Altman’s Z-Score and Zmijewski’s model variables as seen below: 

Table 8 – Input Variables of the ANN Model 

 Variable Description 

Input 1 WC/TA Working Capital / Total Assets 

Input 2 RE/TA Retained Earnings / Total Assets 

Input 3 EBIT/TA Earnings Before Interest Expense and Taxes / Total Assets 

Input 4 MVE/BKD Market Value of Equity / Book Value of Total Debt 

Input 5 S/TA Sales / Total Assets 

Input 6 NI/TA Net Income/ Total Assets 

Input 7 TL/TA Total Liabilities / Total Assets 

Input 8 CA/CL Current Assets/ Current Liabilities 
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The most crucial parameter for the effective function of a neural network model is the 

determination of the number of hidden layer’s units. At that stage we tried several times 

to train the network using from 1 up to 10 units, using the Bpsim computer application, 

in order to come up with the most effective model for each one of the investigated periods.  

Specifically, for the evaluation of each training case, the outcome variables investigated 

were Prediction Risk: E [L] and Empirical Loss: Ln, with best fitting number of hidden 

layers being the one that minimizes those two variables (Zapranis, 2005). In our case, the 

optimal number of hidden layers proved to be three (λ=3) for the year t=0, and 

coincidentally the same for the year t=-1. 

The outcome of the training or the testing process, specifically the forecast value, is 

defined as a dependent variable that takes two values, 1 in case the firm is forecasted to 

fail and 0 in case it is classified as healthy. For this assessment, firms with forecast value 

higher than 0.5 are classified as bankrupt and lower than 0.5 as healthy. 

For the evaluation of the selected neural network model effectiveness, the testing sample 

is trained with the same number of hidden layers as the training sample, under the same 

process, and the results are compared to the ones of the training sample for verification 

purposes. 

 

4 Empirical Analysis 

The empirical analysis of this study is conducted for experimental purposes, following 

the practice of bankruptcy prediction literature. The analysis wants to assess whether the 

selected prediction models are accurate, using the specific accounting variables, and to 

what extend they can be useful to auditors in their going concern opinion assessment. 

For the calculation of model’s outcome we used Microsoft Excel, as there was no need 

for complicated calculations or a deeper understanding of model’s structure. We 

calculated all requisite financial ratios needed, as presented previously, as well as the final 

outcome for each model. 

This chapter presents the results obtained from this study, starting from Altman’s MDA 

model, following Zmijewski’s Probit model and finally ANN’s performance. Also, there 

is a comparison between them, in order to determine which one is more accurate in 

bankruptcy prediction, as well as drawbacks that have to be mentioned. 



 

38 

 

4.1 MDA Model’s Performance 

For the calculation of the Z-Score we divided the dataset in two, the first dataset contained 

bankrupt firms and the other one the healthy ones, and calculated the score of each one 

separately.  

4.1.1 Bankrupt Firms’ MDA Score 

The following table present the performance of MDA model in predicting firm’s 

bankruptcy, viability, or unknown status (grey zone), as applied to the dataset of bankrupt 

firms, numerically and as a percentage: 

Table 9 – MDA-Score of Bankrupt Firms (%) 

 Z-Score[-1] Z-Score[0] Average 

Distress Zone 51 (62.96%) 59 (72.84%) 55 (67.90%) 

Grey Zone 14 (17.28%) 10 (12.35%) 12 (14.81%) 

Safe Zone 16 (19.75%) 12 (14.81%) 14 (17.28%) 

Total 81 (100%) 81 (100%) 81 (100%) 
 

One year prior to bankruptcy (t=-1), the MDA model predicts effectively the bankruptcy 

of 63% of firms, while fails to predict accurately the failure of 20% of them. About 17% 

of them, classified in the grey zone, we consider them not safe but since they are in that 

alarming zone they are considered to be subject to further examination.  

The performance of this model seems to improve in the year that bankruptcy occurred 

(t=0), where its prediction accuracy rises to 73% of the investigated sample, 

misclassifying just the 15% of them. Furthermore, the percentage of firms classified in 

the gray zone drops to 12%, which is the smallest population of the dataset, showing that 

many firms that belong in that zone at t=-1 have moved to the distress zone. 

Summarizing, the predictive accuracy of MDA, when tested on bankrupt firms is 

considered to be satisfactory, as it effectively predicted the majority of them to fail (68% 

as an average of two years prior to bankruptcy).  

4.1.2 Healthy Firms’ MDA Score 

The same process was applied to the dataset of healthy firms, so as to test the performance 

of MDA model in companies that did not face, or maybe overcame, financial distress 

issues. The following table presents the outcome of our calculations on that sample, 

numerically and as a percentage: 
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Table 10 – MDA Score of Healthy Firms (%) 

 Z-Score[-1] Z-Score[0] Average 

Distress Zone 22 (27.16%) 23 (28.40%) 23 (27.78%) 

Grey Zone 16 (19.75%) 20 (24.69%) 18 (22.22%) 

Safe Zone 43 (53.09%) 38 (46.91%) 41 (50.00%) 

Total 81 (100%) 81 (100%) 81 (100%) 
 

For the dataset of healthy firms, the evolution of time is not a factor to be considered, as 

there is not an event following at t=0, except from potential market fluctuations or non-

financial issues that may took place at that time and affected them as well as their bankrupt 

pair. Due to our lack of knowledge on those issues, we are rather interested to comment 

on the average outcome of both years examined, than on each one separately. 

The average predictive accuracy of MDA model, applied on our database of healthy firms, 

is 50%, as it classified correctly as viable the half of the viable firms included in it. The 

other important figures to mention is the 20% of them that classified in the grey zone, 

which in other words were not classified as bankrupt, and the 28% that were misclassified 

as in the bankrupt zone.  

Nevertheless, it is possible that those companies, classified as bankrupt, could have faced 

issues concerning their ability to continue their operations and overcame them eventually. 

Meaning that, it is not sure that misclassification is a model’s fault, but it could reflect a 

real financial distress situation of those firms, for the time those financial information 

were announced. Also, there is a possibility that the accounting information they provided 

were not reliable, but this conjecture applies to both bankrupt and healthy datasets. 

4.2 Probit Model’s Performance 

The same process followed in the calculation of the MDA Score, was applied to the same 

dataset for the calculation of the Zmijewski’s Probit model’s performance. The main 

differences in the application of the two techniques is the equation used for the calculation 

of the score and the classification pattern, as in Probit model there is no gray zone but 

firms are classified either as bankrupt or as healthy. As a consequence, the comparison 

between the two models is not equitable, but it is required for the purpose of our study 

Here, we present the predictive accuracy of Zmijewski’s model, when applied in the 

dataset of bankrupt firms.  
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4.2.1 Bankrupt Firms’ Probit Score 

As seen in the following table, the classification is to bankrupt and healthy companies 

and applies to the year prior to bankruptcy (t=0) as well as the year of the bankruptcy 

event (t=-1): 

Table 11 – Probit Score of Bankrupt Firms (%) 

 Probit-Score[-1] Probit -Score[0] Average 

Bankrupt 44 (54.32%) 58 (71.60%) 51 (62.96%) 

Healthy 37 (45.68%) 23 (28.40%) 30 (37.04% 

Total 81 (100%) 81 (100%) 81 (100%) 

 

At t=-1 the Probit model does not appear to be effective in classifying bankrupt firms, as 

only the half of them (54%) were classified as bankrupt, and the rest 46% were classified 

falsely as healthy. However, the model’s performance change at t=0, where it predicts 

effectively the bankruptcy of 72% of the bankrupt firms and leaves aside 28% of them. 

The percentage of 28% misclassification, is an indicator of potential non-financial issues 

that provoked the bankruptcy of that companies, but for its understanding it is needed to 

be compared to the misclassification rate of other prediction models. In example, MDA 

for the same period, categorized almost the same percentage of firms (28%) as bankrupt 

or of unknown status (grey zone), a fact that could verify the hypothesis above.  

4.2.2 Healthy Firms’ Probit Score 

As for the dataset of bankrupt firms, the same calculation process applied to the dataset 

of healthy firms, and the outcome of Zmijewski’s model performance on that sample is 

presented in the following table: 

Table 12 - Probit Score of Healthy Firms (%) 

 Probit-Score[-1] Probit -Score[0] Average 

Bankrupt 8 (9.88%) 14 (17.28%) 11 (13.58%) 

Healthy 73 (90.12%) 67 (82.72%) 70 (86.42%) 

Total 81 (100%) 81 (100%) 81 (100%) 
 

In contrast to the model’s outcome, on the dataset of bankrupt firms at t=-1, when applied 

to the dataset of healthy firms its accuracy rises to 90%, leaving aside only 10% classified 

as bankrupt. However, as mentioned above, for the dataset of healthy firms it is useful to 

comment the average results of the model, for both years (t=-1, t=0). 
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The average classification rate for the selected period of two years is 86%, while 14% of 

the total healthy firms were misclassified as bankrupt. Consequently, the predictive 

accuracy of the Probit model, when applied in a dataset of healthy firms, is very 

satisfactory, because as a percentage it is the highest compared to all previous cases. 

Similarly to the MDA, the 14% of firms that were misclassified may happened due to real 

financial distress situations that those firms were facing at the time or due to the model’s 

dysfunction on evaluating correctly the requested financial information. 

4.3 ANN’s Performance 

ANN is a relatively new method, compared to the traditional bankruptcy prediction 

models, able to process accounting data and calculate a probability of a firm to go 

bankrupt. The specific process of its function was described previously, so here we are 

presenting the predictive accuracy of this technique. 

Unlike previous models, the dataset required to calculate ANN’s predictive ability needs 

to contain both bankrupt and healthy firms. Consequently, we came up with one dataset 

for the year prior to bankruptcy (t=-1), and another for the year of bankruptcy (t=0). 

However, for purposes of comparison we have separated bankrupt from healthy 

companies, in order to measure their singular accuracy. 

As mentioned before, the multiple training of both samples, at the initial step of 

determining the appropriate value of hidden layers, concluded to three hidden layers 

(λ=3) for both datasets.  

The following figure zooms in five of the several attempts we did, training the datasets, 

in an attempt to minimize Empirical Loss and Prediction Risk, through different values 

of hidden units (TRAIN 2-6): 

Figure 4 – Process of Hidden Layers Determination at t=0 (left) and t=-1 (right) 
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As seen in the figure above, the number of three hidden units, coincidentally proved to 

be the optimal solution for both datasets, theoretically able to bring the most accurate 

forecasting value. As a result, the structure of the neural network we used consists of an 

input layer with 8 units, a hidden layer of three units and a single output layer, forming 

an 8-3-1 backpropagation neural network model. 

Following the required process, the two datasets separated randomly into four. Two 

training samples, one for the year prior to bankruptcy and one for the year of failure (t=-

1, t=0), and two testing samples respectively. As mentioned in the previous chapter of 

this study, training samples contain 70% of the total firms and are used for the main 

process of prediction, while testing ones contain 30% of them and their purpose is to 

confirm the outcome of the training ones. Additionally, the financial ratios used for this 

model are the eight variables of the two accounting-based models we utilized, combined. 

The full list of the examined training datasets and the performance of ANN in predicting 

the correct value for each firm can be found on Appendix D: ANN Training Sample 

Performance. The relevant testing datasets and the information related to their 

performance can be found on Appendix E: ANN Testing Sample Performance. 

4.3.1 Training Sample 

The results of the training dataset for the year prior to bankruptcy (t=-1) are presented in 

the following table: 

Table 13 – ANN Training Sample Score for Bankrupt and Healthy Firms at t=-1 

 Classified Correctly  Misclassified Total 

Bankrupt 30 (52.63%) 27 (47.37%) 57 (100%) 

Healthy 40 (70.18%) 17 (29.82%) 57 (100%) 

Overall 70 (61.40%) 44 (38.60%)  
 

One year prior to the bankruptcy event, the overall classification of our sample is 61% 

and the misclassified firms are 39% of the total sample. Specifically, 53% of failed firms 

were classified correctly, while the classification rate for healthy ones reached 70%. 

Those results are not that satisfactory for the bankrupt firms, especially if compared to 

traditional accounting prediction models, although ANN managed to foresee the failure 

of the narrow majority of those firms. However, it predicted correctly the financial 

situation of the vast majority of the healthy ones. 
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Although those information can give a first impression about the capabilities of the ANN 

model we use, it is more informative to notice its outcome at the last year (t=0), as seen 

in the following table: 

Table 14 - ANN Training Sample Score for Bankrupt and Healthy Firms at t=0 

 Classified Correctly  Misclassified Total 

Bankrupt 32 (56.14%) 25 (43.86%) 57 (100%) 

Healthy 51 (89.47%) 6 (10.53%) 57 (100%) 

Overall 83 (72.81%) 31 (27.19%)  
 

The overall predictive accuracy of ANN at the year of bankruptcy event rise to 72%, in 

comparison to the previous one of 61%, and the misclassification rate dropped to 27% 

from 39%. Specifically, bankrupt companies were classified correctly at the percentage 

of 56% and for healthy ones that percentage reached 73%, so although there is a slightly 

improved prediction performance for the bankrupt firms, the overall rate has improved 

due to the accurate classification of healthy firms. 

Although the prediction accuracy of ANN is not outstanding at this point, it is useful to 

examine the performance of the testing sample and the combined performance of the two 

samples, as it will complete the examined dataset making the outcome comparable to the 

accounting-based bankruptcy prediction models. 

4.3.2 Testing Sample 

The following table presents the performance of ANN on the testing sample, one year 

prior to bankruptcy (t=-1): 

Table 15 - ANN Testing Sample Score for Bankrupt and Healthy Firms at t=-1 

 Classified Correctly  Misclassified Total 

Bankrupt 21 (87.50%) 3 (12.50%) 24 (100%) 

Healthy 23 (95.83%) 1 (4.17%) 24 (100%) 

Overall 44 (91.67%) 4 (8.33%)  
 

In contrast to the training sample, the overall effectiveness of ANN in predicting 

bankruptcy, when applied to the testing sample, rise from 61% to 92%. In particular, 88% 

of the bankrupt firms were classified correctly and for the healthy ones that rate reached 

96%. Before commenting on the dissimilar outcomes of the two samples, it would be 

interesting to see the performance of the testing sample at the year that the bankruptcy 

event occurred, as follows: 
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Table 16 - ANN Testing Sample Score for Bankrupt and Healthy Firms at t=0 

 Classified Correctly  Misclassified Total 

Bankrupt 22 (91.67%) 2 (4.17%) 24 (100%) 

Healthy 24 (100.00%) 0 (0.00%) 24 (100%) 

Overall 46 (95.83%) 2 (4.17%)  
 

At the year t=0, ANN predicted correctly 92% of bankrupt firms and 100% of healthy 

firms, misclassifying only 4% of the total testing sample. Although the classification rate 

of the testing sample for that year is the highest of all in this study, there is an 

inconsistency compared to the corresponding results of the training sample. The reason 

for this differentiation may be a technical malfunction of the ANN model due to the large 

number of data, or the nature of the data included in the training sample. 

4.3.3 Combined Sample 

For a better understanding of the ANN model’s predictive accuracy and in order to come 

up with an outcome that can be comparable to the outcome of Altman’s and Zmijewski’s 

models, we have formed the following table, which contains the classification results of 

both the training and the testing samples: 

Table 17 - ANN Combined Sample Score for Bankrupt and Healthy Firms at t=-1 

 Classified Correctly  Misclassified Total 

Bankrupt 51 (62.96% 30 (37.04%) 81 (100%) 

Healthy 63 (77.78%) 18 (22.22%) 81 (100%) 

Overall 114 (70.37%) 48 (29.63%)  
 

The sample containing training and testing sample, for the year t=-1, presents an overall 

classification rate of 70%, while the rest 30% of the dataset were not classified correctly. 

Specifically, 63% of bankrupt companies were forecasted to fail, and for the healthy 

companies the rate reached 78%. The misclassification of 37% of the bankrupt companies 

and 22% of the healthy ones may be due to financial distress conditions revealed in 

accounting information or due to false estimations of the ANN model. 

The most notable information deriving from the application of ANN in bankruptcy 

prediction come from the model’s ability to classify bankrupt and healthy firms correctly, 

at the time of the bankruptcy event. The following table, shows the predicting outcome 

of the combined training and testing samples, showing the whole picture of the ANN 

model’s performance, able to be compared to the outcome of the other prediction models 

used in this study: 
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Table 18 - ANN Combined Sample Score for Bankrupt and Healthy Firms at t=0 

 Classified Correctly  Misclassified Total 

Bankrupt 54 (66.67%) 27 (33.33%) 81 (100%) 

Healthy 75 (92.59%) 6 (7.41%) 81 (100%) 

Overall 129 (79.63%) 33 (20.37%)  
 

At the year of the bankruptcy event, the overall prediction accuracy of ANN reached 80%, 

classifying incorrectly 20% of the total sample. In particular, 67% of the bankrupt 

companies were foreseen to fail and 93% of the healthy ones were predicted to survive. 

Both classification rates can be perceived satisfactory, as for bankrupt firms the model 

predicted effectively the failure of the majority of the firms and for healthy firms the 

model classified almost all of them as healthy. As said before, the misclassification rate 

of 33% of the bankrupt firms, and 7% for healthy firms, may have occurred due to 

financial destress conditions or due to model’s false calculations,. 

4.4 Comparison of Results  

Taking into account the performance of the three bankruptcy prediction models presented 

and examined in this study, it is considered useful to compare their predictive accuracy. 

The following figure presents the percentage of accurate predictions for each one of the 

three models utilized, applied on the year t=-1:  

Figure 5 – Comparison of the Three Models’ Predictive Accuracy (t=-1) 

 

One year prior to bankruptcy, MDA and ANN predict the exactly same percentage of 

firms as probable to fail (63%), while Probit did not prove to be that effective in this case. 

However, it predicted with very high accuracy (90%) that healthy firms will survive. 
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Healthy 53,09% 90,12% 77,78%

Bankrupt 62,96% 54,32% 62,96%
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The concurrence of MDA and ANN may be due to actual alarming accounting data that 

where interpreted in the same way, indicating that a specific number of firms are suffering 

financial distress issues. If this hypothesis is true, those two models proved that for a large 

number of firms, they are able to predict effectively their probability to fail, at t=-1.  

For the same period, Probit and ANN classified correctly healthy firms as viable, with 

Probit outperforming ANN, while MDA classified only 53% of healthy firms as that. 

However, it is possible that MDA categorized many of those firms in the grey zone, an 

outcome not included in the rest of the models, making it unfair to compare it with them 

when its performance is not satisfactory. 

On average, Probit and ANN are able to classify accurately, 72% and 70% respectively, 

of all firms included in our dataset, one year prior to the failure of the bankrupt ones. The 

predictive accuracy rates of the tested models, at the year of the bankruptcy event, are 

presented in the same form, as follows: 

Figure 6 - Comparison of the Three Models’ Predictive Accuracy (t=0) 

 

The most accurate tool to estimate the prediction of failure, among the ones we used in 

this study, proved to be MDA, as it predicted accurately the bankruptcy of 73% bankrupt 

firms. Probit is also very effective with its estimations, predicting 72% of the failure 

events, while ANN predicted the majority of failures with a lower rate of 67%.  

Besides, ANN proved to outperform MDA and Probit in estimating effectively the vast 

majority (93%) of healthy companies’ ability to continue their operations, along with 

Probit that corroborated the 83% of healthy firms’ ability to survive. MDA did not 
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MDA Probit ANN

Average 59,88% 77,16% 79,63%

Healthy 46,91% 82,72% 92,59%

Bankrupt 72,84% 71,60% 66,67%
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manage to compete with ANN and Probit, although MDA’s grey zone is an issue that 

makes it incompetent for comparison in the cases its predictive accuracy is not satisfying  

On average, ANN outperformed MDA and Probit in estimating accurately the financial 

situation of a firm, mainly due to its high rate on healthy firms, with an average rate of 

80%. Similarly, Probit proved able to estimate financial distress and soundness with an 

average rate of 77%, while MDA achieved accurate predictions for an average of 60% of 

all firms included in our dataset. 

4.5 Drawbacks 

The area of bankruptcy prediction is still a major field of scientific research for finance, 

applying to many other areas, such as auditing. However, there are certain drawbacks of 

the existing models, which need to be mentioned for the better understanding of the 

empirical outcome of this study.  

4.5.1 Industry and Time Period Limitations 

A major limitation of bankruptcy prediction models lies to the fact that they are sensitive 

to time periods. In other words, the performance of a model may decline when applied to 

different time periods than those used at the time of their development (Grice & Dugan, 

2001). That is because during different periods, the financial reporting rules and 

restrictions are not the same, a fact that affects accounting figures as well as their quality. 

Furthermore, market fluctuations and non-financial issues, for example political issues, 

are able to affect all companies of an economy at a certain period, in a positive or negative 

way, with impact to the objectivity of corporate financial information.  

Another important factor, to be considered, is the sectoral structure of the tested firms 

dataset, as between different sectors financial figures are not always consistent and as a 

consequence bankruptcy prediction models developed under a specific dataset 

consistency can bring different results, than the initial, when tested on another dataset. 

Knowing that there cannot be a single prediction model that fits all tested datasets and 

time periods, in order for someone to understand empirical misclassification rates, he has 

to compare the performance of additional models and take into consideration any other 

influencing factors that are not included in the evaluation process of the tested prediction 

models. 
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4.5.2 Dataset Limitations 

4.5.2.1 Data Bias 

While ending up to the final form of the dataset, one of the selection criteria was the 

complete financial figures for the testes periods, both for bankrupt and healthy companies. 

Although this is a necessary restriction for the formation of a dataset, according to 

Zmijewski (1984), firms with incomplete data are more probable to fail than those with 

complete data. Under that hypothesis, the dataset of this study is biased towards 

understating bankruptcy probability, due to this selection criterion. However, even if this 

drawback exists, the prediction accuracy doesn’t seem to suffer (Zmijewski, 1984, p. 80). 

4.5.2.2 Accounting Data Manipulation 

Corporate scandals involving audit companies, occurred during the las decades, along 

with a number of cases associated to creative accounting and accounting data 

manipulation, indicate the danger of non-reliable accounting information.  

Creative accounting is a well-known term used for the manipulation of accounting data, 

usually within the operating regulatory framework. According to Ghosh (2009), creative 

accounting manipulates data through premature or fictitious revenue calculation, 

aggressive capitalization and extended amortization policies, misreported assets and 

liabilities, and problems with cash-flow reporting. 

The financial figures mentioned above, such as revenues and assets, are utilized by the 

prediction models we used in this study and highly affect their outcome. Consequently, 

although auditor’s responsibility to discover such cases during their control reassures for 

the opposite, the suspicion of fraudulent reporting is present for any dataset. 

4.5.3 Quasi-Complete Separation 

The quasi-complete or complete separation problem, occurs when an explanatory variable 

predicts, almost by itself, the outcome of the independent variable. Consequently, a 

specific indicator is able to separate dataset’s firms into a group of bankrupt and healthy 

(Boyle, 1996). In the case of complete separation, a variable can sharply classify firms 

into bankrupt and healthy, while in quasi-complete separation this variable can classify 

only the majority of each group.  
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The current study, used Zmijewski’s Probit regression prediction model, which among its 

variable indicators includes NI/TA ratio. As seen in the following figure, the value of this 

ration is negative for the most of bankrupt companies and positive for the most of the 

healthy ones, while a zero value seems to separate those groups effectively.  

Figure 7 – Quasi-Complete Separation of NI/TA Variable 

 

Following those observations, it seems that this variable results to a quasi-complete 

separation. The issue is that the maximum likelihood estimate doesn’t exist for variables 

exhibiting this statistical phenomenon (Allison, et al., 2004, p. 221). Also, such a biased 

variable could be able to predict bankruptcy for the whole dataset, depending on its 

positive or negative value. 

There are many ways to solve this problem, although it is not an objective of this study 

to further deepen on the development of the Probit model, but to indicate specific 

weaknesses and drawbacks that may contribute to potential biased results. 

 

5 Concluding Remarks 

This study concludes with certain findings, answering the basic questions raised in the 

introduction of this paper. Specifically, the predictive accuracy of the tested bankruptcy 

prediction models and their capability on assisting auditors with their evaluation on an 

entity’s ability to continue as a going concern. 
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5.1 Summary 

In this study, MDA, Probit and ANN models, were tested to evaluate their accuracy in 

predicting corporate failure, using financial data from 81 bankrupt and 81 healthy US 

firms. For bankrupt firms we used the last available reports (t=0) and reports from the 

period prior to it (t=-1). The outcome of our calculations, assume that the prediction 

accuracy of the tested models varies greatly between different types and time periods. 

Time period t=-1, has been examined as capable to provide a potential warning signal of 

high financial distress, while t=0 represents the basic period of investigation as it is 

strongly related to auditors going concern assessment right before the bankruptcy event.  

The results are encouraging in that the selected prediction models have the potential to 

provide with insightful information on the financial situation of an investigated firm. At 

the period t=-1, MDA and ANN classified the same percentage of bankrupt firms 

correctly with 63%, while Probit did not prove to be that accurate. On the contrary, at t=0, 

Z-Score model outperformed the two others, by predicting accurately the future of 73% 

of bankrupt firms, followed by Probit and ANN with 72% and 67% respectively. Under 

a wide perspective, MDA and ANN seem to be the most accurate bankruptcy prediction 

techniques, while Probit did not prove to be that effective. 

Commenting on the findings of the healthy firms’ dataset is crucial for the evaluation of 

the utilized prediction models, although it is not that important distinct between the two 

time periods, as there is not an event following t=0. However, specific market or non-

financial conditions, occurred at that time, may have affected firms’ financial soundness 

and in any case the examination of both periods separately can validate models’ 

performance. As for this dataset, at t=-1, Probit outperformed ANN and MDA by 

reassuring the financial soundness of 90% of the healthy firms, while the other models 

were accurate for 78% and 53% of them respectively. At t=0, ANN managed to predict 

accurately the financial position of 93% of healthy firms, along with Probit that evaluated 

83% of them as able to continue their operations.  

MDA’s performance was not satisfactory, despite the fact that its grey zone makes it hard 

for comparison to other models, as the classification characteristics of this model include 

this outcome, which is not included to any of the other models examined in this study. 

Consequently, with respect to that distinctive feature of MDA, considering firms that 

classified to the grey zone as healthy, we assume that all of the tested models are able to 
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evaluate accurately more than ¾ of the overall healthy firms’ dataset, with ANN and 

Probit performing significant outcomes, each one during different time periods. 

Our analysis shows that bankruptcy prediction models were more effective in classifying 

healthy firms correctly than bankrupt ones. A potential interpretation of that outcome 

could mean that bankruptcies do not occur only due to financial reasons but also due to 

non-financial risk factors. That assumption is confirmed by the behavior of MDA and 

Logit, at t=0 tested in the bankrupt firms’ dataset, where misclassification was almost the 

same, including grey zone in MDA. 

As a result, although we cannot suggest one of these models as appropriate for all cases, 

we show that bankruptcy prediction models are able to evaluate the financial robustness 

or distress of US firms and even predict bankruptcy events. In other words, management, 

auditors and users of financial statements can extract significant information from 

financial figures, through bankruptcy prediction models. 

Creditors, for example, have a vested interest to identify negative developments of their 

borrowers, such as stockholders that hold similar monetary concerns. Subsequently, 

regulation has given the responsibility of evaluating the financial position of a firm to 

auditors, so as to determine the ability of a firm to operate and potential dangers 

associated to this ability (Altman, 1982).  

Except from creditors, investors are also interested in relying on reassuring companies’ 

ability to operate, or be informed with an early warning on the opposite. Auditors, are 

called to play a significant role to this process, by providing their opinion on the 

assessment of an entity’s ability to continue as a going concern. As creditors and investors 

are highly interested in foreseeing an entity’s probability to fail, auditor’s opinion is a 

legitimate and reliable statement, intended to inform them on that matter. Specifically, 

auditor’s opinion is of high value for financial statement users, who find it useful as a 

warning signal for bankruptcy (Hopwood, et al., 1989). 

In order, for an auditor, to provide a going concern opinion, there are specific guidelines 

and procedures that have to be followed. Auditor’s assessment, on that matter, is not 

associated only to financial figures, but also to non-financial information about an entity’s 

ability to continue its operations. However, bankruptcy prediction literature, as well as 

the findings of this study, show that there are significant information that can be extracted 

from annual statements. Specifically, auditors could benefit from bankruptcy prediction 
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models by using them as an assisting tools to identify or confirm potential substantial 

doubts on a firm’s ability to continue as a going concern. 

Although this study cannot propose one of the tested models as effective for all cases, it 

is clear that since substantial doubt is associated to financial distress, auditors could 

include bankruptcy prediction models in their evaluation procedures, in order to seal their 

judgement and form a more accurate going concern opinion. That way, public’s 

expectations gap of the audit profession could be decreased, while public’s confidence on 

information provided by auditors would be increased. 

5.2 Suggestions for Further Research 

This study has shown that bankruptcy prediction models can extract significant 

information on an entity’s financial robustness or distress, which can benefit auditors with 

their going concern assessment. Nevertheless, future researchers could improve the 

outcome of this study or even develop further aspects associated with its objectives. 

An initial attempt to improve this study could be the elimination of drawbacks and 

limitations related to the prediction models we used. Dataset biased factors along with 

quasi-complete separation indicator are two limitations further researches can overcome, 

in order to form a more reliable prediction method. Further models can also be tested, 

using the same data sample, which could potentially bring a more accurate outcome. 

For example, a supplementary research could include market-based models and SVMs, 

or even develop a new model that could be proven to predict bankruptcy more accurately. 

Auditors, as well as management, could use specific models for particular sectors, 

depending on relevant important indicators, or a unique model that can be applied to all 

of them, except from financial, insurance and real estate sectors. 

Another example of financial distress estimation, relies on the scientific method of 

linguistic analysis, under which auditor’s opinion text or news articles associated to firm’s 

operations can be analyzed in order to evaluate their sentiment and provide knowledge 

with an alternative way, a firm’s ability to continue as a going concern. Especially for 

news articles, auditors could benefit from the information they contain, as they are 

associated to factors that could raise substantial doubts.  

Furthermore, it would be interesting to examine auditor’s opinion on companies that filed 

for bankruptcy and compare their ability to predict failure in comparison to bankruptcy 

prediction models.  
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Appendix A: Decision flowchart on going concern 

evaluation by management 

The following flowchart describes the decision process management has to follow, under 

the new Update ASU No. 2014-15 “Disclosure of uncertainties about an Entity’s Ability 

to Continue as a Going Concern” as issued by FASB (2014), in order to evaluate whether 

there is a substantial doubt about an entity’s ability to continue as a going concern and 

defining related disclosure requirements21 

 

  
                                                 
21 Reproduced from Accounting Standards Codification (ASC) 205-40-55-1. 
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Appendix B: US Firms Included in the Dataset 

 

DATASET OF BANKRUPT FIRMS DATASET OF HEALTHY FIRMS

R/N Company Name Inactive Company Date R/N Company Name

1 ABLE LABORATORIES INC Apr06 1 EMISPHERE TECHNOLOGIES INC

2 ALLEGRO BIODIESEL CORP Dec10 2 QUAKER CHEMICAL CORP

3 ALLIED DEFENSE GROUP INC Sep11 3 JARDEN CORP

4 AMERICA ONLINE LTN AMR Jun06 4 SIMON WORLDWIDE INC

5 ARMSTRONG HOLDINGS INC Dec07 5 AK STEEL HOLDING CORP

6 ASTROPOWER INC Dec04 6 STEMCELLS INC

7 AUSPEX SYSTEMS INC Mar06 7 BALL CORP

8 BEARINGPOINT INC Dec09 8 FASTENAL CO

9 BETHLEHEM STEEL CORP Jan04 9 HAVERTY FURNITURE

10 BIOPURE CORP Jul11 10 SANDERSON FARMS INC

11 BMC INDUSTRIES INC Feb06 11 INSTEEL INDUSTRIES

12 BOMBAY CO INC Sep08 12 WAUSAU PAPER CORP

13 BUILDING MATERIALS HLDG CP Jan10 13 CULP INC

14 CAGLE'S INC Nov12 14 UNIVERSAL FOREST PRODS INC

15 CARAUSTAR INDUSTRIES INC Aug09 15 CHICOS FAS INC

16 CENTRAL EUROPEAN DIST CORP Jun13 16 MERIDIAN BIOSCIENCE INC

17 CHAMPION ENTERPRISES INC May11 17 PDF SOLUTIONS INC

18 COLD METAL PRODUCTS INC Jul05 18 PHOTRONICS INC

19 COLDWATER CREEK INC Oct14 19 ALLIANCE ONE INTL INC

20 COMMERCE ONE INC Oct05 20 SEMTECH CORP

21 CONCORD CAMERA CORP May10 21 BROADVISION INC

22 CONE MILLS CORP Feb04 22 STANDARD MOTOR PRODS

23 CYGNUS INC Apr06 23 FRP HOLDINGS INC

24 DATATEC SYSTEMS INC Mar05 24 OXFORD INDUSTRIES INC

25 DURA AUTOMOTIVE SYS Jun08 25 LA-Z-BOY INC

26 EDEN BIOSCIENCE CORP Jun09 26 WINNEBAGO INDUSTRIES

27 ELECTROGLAS INC May11 27 DISCOVERY LABORATORIES INC

28 ELSINORE CORP Mar04 28 SYSCO CORP

29 ENERGY CONVERSION DEV Sep12 29 HAWAIIAN HOLDINGS INC

30 ENESCO GROUP INC Jul08 30 WHOLE FOODS MARKET INC

31 EPRESENCE INC Dec07 31 AMERICAN AXLE & MFG HOLDINGS

32 EVERGREEN SOLAR INC Jul12 32 TREDEGAR CORP

33 EXIDE TECHNOLOGIES May15 33 CARRIAGE SERVICES INC

34 FAIRCHILD CORP Nov11 34 DESTINATION XL GROUP INC

35 FEDDERS CORP Sep08 35 SMITH MICRO SOFTWARE INC

36 FLEETWOOD ENTERPRISES INC Aug10 36 SPECTRUM PHARMACEUTICALS INC

37 FLEMING COMPANIES INC Aug04 37 BON TON STORES INC

38 FLYI INC May07 38 KFORCE INC

39 FOAMEX INTERNATIONAL INC Jun09 39 ULTIMATE SOFTWARE GROUP INC

40 FRONTLINE CAPITAL GROUP Sep08 40 CONTANGO OIL & GAS CO

41 FROZEN FOOD EXPRESS INDS Aug13 41 INTEVAC INC

42 FURNITURE BRANDS INTL INC Aug14 42 LUMINEX CORP

43 GADZOOKS INC May06 43 PEREGRINE PHARMACEUTICALS INC

44 GENAERA CORP Jul09 44 ENTEGRIS INC

45 GENERAL MAGIC INC Sep02 45 GERON CORP

46 GOTTSCHALKS INC Mar11 46 ACI WORLDWIDE INC

47 GREAT ATLANTIC & PAC TEA CO Mar12 47 CERUS CORP

48 HAYES LEMMERZ INTL INC Dec09 48 ABRAXAS PETROLEUM CORP/NV

49 IBIS TECHNOLOGY CORP May12 49 CABLEVISION SYSTEMS CORP

50 INTERSTATE BAKERIES CORP Feb09 50 PTC INC

51 JACKSON HEWITT TAX SERVICE Aug11 51 UNITED GUARDIAN INC

52 LARGE SCALE BIOLOGY CORP Aug09 52 RESEARCH FRONTIERS INC

53 LODGENET INTERACTIVE CORP Apr13 53 VERSAR INC

54 MAXYGEN INC Aug13 54 EMCORE CORP

55 MEDICAL STAFFNG NTWRK HLDGS Jul11 55 AKORN INC

56 MIDWAY GAMES INC Jun10 56 PERRY ELLIS INTERNATIONAL INC

57 MILACRON INC Feb13 57 TRANS WORLD ENTERTAINMENT CORP

58 MOVIE GALLERY INC Oct11 58 AWARE INC

59 NATIONAL RV HOLDINGS INC Aug10 59 ALBANY MOLECULAR RESEARCH INC

60 NEOSE TECHNOLOGIES INC Jun10 60 ARC DOCUMENT SOLUTIONS INC

61 NEXCEN BRANDS INC Sep10 61 FALCONSTOR SOFTWARE INC

62 NORTHFIELD LABORATORIES INC Oct09 62 AXT INC

63 NUCENTRIX BROADBAND NETWORKS Jun04 63 BALLANTYNE STRONG INC

64 OILSANDS QUEST INC Aug14 64 CAMBREX CORP

65 OSCIENT PHARMACEUTICALS CORP Jul10 65 CEVA INC

66 PENN TRAFFIC CO Oct11 66 DONALDSON CO INC

67 PRICE COMMUNICATIONS CORP Aug07 67 FLOWERS FOODS INC

68 SAVIENT PHARMACEUTICALS INC Jun14 68 HEALTHSTREAM INC

69 SHEFFIELD PHARMACEUTICALS Jun03 69 INSITE VISION INC

70 SOAPSTONE NETWORKS INC Dec12 70 KIRBY CORP

71 SPATIALIGHT INC Feb08 71 MONARCH CASINO & RESORT INC

72 TENERA INC Jan04 72 NETFLIX INC

73 THQ INC Aug13 73 NIC INC

74 THREE-FIVE SYSTEMS INC Feb10 74 PENDRELL CORP

75 TL ADMINISTRATION CORP Sep05 75 SILICON GRAPHICS INTL CORP

76 TRICO MARINE SERVICES INC Feb12 76 STANDEX INTERNATIONAL CORP

77 TROPICAL SPORTSWEAR INTL CP Apr05 77 TOWERS WATSON & CO

78 TXCO RESOURCES INC Feb10 78 TRAVELZOO INC

79 ULTIMATE ELECTRONICS INC Feb06 79 VILLAGE SUPER MARKET

80 VERSO TECHNOLOGIES INC Mar13 80 DREW INDUSTRIES INC

81 VIA NET WORKS INC Oct12 81 WORLD FUEL SERVICES CORP
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Appendix C: MDA and Probit Performance 
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Appendix D: ANN Training Sample Performance 
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Appendix E: ANN Testing Sample Performance 

 

 


