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Does audit report information improve financial distress prediction over

Altman’s traditional Z-Score model?

Abstract
We analyze empirically the usefulness of combining accounting and auditing data in order to
predict corporate financial distress. Concretely, we examine whether audit report information
incrementally predicts distress over a traditional accounting model: the Altman’s Z-Score model.
Although the audit report seems to play a critical part in financial distress prediction because
auditors should warn investors about any default risks, this is the first study that uses audit report
disclosures for predicting purposes. From a dataset of 1,821 Spanish distressed private firms, we
elaborate a sample of distressed and non-distressed firms and develop logit prediction models.
Our results show that while the only accounting model registers a classification accuracy of 77
percent, combined models of accounting and auditing data exhibit considerably higher accuracy
(about 87 percent). Specifically, findings indicate that the number of disclosures included in the
report, as well as disclosures related to going concern, firms’ assets and firms’ recognition of
revenues and expenses contribute the most to the prediction. Our evidence might have relevant
implications for practice. For managers, as it highlights the importance of the audit report
disclosures for anticipating a financial distress situation. Also, for regulators and auditors, due to
the current international auditing environment, where regulation is changing worldwide in order

to increase auditor’s transparency through a more informative audit report.

Keywords: financial distress prediction, private companies, Altman’s Z-Score, audit report,

qualifications, emphasis of matter sections.



I. INTRODUCTION

The topic of financial distress has been widely studied in the literature due to its negative
consequences on both microeconomic and macroeconomic levels. Many stakeholders suffer from
the effects of a situation where a firm is dealing with financial difficulties: from the shareholders
of the business to its employees, customers, suppliers, financial institutions and the society, in
general. Although there have been numerous studies on distress prediction in the past decades, an
effort to improve the accuracy of prediction models continues to be needed (Balcaen and Ooghe,
2006; Du Jardin, 2015; Bauweraerts, 2016).

The literature on the modeling of corporate financial distress starts with the pioneer works of
Beaver (1966) and Altman (1968), which are based on financial ratios. Since then, different
approaches have been applied to improve accuracy, such as the selection of other financial ratios
(see the reviews by Bellovary et al., 2007; Tascon-Fernandez and Castafio-Gutiérrez, 2012), the
application of more complex statistical and intelligent techniques' like logistic analysis, hazard
models or artificial intelligence (reviews by Balcaen and Ooghe, 2006; Kumar and Ravi, 2007)
and the extension of traditional financial models with other variable sets like market variables
(Merton, 1974; Hillegeist et al., 2004; Hernandez-Tinoco and Wilson, 2013) and non-financial
variables (Keasey and Watson, 1987; Lussier, 1995; Laitinen, 1999; Back, 2005; Cheng et al.,
2007; Altman et al., 2010, 2015).

Studies that highlight the benefits of incorporating non-financial information in combination with
financial ratios usually supplement financial factors by variables such as firm age, type of business
and industry (Grunert et al., 2005), legal form, payment behavior, management structure
(Laitinen, 1991), or group membership (Back, 2005). This trend of research also includes auditing
data as non-financial factors. The most common examples are the type of auditor’s opinion (Flagg
etal., 1991; Altman et al., 2010, 2015; Wilson et al., 2013), the going concern opinion —generally
issued when a firm’s going concern status is in doubt— (Altman and McGough, 1974; Altman et
al., 2010), number of qualified audits (Keasey and Watson, 1987; Pifieiro-Sanchez et al., 2013),
auditor switching (Keasey and Watson, 1987; Altman et al., 2010), and auditor size and tenure
(Pineiro-Sanchez et al., 2013). However, these papers do not focus on the content of audit reports
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for anticipating financial distress (Mufioz-Izquierdo et al., 2017), and a related study of Pifieiro-
Sanchez et al. (2013, pp.168) literally suggests “improving the codification of the qualifications
to enhance the accuracy of the model”. Thus, our investigation helps to fill this gap by empirically
assessing the extent to which the combination of accounting and audit data included in the audit
report predicts financial distress. The aim of this paper focuses on whether the classification
accuracy of the Altman’s Z’’-Score model is improved by qualitative variables that represent the
content of audit report disclosures.

Starting from a dataset of 1,821 financially distressed firms, a matched sample of 808 private
manufacturing and non-manufacturing Spanish firms —404 distressed and 404 non-distressed
companies— is manually created compiling financial, audit and legal information from two data
sources: Bureau Van Dijk database (hereafter BVD)? and “Registro Publico Concursal” (hereafter
RPC)?. For the definition of a distressed firm, the occurrence of insolvency filing is adopted
(Lizarraga-Dallo, 1998; Pifieiro-Sanchez et al., 2013). This legal definition can be applied as the
current Spanish law is based on a single court proceeding. This means that the legal procedure
begins with the insolvency filing when a company is under financial distress, and the process
finishes with either the reorganization or the liquidation of the firm*. The 404 distressed firms of
the sample file for insolvency proceedings between 2004 and 2014. For the non-distressed firms’
selection, the matching procedure is done by hand, based on year, size and industry, as in prior
literature (Schwartz and Menon, 1985; Charitou et al., 2007; Knechel and Vanstraelen, 2007; Blay

etal., 2011).

In this study, the Altman’s Z’’-Score is used as the benchmark model. First, this model is chosen
because the sample consists of private companies from different industries and this is the version
developed by Altman for private and public manufacturing and non-manufacturing firms
(Altman, 1983). Second, and most importantly, the Z’’-Score is selected due to its relevance, high
recurrence and popularity in prior research. A recent study by Altman et al. (2017, pp. 133-134)
argues that “even though the Z-Score model was developed more than 45 years ago and many

alternative failure prediction models exist, the Z-Score model continues to be used worldwide as



a main or supporting tool for bankruptcy or financial distress prediction and analysis both in

research and in practice”.

Then, this paper follows with the benchmark model supplemented by audit report information
variables, examining their effect on the performance in terms of classification accuracy. Using
the audit report codification of 20 dummy variables developed in Mufioz-Izquierdo et al. (2017),
the content of the audit reports of the whole sample is extracted and manually labeled. In this
codification, three of the variables represent the type of paragraph in which the disclosure is
included (emphasis of matter section, scope limitation or GAAP? violation), and the seventeen
remaining typify the content of each disclosure. They include accounting issues as well as more
general comments made by the auditors. The complete classification will be explained in the next
sections. It is relevant to mention that such a broad investigation of audit data and, more
specifically, an analysis of the audit report information has not been presented so far in corporate

distress prediction studies (Laitinen and Laitinen, 2009a; Altman et al., 2010).

For all estimation models, logistic regression analysis is used following prior research (Balcaen
and Ooghe, 2006), and predictions are provided for a horizon of one year. Thus, the ability of
information in the period prior to filing is assessed to predict financial distress in the following
year. Due to the manual process of analyzing every audit report in detail, the horizon is not
expanded to more years. Also, prior studies demonstrate that typical accounting-based models are

useful for prediction for one or two years prior to bankruptcy (Altman et al., 2015).

Results of this paper show that the combined use of financial and non-financial factors leads to a
more accurate prediction of distress events than the single use of each of these factors. While the
evidence indicates that the predictive power of the Z”-Score model is 77 percent, the classification
accuracy improves 10 percent units (up to 87 percent) when audit report information is
considered. Interestingly, consistent with prior literature that applies samples from different
periods and countries — for example, Altman et al. (2010) using a sample of 5.8 million small and
medium-sized enterprises from UK in the period 2000-2007 —, our results highlight the benefits

of including the type of audit opinion in combination with financial ratios. Similarly, our evidence



demonstrates the reliability and significant prediction power of the disclosure in the audit report
related to going concern uncertainties. This result complements the stream of research that
examines the usefulness of prediction models for evaluating going concern (Altman and
McGough, 1974; Altman et al., 2010). Moreover, our findings also suggest that the number of
disclosures® included in the report, and disclosures related to firm assets’ valuation and firm
recognition of revenues and expenses are other audit variables that contribute to assess financial

distress.

This paper updates the current literature in several ways. First, the Altman’s Z’’-Score model is
tested on a geographically different sample (Spain) covering a recent economic period (companies
entering into a financial distress situation from 2004 to 2014). Country-specific models are less
common estimations compared to generic bankruptcy prediction studies (Cultrera and Brédart,
2016). Specifically, due to the impact of the housing bubble in the Spanish economy, the number
of corporate failures in Spain is increasing so more studies that explore potential predictors appear
to be useful. Second, most of the distress literature focuses on public and large corporations
whereas fewer studies are concerned about private firms (Peel and Peel, 1987), probably due to
the easier access to their comprehensive financial data (Cultrera and Brédart, 2016). Our paper
concentrates on private firms, contributing to this last body of research. Third, this work
contributes to the line of research that uses both financial and non-financial factors for anticipating
viability concerns. For the first time in financial distress prediction models for private companies
in Spain, the contributions of both accounting variables and audit report information variables are
examined. A unique sample is prepared manually and this study uses a recently published
codification of narrative disclosures in the audit report to analyze the audit information of all firms
in the data set (Mufioz-Izquierdo et al., 2017). The items of this codification are included as
indicators of stress. By doing so, this paper eventually determines the significant prediction ability
of the content of audit reports, and such extensive amount of auditing information has not been
earlier applied in failure studies. Fourth, the use of audit report disclosures might serve to partially

answer calls for research on what evidence auditors evaluate in the financial statements to



determine the likelihood of firm failure, requested by Carson et al. (2013). Finally, it is believed
that Spain constitutes an appropriate environment for distress assessments using audit data, as the
audit regime is less severe than in other countries and non-litigious (Ruiz-Barbadillo et al., 2004;
Arnedo-Ajona et al., 2008; Pifieiro-Sanchez et al., 2013). Then, the predictive power of auditing

information might even increase if these models are tested in more severe contexts.

II. PRIOR RESEARCH AND HYPOTHESES
1. Financial distress definition

In prior literature, different definitions of financial distress have been used because most
theoretical studies do not specify how to measure the decline of a firm’s health (Argenti, 1976;
Lukason and Hoffman, 2014). Some definitions are based on the ultimate legal consequence,
either bankruptcy in the US (Charitou et al., 2007) and creditors’ compulsory and/or voluntary
liquidation in the UK (Peel et al., 1986; Liu, 2004). However, a company does not go bankrupt
immediately, but goes through a failure process that varies considerably in length (Lukason and
Hoffman, 2014). Wruck (1990) argues that there are several stages that a firm can go through
before it is defined as dead: financial distress, insolvency, filing for bankruptcy, and
administrative receivership in order to avoid the filing (Hernandez-Tinoco and Wilson, 2013).
Then, since the first stage, the company is failing to meet its financial obligations, although this
does not inevitably lead to a bankruptcy filing.

We introduce a definition of financial distress because, when modeling financial risk, it is relevant
to consider not only the event of bankruptcy as the primary outcome but also the time when a
company fails to meet its financial obligations (Hernandez-Tinoco and Wilson, 2013). For
objectivity and accuracy purposes, we apply a narrow and legal definition of financial distress.
The date of the beginning of the insolvency legal procedure is adopted as the indicator of financial
distress (Larrinaga-Dallo, 1998; Pifieiro-Sanchez et al., 2013). With a sample of Spanish firms,
the occurrence of the insolvency event can be used as the Spanish regulation (Bankruptcy Act

22/2003 of July 9™) is based on a single court proceeding that starts when the company cannot
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pay its debts and finishes with the resolution of reorganization — if the firm is viable after legal
proceedings — or the liquidation, otherwise.
Other studies use different indicators to define financial distress (Lukason and Hoffman, 2014).
Wruck (1990) uses the time when the cash flow of a firm is not able to cover its current financial
obligations with suppliers, employees and financial institutions. Barker and Duhaime (1997)
define financial distress using different profitability measures to show the performance decline.
For Andrade and Kaplan (1998), the indicator of financial distress is the first year that a firm’s
EBITDA is less than financial expenses. Whitaker (1999) takes into consideration the first year
that a firm’s cash flow is less than current maturities of long-term debt to assess financial distress.
Thus, in prior literature accounting data is used in order to confirm financial distress i.e. whether
the distressed firms in the sample have either a negative or a positive financial condition.

2. Financial distress prediction using accounting data
Previous research has tested the usefulness of accounting variables to assess financial distress.
This common procedure is usually called the financial approach, or the usage of accounting-based
variables to detect bankruptcy (Sun et al., 2014). Under this approach, there is a lack of consensus
on variable selection (Balcaen and Ooghe, 2006). Nevertheless, the most popular prediction
model is the Altman’s Z-Score model, widely adopted in the literature (Balcaen and Ooghe, 2006;
Du Jardin, 2015; Altman et al., 2017).
The original Z-Score model includes five ratios: working capital to total assets, retained earnings
to total assets, earnings before interest and taxes to total assets, market value of equity to total
liabilities, and sales to total assets. This original model is only applicable to publicly traded firms,
as it utilizes the market value of equity. In the second version of the model, or the Z’-Score model,
the market value of equity is replaced for the book value in the fourth ratio. However, the capital
turnover ratio (sales to total assets) might derive in a potential industry effect if the sample
includes other industries but manufacturing. The model continues its evolution to the last version,
the Altman’s Z”-Score, removing the capital turnover ratio and, by doing so, eliminating the
industry effect. Thus, the Altman’s Z”-Score model comprises four ratios, considered by prior

failure research as a reliable representation of financial statement data (Scott, 1981; Laitinen,
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1991; Balcaen and Ooghe, 2006; Laitinen and Laitinen, 2009a): liquidity (working capital to total
assets), cumulative profitability (retained earnings to total assets), profitability (earnings before
interest and taxes to total assets) and leverage (book value of equity to total liabilities) ratios.

As mentioned above, Altman et al. (2017) point out that the Z-Score model is applied worldwide
as a main tool for analyzing bankruptcies both in research and practice. In the review of research
by Bellovary et al. (2007) that traces the literature on bankruptcy prediction from the 1930’s, it is
suggested that multivariate discriminant analysis is one of the most promising methods for
modeling distress, which was the analysis developed by Altman (1968). Moreover, they find that
three of the top-ten ratios used in the literature of bankruptcy prediction belong to the Z”-Score
model. These ratios are working capital by total assets, retained earnings by total assets and
earnings before interest and taxes by total assets, and they are positioned in the ranking of most
frequently used ratios in the third, fourth and fifth position, respectively. Similarly, Altman and
Sabato (2007) choose to use the fourth ratio of the Z”’-Score model due to its predictive power.
In recent studies, the efficacy of the Z”-Score model has been tested. In the international work of
Altman et al. (2017), they suggest that the model performs reasonably well for most countries.
The classification performance, assessed by the AUC (Area under the Receiver Operating
Characteristics Curve), is fair for Spain (an AUC of 0.734), which is approximately average
accuracy. The current paper uses the last version of the model (the Z”-Score) because the sample
contains Spanish, private, manufacturing and non-manufacturing companies (Altman, 1983), and

the results validate the ones obtained for Spain in the international study.



3. Financial distress prediction using auditing data

Many different approaches have been adopted to improve the accuracy of distress assessments,
such as the application of different methodologies, the use of longer term processes in the
prediction, and the selection of other types of variables like market data or non-financial variables
(Altman et al., 2015). The majority of empirical papers focus on listed companies because the
development of risk models for private companies is obviously limited by data availability, as
market data is not available (Altman et al., 2010). Also, in the case of private companies, Balcaen
and Ooghe (2006) point out the importance of supplementing accounting ratios by non-financial
information, as annual financial statements might not be very reliable and stable over time.
Similarly, Altman et al. (2015) suggest that the reliability of financial variables, especially for
small and medium enterprises, is low because of instability and window dressing due to earnings
management. Then, it seems that the financial statements of private firms might be combined with
other data sources to complement their deficiencies and obtain a more accurate prediction.
Altman and Sabato (2007) propose that prediction accuracy may be improved by the use of
qualitative information. The use of non-financial variables in prediction models has been well
documented since Keasey and Watson (1987). Maltz et al. (2003) offer support for the inclusion
of non-financial variables to assess default prediction. Testing 15 non-financial variables, Lussier
(1995) indicates that the company’s internal information related to its planning, advisoring,
education and staff characteristics represent accurate predictors of failure for small companies.
For credit risk estimation of Finnish companies, Laitinen (1999) uses a total of 35 variables, and
16 of them are non-financial variables related to characteristics of the firm: age, industry, payment
behavior, management and legal structure, as well as inquiries about the firm in credit information
bureau (Altman et al., 2015). Later, a reduced number of factors are applied in the study of Back
(2005), such as the ones related to age, size, and group membership, and the results suggest that
the number of payment delays was the variable with the highest predictive ability.

One category of non-financial variables is the one related to the auditing field. It is commonly
accepted that the auditing profession guarantees the reliability of financial statements. Auditors
should identify any potential signals of financial distress to warn investors and other users of the
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audit report of any possibility of failure (Mutchler, 1984; Lennox, 1999). As the audit report is
the sole communication mechanism between the auditor and all interested parties, it should inform
about any concerns or misstatements found in the annual accounts, so it can be considered as data
to be included when assessing financial distress. Prior evidence concludes that audit data do signal
useful incremental information about financial distress (Keasey and Watson, 1987; Hopwood et
al., 1989; Flagg et al., 1991; Cheng et al., 2007; Altman et al., 2010; Pifieiro-Sanchez et al., 2013).
The audit opinion has been the most studied audit variable in prior failure literature (Keasey and
Watson, 1987; Hopwood et al., 1989; McKee, 2003; Kim et al., 2008; Laitinen and Laitinen,
2009b; Altman et al.,, 2010; Altman et al., 2015), and the most commonly studied audit
qualification relates to the going concern (Altman and McGough, 1974; Flagg et al., 1991). This
might be due to the direct impact of standards related to this decision, as well as its seriousness,
as it implies that the company may not continue to exist in the foreseeable future (Mutchler, 1985;
ISA, 570; SAS, 59). The seminal work of Altman and McGough (1974) was the first one to
examine the usefulness of financial distress models for assessing going concern, that is, for
evaluating if a firm was presumably not going to remain in business in the following period. Using
a matched sample of 33 bankrupt and 33 non-bankrupt US public firms, their results suggested
that a failure prediction model was more than 80 percent accurate when forecasting bankruptcy
filings, in comparison with auditors’ going concern assessment of 46 percent accuracy (Kuruppu
et al., 2003). Later on, Altman et al. (2010) extend the study of the going concern opinion to other
opinions, supporting that other severe qualifications, as well as the going concern, have high
predictive ability and firms are more likely to fail since the auditor is questioning its viability.
Our paper goes deeper into the content of the disclosures included by auditors in their reports,
both in qualifications and in emphasis of matter paragraphs. Not only do we analyze the type of
opinion but also the financial elements or other circumstances that drive the opinions, which are
mentioned by auditors in those paragraphs. Therefore, we contribute to the existing literature on
this matter by adding to the failure prediction other opinions apart from the going concern, as well
as the content of the explanations of those opinions highlighted by auditors in emphasis of matter
and qualification paragraphs.
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Other recent prediction papers argue for a combined approach testing both accounting and
auditing data (Altman et al., 2010; Pificiro-Sanchez et al., 2013). Keasey and Watson (1987) add
variables specifically related to the auditing field to general non-financial variables, such as age,
managerial structure and the date of submission of annual accounts, others. They test the
importance of the unqualified/qualified opinion and the change of auditor, concluding that a
combined model marginally make better predictions than models with financial variables or non-
financial data only. A similar stream of research is followed by Flagg et al. (1991), who include
the going concern auditor’s opinion together with other financial and non-financial variables,
finding the highest predictive power in a model that combines financial data with the going
concern opinion and the information about a reduction of dividends. Later on, Cheng et al. (2007)
show that the auditor switching is a significant attribute to predict failure. The predictive power
of other auditor characteristics is studied by Pifieiro-Sanchez et al. (2013). They find that auditor
rotation, qualified reports and non-compliance with deadlines regarding approval and filing of the
financial statements present relevant differences between distressed and non-distressed firms.

Despite the focus on the audit opinion in failure prediction literature, as previously seen, studies
that examine the effects of the content of audit reports in failure prediction are still scarce. Not
only the final audit outcome should matter for predicting purposes, but also any comments
contained in the audit report might represent relevant signals regarding the likelihood of future
viability of the firm (Blay, 2005; Bauer, 2015). Thus, any disclosures mentioned in the report —in
the form of emphasis of matter sections or qualifications—, represent concerns for the auditor and
might be considered variables to be included in failure prediction studies. Pifieiro-Sanchez et al.
(2013) encourage researchers to improve the codification of the qualifications in order to enhance
the accuracy of predicting financial distress. Our work contributes to this stream of research
because we assess financial distress using a combination of accounting data (summarized in the
Altman’s Z’’-Score) and an extensive amount of qualitative data from the audit report, that is, the
audit opinion, the number of disclosures included in emphasis of matter paragraphs and

qualification paragraphs and the content of those disclosures.
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It seems that there is not a commonly used classification of the content of audit reports in the
literature yet (Firth, 1978; Del Brio-Gonzalez, 1998; Sanchez-Segura, 2000; Ruiz-Barbadillo et
al., 2002; Herbohn and Ragunathan, 2008; Laitinen and Laitinen, 2009a; Mufoz-Izquierdo et al.,
2017). Firth (1978) classifies qualifications into seven categories: general, going concern, asset
values, subsidiary’s audit, SSAP’, SSAP and concur, and continuing qualifications. Firth (1978)
studies the impact of qualifications on investment decisions, finding that some information
content of qualified audit reports on published accounts have a significant effect on those
decisions, such as qualifications regarding going concern and asset valuation. Del Brio-Gonzalez
(1998) provides evidence on the effect of qualified audit reports on shares prices, suggesting that
markets do not systematically react to qualifications in general, but a downward adjustment is
shown when the auditor issues a “non-true and fair” qualification. A more simplified classification
of qualifications is presented in this study, divided into going concern, assets and liabilities, result
of the period and uncertainties and contingencies. Sanchez-Segura (2000) codifies the comments
in terms of seriousness (from very severe to low severity). Her results suggest the presence of a
solid relationship between the delay in signing the report and the existence of qualifications, and
show that the more serious the qualification is the greater the delay. Additionally, Ruiz-Barbadillo
et al. (2002) extend this classification, adding qualifications that are “evitable” and “inevitable”.
This study finds that the auditor’s attitude has no influence on the quality of the accounting
information. Herbohn and Ragunathan (2008) simplify the classification using types of opinion —
“except for (going concern)”, “except for (other)”, “subject to” and “inability to form an opinion”
— and emphasis of matter section. According to Herbohn and Ragunathan (2008), there seem to
be no evidence of earnings management leading to an audit opinion modification. However, they
show that firms receiving inherent uncertainty modifications, or modifications other than going
concern, have greater persistence of earnings accruals relative to other firms. A more recent work
addresses the contingency effects of accruals on default assessment (Laitinen and Laitinen,
2009a). They use a codification of 10 audit outcomes related to the report (unmodified, not
submitted or unclear), to remarks (on equity, on administration, and on balance sheet items

valuation), to financial statements (with misstatements or not in accordance with the regulation)
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and to the liquidation proposal. They find that absolute accruals moderate audit report
information, so the more accruals, the more important the information is. With a sample of Finnish
firms, they obtain some remarks to be incremental explanatory variables of payment default
prediction. In their study, the most relevant audit data are unmodified opinions, remarks on equity,
and claims not in accordance with the companies’ act. Another recent paper that classifies the
content of audit reports is Mufioz-Izquierdo et al. (2017). They examine the effect of a 20-item
codification on several features of the auditor and the audited firm, finding evidence of significant
differences depending on auditor size, industry and financial condition of the audited firm, the
quarter on which the court order is imposed and the legal procedure resolution.

Thus, it is clear that the classification of the content of audit reports is not consistent in the
literature. The existing ones depend on the specific purpose of each research conducted, and none
of the classifications are built with the purpose of predicting financial distress, combining the
codification of the audit report information with financial data. With the aim of modeling distress,
this paper makes use of Mufioz-Izquierdo et al.’s (2017) codification because it extends prior
classifications and it is developed from a dataset of audit reports issued in the year before
insolvency proceedings. As it seems that the majority of auditors’ concerns will be issued at this
time, this assures a thorough and complete codification, as well as it suits with the purpose of this
work.

In addition, it is already verified that financial statements do not include all the information that
is relevant to predict distress, and non-financial variables and, more precisely, audit variables, are
likely to complement this deficiency. Then, it is expected that the incorporation of audit report
disclosures into an accounting prediction model will provide incremental information regarding
financial distress, so hypothesis one (H1) is proposed:

H1: The combined use of the Altman’s Z’’-Score model and the number of audit report disclosures
leads to a more accurate prediction of distress events in the year prior to insolvency proceedings
than the single use of the Altman’s Z’’-Score model.

To test this hypothesis, disclosures are measured using Mufioz-Izquierdo et al.’s (2017)
codification (see section 3 for details). In H1, the incremental predictive value of a non-financial
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variable (the number of audit report disclosures included in every report) is solely examined. The
content of disclosures is tested in hypothesis two (H2).

Similarly, for a reliable prediction model, it is essential to use not only a combination of
accounting variables and number of audit report disclosures, but also the content of those
disclosures (Firth, 1978; Del Brio-Gonzalez, 1998; Sanchez-Segura, 2000; Herbohn and
Ragunathan, 2008; Laitinen and Laitinen, 2009a). It is predicted that the accuracy to explain
corporate financial distress will increment when combining financial data with the content of
audit report disclosures. Therefore, the next hypothesis follows (H2):

H2: The combined use of the Altman’s Z’’-Score model and variables based on a classification
of the content of the audit report disclosures leads to a more accurate prediction of distress events
in the year prior to insolvency proceedings than the single use of the Altman’s Z’’-Score model.
When building financial risk models, the incorporation of auditing data that captures the content
of the audit report prior to insolvency legal proceedings is important in three main aspects. First,
it adds information about the concerns that auditors express in the report in those critical moments
when the viability of the company will be in danger. Second, such variables represent the quality
of accounting data used in prediction distress, as the purpose of the external auditing is to ensure
that the true and fair view of the company is shown in the financial statements. Third, auditing
data contributes to accounting figures as annual financial information might not be very reliable
for companies under financial difficulties. Overall, in the case of private companies, Balcaen and
Ooghe (2006) point out the importance of supplementing accounting ratios by non-financial data.
In summary, as stated before, there are few papers that have incorporated auditing data to default
prediction and, more precisely, the information contained in the audit report, so this paper might
be a contribution to this line of research. Additionally, most of the literature on distress prediction
does not focus on private clients and a very limited amount of non-financial information is
analyzed and used for modeling purposes, so this study is the first one to assess financial distress
for private companies in Spain, combining both accounting variables and audit variables related

with the content of audit reports.
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III. METHODOLOGY

1. Sample

The sample comprises 404 Spanish private firms under financial distress during the period 2004-
2014 and a control sample of 404 financially non-distressed firms, matched by year, size and
industry. In the present study, the data for the fiscal year prior to the distress situation is used and
a legal definition of financial distress is followed, as in prior literature (Pifieiro-Sanchez et al.,
2013). This study considers a company to be under financial risk in the moment when court
proceedings begin. As explained in the previous section, there is a single court procedure in Spain
that starts when the insolvency request is presented to the judge because the company cannot pay
its debts, and ends with the reorganization or the liquidation of the firm (Camacho-Mifiano et al.,

2015).

The initial sample consisted of 1,821 firms that represent the universe of firms in the BVD
database that had started insolvency proceedings as of January 31%, 2015. Thus, for a firm to be
included in our sample, its proceedings must be ongoing as of the end of January 2015, regardless
of the date on which the process began. Additionally, firms must be audited, registered in the RPC
and with enough financial and audit data available in the BVD database to run the analyses. After
filtering the dataset manually and excluding 1,417 firms (see Table 1), the final distressed sample
consists of 404 firms®. Following standard practice, financial institutions were removed from the
sample, as they deal with different regulatory requirements, and their structural characteristics
differ considerably from those of other firms (Charitou et al., 2007). The 404 distressed firms
were matched based on size (total assets, to the extent possible), industry (4-digit NACE?® codes)
and year (data from the same year). This matching procedure follows prior studies (Schwartz and
Menon, 1985; Knechel and Vanstraelen, 2007; Carey et al., 2008; Blay et al., 2011). For the
analyses, from the total dataset 75 percent of observations are randomly selected for estimation
purposes (estimation sample), whereas the 25 percent remaining are used to validate the

classification results (test sample). Sample selection criteria are summarized in Table 1.
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[Insert Table 1 here]

We report the characteristics of the final sample in Table 2. In Panel 1 we show the filing years
of the 404 distressed firms. Whereas all filings occurred between 2004 and 2014, only 4 firms
filed for bankruptcy before 2008; that is, our results are not significantly affected by the global
financial crisis as most of the filings occurred after the crisis. We decide to leave all firms with
ongoing proceedings as of the date of the data extraction (January 31%, 2015) because the period
covered by the sample (2004-2014) is very appropriate for this study, as the Spanish Bankruptcy
Act 22/2003 of July 9 came into effect in 2004, and changes to the new audit reporting regulatory
changes started in 2015'°. According to the NACE classification, we divide the sample into five
industry categories in Panel 2 of Table 2. As per the matching process, there is obviously the same
number of firms in each category. Therefore, there are no differences in the distribution of
industries between distressed and non-distressed firms. Not surprisingly, the majority of firms
belong to the construction and real-estate industry (35 percent), due to a substantial impact of the
housing bubble in Spain after the global financial crisis. These firms are followed by
manufacturing (27 percent), commercial (20 percent) and services companies (17 percent), which
are also representative in the sample. In Panel 3, regarding age, the average for the total sample
is 23 years, meaning that firms have experience on their markets. The median is 19 years for the
distressed sample and 21 for the healthy firms. According to the Kolmogorov-Smirnov test, the
sample does not follow a normal distribution for age. Then, the non-parametric Mann-Whitney U
two-sample test is used to prove the null hypothesis that distressed and non-distressed firms are
the same population with respect to age. In Panel 4, the size dimension shows an average of 84
million euros in total assets. Due to the matching selection criteria, there are no statistically
significant differences in the distribution between distressed and non-distressed groups. As per
the Kolmogorov-Smirnov test, the sample does not follow a normal distribution for size, so
applying the Mann-Whitney U two-sample test it is verified that distressed and non-distressed

firms are the same population with respect to size.

[Insert Table 2 here]
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2. Logistic regression analysis and variables

The logistic regression methodology is the statistical method adopted to test the hypotheses
drawn. This methodology is commonly applied in distress studies, as it seems to fit well with the
characteristics of the default prediction issue (Ohlson, 1980; Laitinen and Laitinen, 1998; Balcaen

and Ooghe, 2006; Acosta-Gonzalez and Fernandez-Rodriguez, 2014).

For all the estimation models presented, we define DISTRESS as the dependent variable.
DISTRESS is a dummy variable that equals 1 if a firm enters into insolvency proceedings and 0
otherwise. A binary variable is commonly used as the dependent variable in the default literature
(Luoma and Laitinen, 1991; Laitinen, 1999). We define financially distressed firms as those who
have started legal proceedings, because this is an objective moment that legally represents that a
firm cannot pay its financial obligations. This leads to a legal, objective and narrow definition of
financial distress previously used in the literature (Lizarraga-Dallo, 1998). In Spain, insolvency

proceedings are single procedures that end with either the survival of firms or their liquidation.

The financial distress predictors or independent variables are summarized in Table 3. For their
calculation, we extracted data from the BVD database. We report the independent accounting
indicators in Panel 1. The accounting variables are taken from the Altman’s Z”-Score model due
to its current usage, popularity and efficacy according to prior literature (Altman, 1983; Balcaen
and Ooghe, 2006; Bellovary et al., 2007; Altman et al., 2017). This model is composed of four
financial ratios: working capital to total assets (WCTA), retained earnings to total assets (RETA),
earnings before interest and taxes to total assets (EBITTA), and book value of equity to total
liabilities (BVETL)'. WCTA is a liquidity ratio that expresses the value of net current assets of a
firm over total assets, and a decrease might represent a signal of viability problems, so firms with
low liquidity are expected to be more financially distressed than firms with no liquidity issues.
RETA displays the cumulative profitability as a proportion of total assets. As noted in prior
studies, profitability is negatively linked to bankruptcy, so a negative correlation between this
long term profitability measure and bankruptcy is expected. The ratio of earnings before interest

and taxes to total assets (EBITTA) shows how productive a firm is in generating earnings before
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deducting interest and taxes, so a decline might indicate the existence of financial distress
concerns. Thus, a lower profitability is hypothesized when firms are under financial distress.
According to prior research, the return on assets ratio appears to be the most powerful predictor
(Altman et al., 2017), as it continually outperforms other measures in assessing the risk of failure.
Book value of equity to total liabilities (BVETL) captures leverage or capital structure. Shrinkages
in this measure might be warning signs for financial difficulties, as it is expected that the
distressed sample to be highly leveraged. BVETL measures if the value of equity gets lower than

total debts with external parties.

This study also explores the bankruptcy predictive ability of external audit information, selecting
the following audit explanatory variables: audit opinion (AUOPI), sum of disclosures in each
audit report related to accounting variables (ACCOM), and sum of disclosures about general or
environmental circumstances (GRALCOM), such as regulatory issues. Their definitions are
summarized in Panel 2. The audit opinion (AUOPI) is a binary variable that takes the value of 0
if the opinion issued is unqualified, and 1 if it is qualified. On the one hand, an opinion is
unqualified when the auditor determines that financial statements give a true and fair view in
accordance with the reporting framework used for the preparation of the annual accounts. On the
other hand, the auditor issues a qualified opinion if any significant modification or reservation is
found in the financial statements. Thus, a qualified report is issued (i) when the financial
statements are materially misstated in a particular account balance, class of transaction or
disclosure that does not have pervasive effect on the financial statements, or (ii) when the auditor
is unable to obtain evidence regarding balances, transactions or disclosures without pervasive
effect on the financial statements. Additionally, auditors might also include emphasis of matter
paragraphs when it is necessary to indicate significant uncertainties but disclosed appropriately
in the notes to financial statements. These paragraphs do not qualify the auditors’ opinion'2. For
the estimation models, an increase in the prediction power is expected once the audit opinion is

considered and combined with accounting data, as prior evidence (Altman et al., 2010). Moreover,
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we also expect the likelihood of failure and the qualified opinions to move towards the same

direction, so that a qualified opinion will lead to a financial distress situation.

The sum of disclosures related to accounting variables (ACCOM) is a categorical variable that
takes the value of 1 if the report mentions one comment regarding accounting issues, 2 if it
contains two comments on this matter, and so on. The indicator is zero if there are no comments
about accounting elements. The impact of the content of audit reports is very scarce in the
literature. However, we expect that the number of accounting comments highlighted by the
auditor provides incremental information regarding financial distress, as the report is the only
mechanism available for the auditor to communicate any concerns about possibilities of failure.

Disclosures included under this variable are represented in Table 4.

The sum of disclosures related to general or environmental circumstances, such as regulatory
issues, is represented in the variable GRALCOM. This is a categorical variable that takes the value
of 0 if there are no comments on this matter, 1 if one comment of this nature appears, 2 for two
comments, and so on. We predict an increase in forecasting financial distress if the number of
comments regarding the environmental context rises, as those will affect the company’s financial

condition and its viability. Disclosures summarized under this variable are contained in Table 4.

[Insert Table 3 here]

In order to test the predictive ability each audit report disclosure separately, we incorporate them
to the estimations as independent indicators, using a recent classification in the literature (Mufoz-
Izquierdo et al., 2017). This codification consists of 20 dummy variables, detailed in Table 4, that
capture all possible audit report disclosures. In general, it is reasonable to assume that audit report
disclosures will represent a signal of viability concerns, so those comments will provide

incremental power for predicting bankruptcy.

The codification arranges the 20 items according to three categories: the type of paragraph or
location in which disclosures are included, the accounting elements commented, or other

circumstances that the auditor points out. There are 3 items in the first category (paragraph or
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location): emphasis of matter, modification due to a scope limitation, and modification due to a
GAAP violation. The second category includes 12 items, regarding the accounting elements
mentioned in the audit report. They are all related to assets (non-current and current), liabilities
and contingencies, results, working capital information and data omission in the annual accounts.
The last section or category has 5 items that underline the importance for auditors to mention
external or environmental circumstances that may lead to a situation of financial distress in a firm.
Those items contain information regarding regulatory issues, the market in which the firm
operates, and signs that the company may not be able to pay its financial obligation in the current
future. These are disclosures about going concern, about the company putting in practice a
management plan to solve the financial situation or the firm starting legal proceedings. As per the
above, it is reasonable to assume that a relevant number of audit report disclosures will represent

increasing signals of viability concerns.

[Insert Table 4 here]
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IV. RESULTS

1. Summary statistics

Summary statistics are reported for the accounting and auditing variables included as financial

distress predictors in the logit models (Tables 5 to 7).
[Insert Table 5 here]

Descriptive statistics of the four ratios that compose the Altman’s Z’’-Score model are shown in
Table 5. To control for extreme values, these variables are winsorized to the first and 99
percentile. Consistent with prior studies, both mean and median for all ratios are lower for
distressed than for non-distressed firms (Altman et al.,, 2017). Thus, as expected, financial
predictors for firms facing insolvency proceedings in the subsequent year differ from financial
predictors for healthy companies. At the p-level of 1 percent, all these differences between the
two groups are statistically significant as per the non-parametric Mann-Whitney U two-sample

test.

Firms dealing with viability concerns show lower level of liquidity, cumulative profitability,
periodic profitability and lower equity to total debt. Whereas distressed firms have negative
liquidity (mean WCTA is -9 percent), non-distressed companies show positive results (24 percent).
Firms under financial distress have lower retained earnings as a percentage of total assets (mean
RETA is -10 percent versus 30 percent) and the average return on assets (EBITTA) is also lower
for distressed firms (-17 percent versus 2 percent) meaning that they regularly report very low
earnings. Finally, it is interesting to mention that the value of equity over total liabilities presents
an important gap from distressed to healthy firms (mean BVETL is 28 percent versus 173 percent).
Overall, this univariate evidence is consistent with the expectation that firms with poorer

economic performance are more likely to face financial distress.

The descriptive statistics for the audit explanatory variables are reported in Tables 6 and 7.
Regarding auditor size (Table 6 Panel 1), the most common auditor in the overall sample is a

small-sized firm (58 percent of the 808 observations), followed by Big 4 auditors (24 percent),

22



individual auditors (14 percent) and medium-sized firms (4 percent). Using the Chi-Square
statistic, significant differences in the distribution of auditor size appear between distressed and
non-distressed firms (p-value of 0.004). This indicates that the auditor’s election by companies
from the same industry and with the same value of assets differs depending on their financial
condition. While big-sized auditors are more frequently hired by healthy firms, distressed

companies prefer to be audited by smaller firms.

The univariate evidence on audit opinion (Table 6 Panel 2) shows the predictable differences
between distressed and non-distressed firms, statistically significant at the p-level of 1 percent. In
the distressed sample 55 percent are qualified opinions and there are 18 percent of qualified
reports in the non-distressed group. This result indicates that many distressed companies in the
sample did not receive any qualifications in the year prior to insolvency proceedings. This is
known as Type II error or a false negative (Hopwood et al., 1989; Laitinen and Laitinen, 1998;
Knechel and Vanstraelen, 2007; Carey et al., 2008). Type I error (or a false positive) is very rare
in the sample. A Type I error appears when a firm receives a going concern modification but
remain viable in the subsequent period. Although there are many qualified reports for non-
distressed firms (18 percent of the non-distressed sample), only 14 are going concern
qualifications (for more details see Table 7). Thus, this suggest that it is more common to see
failed companies that did not receive a modified opinion prior to failure, or a Type II

misclassification, which is more costly than a Type I error (Hernandez-Tinoco and Wilson, 2013).

Turning to the content of audit reports (Panel 3 Table 6), the variable ACCOM represents the
number of comments mentioned by auditors regarding issues with financial statements. As
predicted, they are more frequent in distressed companies with very significant difference (p-
value of 0.000). Similarly, the sum of environmental disclosures in the audit report (GRALCOM),
such as a general decline of sales in the market in which firms operate, a regulatory reform, or the
beginning of court proceedings, shows a very significant difference between both groups (p-value

of 0.000), appearing more regularly in distressed firms. Nevertheless, it is noticeable that some

23



auditors did not disclose any comments (77 and 205, for accounting and environmental

comments, respectively) for distressed companies.

[Insert Table 6 here]

In Table 7, the contingency table of the codification of audit report disclosures is reported. At the
p-level of 1 percent, all the variables differ between distressed and non-distressed firms, meaning
that differences on disclosures between groups are very significant. Not surprisingly, the
frequency is higher for distressed firms, due to the fact that they represent emphasis of matter and

modification paragraphs.

In particular, it is found that the most frequent type of paragraph is the emphasis of matter
(EMPHA). 50 percent of distressed reports include this section, whereas it is present in 18 percent
of cases where distress does not subsequently occur. As a matter paragraph does not modify the
audit opinion, this result suggests that unmodified reports are more frequent in the study (see also

Panel 2 of Table 6, for the audit opinion).

In the sample, modified audit opinions are separated into modifications due to scope limitations
(SCOPE) and GAAP violation (GAAPV). We find that about 36 percent of firms dealing with
financial issues in the subsequent year have a scope limitation, and 25 percent contain a GAAP
violation. These percentages decrease substantially in healthy firms. This result allows us to
conclude that modified opinions appear in financially distressed firms more frequently than in
healthy ones. This goes along with the idea that modified opinions provide signals of financial

risk (Altman, 1984; Blay et al., 2011).

For distressed firms, the comments that appear the most regarding elements of the financial
statements are associated with accumulated losses, short-term and long-term investments. Their
high frequency relies on the idea that accumulated losses are only mentioned by auditors when
the failure of the company is completely clear, as they do not normally provide unwarranted
modified opinions (Geiger et al., 1998; Carey et al., 2008; Carcello and Neal, 2003). Audit report

disclosures about financial investments are also more frequent in bankrupt firms, as profitability
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is mentioned by auditors when companies face significant warning issues. Added to this, in
prediction models based on accounting-based ratios, the return on assets ratio is the most accurate
bankruptcy predictor (Altman, 1968; Altman, 1983), so that this confirms the important value of

comments on investments.

The highest number of remarks about general circumstances affecting a default company is 187
disclosures and they are related to comments about going concern (GC) uncertainties. This
evidence means that in 45 percent of cases, auditors issue a going concern opinion to a distressed
firm. Predictably, going concern qualifications only appears 7 times in non-default companies.
This result is consistent with the evidence found by Altman and McGough (1974). Even though
this paper is from a different era of financial reporting and uses a smaller sample of US firms,
they showed auditors’ going concern assessment of 46 percent accuracy'’. Interestingly, this
means that nearly half of the auditors highlight important viability concerns when financial
distress subsequently occurs. This evidence clearly anticipates the relevance of disclosures about
viability uncertainties as predictors of financial distress. Thus, as mentioned above, the sample
then provides evidence on audit reporting misclassifications. Despite the few cases of non-
distressed companies that do receive a going concern modification (Type I misclassification), it
is more common to see failed companies that did not receive a modified opinion prior to financial

distress (Type Il misclassification).

A remark associated with the firm entering into insolvency proceedings (/NPROC) does not
appear in healthy firms. Results show that 23 percent of risky firms contain this comment in the
report, pointing out that those companies entered into voluntary legal proceedings. This finding
is coherent with the usual practice of filing for bankruptcy protection in Spain, in order to avoid
criminal responsibility in imminent bankruptcy situations (Pozuelo-Campillo et al., 2010; Pifieiro-

Sanchez et al., 2013).

Finally, by this univariate analysis significant differences have been identified between distressed
and non-distressed firms regarding audit report information. As the predictive ability of a detailed

classification of the content of audit reports has not been tested so far in financial distress studies,
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this work incorporates the audit opinion (AUOPI), the sum of disclosures (ACCOM and
GRALCOM) and the 20-item codification of audit report disclosures to the logit estimation

models.
[Insert Table 7 here]
2. Pearson correlations

In Table 8, we provide Pearson correlation coefficients among accounting and auditing indicators,
and p-values represent the probability of observing these coefficients. In general, results confirm
that correlations between the explanatory variables are significant but relatively low. The highest

correlation is found between the profitability ratios (RETA and EBITTA).

In addition to the correlation matrix, we also present multicollinearity diagnostic tests of
Tolerance Values (TOL) and Variance Inflation Factors (VIF). The multicollinearity problem
appears when there is linear dependency among the independent variables. This may indicate that
the coefficients estimated are not reliable. Although there is not a formal criterion to establish a
VIF threshold, it has been generally accepted that VIF should be lower than 10 to demonstrate
that collinearity is not significant (Neter et al., 1989; Hernandez-Tinoco and Wilson, 2013). Our

results show that there are no multicollinearity issues, as VIF are under 3,
[Insert Table 8 here]
3. Logistic regression models

Moving to the multivariate analyses, logit models of financial distress probability are presented
in Table 9, and their performance measures and classification accuracy are shown in Table 10.
We develop four main models (Models 2 to 5) for predicting financial distress to study the
contribution of auditing indicators to the predictive accuracy of a traditional model based on
financial statement ratios, the Altman’s Z’’-Score model (Model 1). The models estimate the
probability of financial distress in the year prior to observing this situation. They examine the
predictive ability of each variable (accounting ratios and auditing information) and provide

evidence about the variables that best discriminate between distressed and non-distressed firms.
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Model 1 represents the baseline model or the Altman’s Z’’-Score model tested in the sample.
Models 2 to 5 are the combined models of accounting plus auditing information. In addition to
the accounting ratios of the Altman’s Z’’-Score model, they all incorporate different audit
variables. Model 2 includes the audit opinion (4UOPI). Model 3 substitutes the opinion by the
types of paragraphs included in the report: emphasis of matter (EMPHA), scope violation
(SCOPE) and GAAP violation paragraphs (GAAPV). As per the codification of audit report
disclosures, these variables represent items 1-3 (Mufioz-Izquierdo et al., 2017). Model 4
complements the accounting ratios with the two variables that represent the sum of all disclosures
in each report related to accounting variables (ACCOM) and to environmental circumstances
(GRALCOM). Finally, the auditing information in Model 5 are the 17 variables remaining in the
classification, the ones that represent the content of disclosures: 12 variables related to accounting
elements mentioned and 5 variables that contain environmental circumstances also pointed out

by auditors (Mufioz-Izquierdo et al., 2017).

The results of the Altman’s Z’’-Score logit model appear in the second column of Table 9.
Liquidity, profitability and leverage coefficients are negative, which conform to the predictions
and to the findings of prior failure research (Altman et al., 2017). These results imply that financial
distress likelihood decreases in liquidity, profitability, and leverage. However, the cumulative
profitability ratio does not appear to be significant, which indicates that this ratio does not possess
a high discriminating and predicting power. The insignificance of the cumulative profitability
ratio (RETA) can be explained by the fact that the greater part of private firms in the sample are
small so that the equity ratio (BVETL) already mainly reflects the accumulated profits (see also

Table 8 for Pearson correlations between RETA and BVETL).

In the performance measures of Model 1 (second column of Table 10), the Nagelkerke R Square
is 44 percent, which shows a moderately high strength of association. However, this measure (as
well as the Cox & Snell R Square) is only presented to make comparisons easier, but its
interpretation should be treated with caution, as it does not have the same meaning for logit

regressions as it has for ordinary least squares regressions (Hernandez-Tinoco and Wilson, 2013).
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The classification accuracy of the model is measured by the AUC, which is the “Area under the
Receiver Operating Characteristics Curve” and represents an appropriate and direct measure of
the predictive accuracy of models estimated using logistic regressions. The classification accuracy
of the model is very adequate because the AUC equals 0.861. In the test sample, the model
classifies correctly about 78 percent of the total sample, being 65 percent the correct classification
of distressed and increasing to 92 percent for healthy firms. This higher percentage in the non-
distressed group is also common in other studies (Altman et al., 2017). Thus, evidence indicates
that 35 percent of distressed companies may share financial ratios results with non-distressed
companies. Despite the sufficient classification ability of the model, the Hosmer & Lemeshow
test statistic is significant (p-value of 0.000), suggesting that this logit regression does not fit very

well with the data.

The first model that mixes two data sources is Model 2 (third column of Table 9). In this model,
all independent variables are negative and significant, with the exception of the cumulative
profitability ratio (RETA), as it happened in Model 1. As noted by the model summary tests (third
column of Table 10), this combination of financial ratios and audit opinion registers moderate
strength of fit (a Nagelkerke R-square of 52 percent). The Hosmer & Lemeshow test is not
statistically significant (p-value of 0.188), which indicates a very high goodness of fit with the
data, improving the results from Model 1. This model classifies correctly about 75 percent of
firms in the test sample, with a classification performance of 0.878 (AUC), increasing the overall
accuracy of Model 1. Interestingly, the classification accuracy of this model that includes the audit
opinion is very similar to the one obtained by Altman and McGough (1974). Using completely
different samples (808 Spanish private firms with 404 that entered bankruptcy proceedings during
2004-2014, and 66 US public firms with 33 bankrupt from 1970-1973), both studies build models
that suggest a success in predicting bankruptcy filing of around 70 to 80 percent. Finally, although
the AUC slightly increases compared to Model 1, the percentage of firms correctly classified does
not improve. It might be due to high correlation between the audit opinion and the other variables,

so this fact might be disruptive for the model accuracy (Balcaen and Ooghe, 2006).
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In Model 3, the opinion is substituted by the incremental contribution of the type of paragraph
disclosed in the report (EMPHA, SCOPE and GAAPYV). 1t is found that the coefficients of these
three audit variables are statistically very significant at the p-level of 1 percent, and that the
accounting ratios behave in the same way as in Models 1 and 2. Nagelkerke R-square in Model 3
increments to 60 percent but the model does not fit the data properly, as the Hosmer & Lemeshow
test is significant (p-value of 0.048). The overall accuracy of the model increases in the test sample
to 83 percent, and classification performance raises to an AUC of 0.906. This result indicates that
the estimation model improves by adding the information regarding the type of paragraph in

which the report disclosures are located.

Model 4 substitutes the type of paragraphs by two variables that indicate the content of those
paragraphs: the sum of audit report comments related to accounting and environmental
circumstances (ACCOM and GRALCOM). At the p-level of 1 percent, audit coefficients are
significant so that they are efficient predictors of the probability of financial distress. Similar to
prior models, liquidity, profitability and leverage ratios have also high discriminating power.
However, although the Nagelkerke R-square slightly increases to 63 percent compared to Model
3, this model still does not fit with the data, as the Hosmer & Lemeshow test is significant (p-
value of 0.029). The overall accuracy of the model increments to 84 percent, and classification
performance equals 0.919. This evidence shows that with just two variables summarizing the
content of the audit report is enough to obtain a precise estimation of financial distress. This is
consistent with prior literature that suggests that higher model accuracy is not guaranteed with a
greater number of factors, and that some models with very few number of factors are capable of

surpassing the prediction of others with many more (Bellovary et al., 2007).

Model 5 includes the 17 items remaining of the classification of audit report disclosures (as the
type of paragraph is included in Model 3), so it can be considered the most complete model
estimated in this study. In terms of the Nagelkerke R-square, the strength of association increases
to 68 percent with this model and, in this case, the goodness of fit is accurate because the Hosmer

& Lemeshow test has a p-value of 0.151. Moreover, the classification results, validated using the
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test sample, improve from previous models. The classification accuracy of the model significantly
rises to 86 percent in the test sample (79 percent and 89 percent for the distressed and non-
distressed groups, respectively), with an AUC of 0.929. Thus, 21 percent of problematic
companies may have similar characteristics as healthy companies. As per the results just

mentioned, this model can be considered as precise and conclusive.

As expected, financial ratios coefficients are statistically significant and negative, indicating the
poor economic performance of bankrupt firms, with the exception of the cumulative profitability
ratio that outlines a low predictive ability. These results are consistent with prior studies that
determine the return on assets ratio and a leverage measure to be the best bankruptcy predictors

in Spain (Lizarraga-Dallo, 1998).

Regarding audit data, some content of the audit report has a high ability on predicting financial
distress. Results show significant coefficients for the audit report variables TNINA, LTINV, INV,
STINV, REPER and GC which conform to the predictions. Moreover, these coefficients are
statistically significant in the predicted direction because they have a positive sign. This evidence
implies that financial distress likelihood increases when auditors issue comments on fixed assets,
investments, inventories, revenues and expenses of the period and going concern uncertainties. In
relation to the going concern qualification (GC), our result goes in line with prior studies that also
found the usefulness of the going concern opinion for assessing distress (Altman and McGough,
1974; Altman et al., 2010). In addition to this, other contents of the audit report found to be
significant when predicting failure, such as comments regarding assets’ valuations, depreciations
and impairments (TNINA, LTINV, INV, STINV) or the recognition of revenues and expenses

(REPER) are novel findings that may contribute to explain the causes of financial distress.

When there is a need to compare the predictive ability of several logit models, prior literature
recommends the use of the AUCs. Following Hernandez-Tinoco and Wilson (2013), this paper
carries out the comparisons using the non-parametric methodology introduced by Delong et al.
(1988), which has not been previously applied in prediction studies that combine accounting and

audit data. The comparison of ROC (Receiver Operating Characteristics) curves for the five
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models is presented in Figure 1, illustrating the differences in the predictive accuracy of all models
through the interpretation of their respective AUCs. The closer each ROC curve is to the ideal
point (0,1), the more suitable its discriminating power. In other words, the closer the value of an

AUC gets to 1, the more precise its discriminating ability.

With a Model 1 AUC of 0.861, it is presumed that a standard set of liquidity, profitability and
leverage ratios represents efficient predictors of financial distress probability. As Model 2 AUC
moves to 0.878, it is inferred that the contribution of the audit opinion is positive, though
marginal. However, the substantial increase appears with the inclusion of audit variables more
specifically related to the content of the report (Model 3 AUC is 0.906, and Models 4 and 5 AUCs
are 0.919 and 0.929, respectively). Additionally, it is worth mentioning that, as per the non-
parametric test of Delong et al. (1988), the five comparisons of AUCs show a p-value of 5 percent
or smaller, which signifies that the AUCs differ from a statistical point of view and thus, the

analysis is conclusive.

In summary, it can be concluded that the accuracy of models that combine financial and audit
information is higher than a model of only accounting ratios. This important result suggests that
audit information incrementally predicts bankruptcy over financial statements data. Therefore,
the two hypotheses proposed in this study are supported, as the combination of both the number
(H1) and the content of audit report disclosures (H2) exceed the predictive ability and accuracy

of the only accounting model ™.

[Insert Tables 9 and 10, and Figure 1 here]
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V. CONCLUSION

Modeling the prediction of financial distress has been a recurrent research topic in the academic
literature for decades because, if a firm collapses, the consequences for both the company and all
related parties can be devastating (Bauweraerts, 2016; Cultrera and Brédart, 2016). Given the fact
that firm failures are increasing worldwide in the past years, mainly due to the impact of the global
financial crisis in the many economies, there is still scope for further investigation regarding the
improvement of modeling prediction accuracy (Reznakova and Karas, 2014) and the need to

develop a global bankruptcy theory (Du Jardin, 2017).

The aim of this paper is to examine the extent to which audit report information incrementally
predicts financial distress over accounting ratios using a traditional accounting-based model: the
Altman’s Z’’-Score model. Using a sample of 404 distressed and 404 non-distressed Spanish
private firms, we build 5 logistic regression models of only accounting data and a combination of
accounting and auditing data. They all possess a high discriminating and predicting power.
However, it is verified that the classification accuracy of the estimated logit models significantly
increases with models that combine accounting and audit data, compared to a traditional financial
ratios model. Concretely, together with liquidity, profitability and leverage ratios, the number of
disclosures included in the report, and remarks on going concern, firms’ assets and firms’ results

are the best corporate distress predictors.

The present study represents a contribution to the existing literature for several reasons. Firstly, it
determines the predictive ability of the Altman’s Z”-Score in a current sample of Spanish private
firms, providing country-specific results, which are less frequent than generic bankruptcy
prediction models (Cultrera and Brédart, 2016). Secondly, it extends earlier research on distress
prediction by using combined models of financial and non-financial indicators, as suggested in
prior literature (Balcaen and Ooghe, 2006). More specifically, in this research it is possible to
explore the value added by audit report information to distress prediction (Altman et al., 2010,
2017) not previously done before. Actually, there is a call from the literature that precisely asks

for asking for “improving the codification of the qualifications to enhance the accuracy of the
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model” (Pifieiro-Sanchez et al. (2013, pp.168). Thirdly, it is believed that Spain constitutes an
ideal environment to test the models because the audit regime is more flexible than in the Anglo-
Saxon countries (Arnedo-Ajona et al., 2008; Ruiz-Barbadillo et al., 2004). If the audit information
is found to be an efficient predictor under a flexible and non-litigious regime, the significance of
these results might strengthen in other countries with more severe regimes. Finally, the thorough
analysis of the audit report disclosures presented in this paper responds to some needs from the
literature asking for studies on what auditors currently evaluate in terms of financial statement
items and client contrary and mitigating factors in making their substantial doubt and going
concern assessments (Carson et al., 2013). The disclosures mentioned by auditors under financial
distress situations might shed some light on this issue. Finally, our results might have relevant
implications for practice. For managers, this study highlights the importance of the audit report,
a quick and accessible tool to look at when trying to anticipate a financial distress situation. With
the existence of several audit report disclosures or just a few of them regarding issues with assets
or results, this might represent uncertainties to consider carefully in decision-making processes.
Also, for regulators and auditors, due to the current international auditing environment, where
regulation is changing worldwide in order to increase auditor’s transparency through a more

informative audit report.

This study has some limitations that must be acknowledged. First, financial distress prediction is
addressed using a sample of Spanish private firms. These firms may have special characteristics
due to the institutional and legal context that might impair the generalization of the results. In
further studies, these models can be replicated in other contexts for comparison purposes. Second,
static bankruptcy predictors of the year prior to bankruptcy filing are used. In further works,
variation variables that consider year-on-year differences should be developed. Finally, further
research could extend the sample to other territories with different regulatory regimes for

comparison purposes.
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Table 1. Sample selection criteria

Initial sample 1,821
(-) Companies not registered as bankrupt in the RPC (280)
(-) Companies with missing financial data from the year prior to insolvency (774)
(-) Companies with missing audit data from the year prior to insolvency (363)
Sample of distressed firms 404
Matched sample of non-distressed firms 404
Final sample 808

The table reports the sample selection criteria. RPC (“Registro Publico Concursal”) is the official
insolvency legal proceedings’ source in Spain. The initial sample was extracted from BVD database as of
January 31%, 2015 using the status “suspension of payment proceedings”, “bankruptcy”, and “insolvency
proceedings”, and excluding firms with no information under “auditor’s opinion” to ensure that all
companies were audited. After filtering the dataset, the final sample comprises all firms registered in RPC
with enough financial and audit data of the year prior to insolvency proceedings, matched by year, size and
industry with 404 non-distressed firms.
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Table 2. Descriptive statistics of the sample

Panel 1. Frequencies of years in the distressed sample (in percent)

Years Distressed

2004 1 (0)

2005 1(0)

2006 1(0)

2007 1(0)

2008 23 (6)

2009 24 (6)

2010 21 (5)

2011 29 (8)

2012 65 (16)

2013 146 (36)

2014 92(23)

Total 404 (100)
Panel 2. Frequencies of industries (in percent)

Distressed Non-distressed Total

Construction and real-estate 141 (35) 141 (35) 282 (35)
Manufacturing 110 (27) 110 (27) 220 (27)
Commercial 79 (20) 79 (20) 158 (20)
Services 70 (17) 70 (17) 140 (17)
Primary 4 (1) 4 (1) 8 (1)
Total 404 (100) 404 (100) 808 (100)
Panel 3. Age of firms (in years)
Median 19 21 20
Min. 4 3 3
Max. 79 81 81
Mean 22 23 23
Std. Dev. 13 14 13
Mann-Whitney U statistic 159,870
p-value 285
Panel 4. Size of firms
Median 15,318 15,261 15,261
Min. 453 416 416
Max. 2,873,883 3,736,210 3,736,210
Mean 84,352 84,431 84,392
Std. Dev. 276,969 293,514 285,185
Mann-Whitney U statistic 163,153
p-value 936

In this table, the filing years of the distressed sample are provided (Panel 1). The five categories
classification of industries is created based on NACE codes (Panel 2). The age is expressed in years (Panel
3) and, for the size of the firms, the value of total assets in thousands of euros is used (Panel 4).
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Table 3. Independent variables: accounting variables, audit opinion, and number of
disclosures

Panel 1. Accounting variables
Variable Formula Definition

Working capital Working capital or net current assets

WCTA WCTA = (current assets minus current liabilities) to
Total assets total assets.

Retained [ . .
RETA RETA = erained earmings Retained earnings to total assets.
Total assets

EBIT Earnings before interest and taxes to total
EBITTA EBITTA = TA assets.

BVE . P
BVETL BVETL = Book value of equity to total liabilities.

TL

Panel 2. Audit opinion and number of disclosures

Variable Explanation Definition

Dummy variable that equals 1 if a qualified
opinion is issued in the year prior to
insolvency proceedings; 0 if the opinion is
unqualified.

Categorical variable that equals 1 if the
audit report has 1 comment regarding

AUOPI Audit opinion

Sum of accounting disclosures in

ACCOM . accounting issues, 2 if it has two comments
the audit report . !
on this matter, and so on; 0 if there are no
comments.
Categorical variable that equals 1 if the
GRALCOM Sum of general disclosures in the  audit report has 1 comment of this nature,

audit report 2 if it has two comments, and so on; O if
there are no comments.

This table reports independent accounting and auditing variables of the logit models, with the exception of
the codification of audit report disclosures (see Table 4). WCTA states for working capital to total assets;
RETA: retained earnings to total assets; EBITTA: earnings before interest and taxes to total assets; BVETL:
book value of equity to total liabilities; A UOPI: Audit opinion; ACCOM: sum of accounting disclosures in
the audit report; GRALCOM: sum of general or environmental disclosures in the audit report.
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Table 4. Codification of audit report disclosures

Codification Variable Description
A. Type of paragraph used for disclosure

Dummy variable that equals 1 if an emphasis of matter section is issued in the year prior to insolvency

1.  Emphasis of matter EMPHA o ;

proceedings; 0 otherwise.
2. Scope limitation SCOPE  Dummy variable that equals 1 if a scope limitation is issued; 0 otherwise.
3. GAAP violation GAAPV ~ Dummy variable that equals 1 if a GAAP violation is issued; 0 otherwise.

B. Specific accounting elements affected (ACCOM)
NCA: tangibles and

4. intangibles TNINA Dummy variable that equals 1 if a remark on tangible or intangible assets is issued; 0 otherwise.
5. NCA:LTFI LTINV Dummy variable that equals 1 if a remark on LTFI is issued; 0 otherwise.
6. NCA: deferred tax assets DTA Dummy variable that equals 1 if a remark on DTA is issued; 0 otherwise.
7. CA: inventories INV Dummy variable that equals 1 if a remark on inventories is issued; 0 otherwise.
8. CA: STFI and cash STINV Dummy variable that equals 1 if remark on inventories is STFI; 0 otherwise.
9. Liabilities: debts LIAB Dummy variable that equals 1 if a remark on liabilities is issued; 0 otherwise.
10. Contingencies CONTIN  Dummy variable that equals 1 if a remark on inventories is issued;0 otherwise
11. Result of the period REPER  Dummy variable that equals 1 if a remark on the result of the period is issued; 0 otherwise.
12.  Accumulated losses ACLOSS Dummy variable that equals 1 if a remark on accumulated losses is issued; 0 otherwise.
13. Information omitted INFOM  Dummy variable that equals 1 if a remark on information omission is issued; 0 otherwise.
14.  Negative working capital NEGWC  Dummy variable that equals 1 if a remark on negative working capital is issued; 0 otherwise.
15. Subsequent events SUBSEQ Dummy variable that equals 1 if a remark on subsequent events is issued; 0 otherwise.
C. Other circumstances disclosed (GRALCOM)
16. Regulatory effects REGUL  Dummy variable that equals 1 if a remark on regulation is issued; 0 otherwise.
17. Ext.ernal ceonomic ENVIR Dummy variable that equals 1 if a remark on environmental or external factors is issued; 0 otherwise.
environment
18. Management plan MGMTP  Dummy variable that equals 1 if a remark on management plans is issued; 0 otherwise.
19. GC GC Dummy variable that equals 1 if a remark on going concern is issued; 0 otherwise.
20. Insolvency proceedings INPROC Dummy variable that equals 1 if a remark on insolvency proceedings is issued; 0 otherwise.

The table reports the codification of audit report disclosures, segregated into three sections: location or paragraph (A), accounting elements (B) and general circumstances (C).
The table shows the section (first column), the item/variable number, name and abbreviated name (second, third and fourth column, respectively), and the variable definition
(fifth column). GAAP states for “Generally Accepted Accounting Principles”; NCA: “non-current assets”; LTFI: “long-term financial investments”; DTA: “Deferred tax assets”;
CA: “current assets”; STFI: “short term financial investments” and GC: “going concern”.
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Table 5. Summary statistics of Model 1 (Altman’s Z’’-Score model)

Distressed Non-distressed Comparison
Variables (n=404) (n=404) .
Mean  Std. Dev.  Min. Max. P25 P75 Med. | Mean Std. Dev. Min. Max. P25 P75 Med. Mannl—]:zlsliltney p-value
WCTA -.090 401 -1.556 .883 -.250 128 -.038 239 307 -1.556 883 .036 426 .199 38,901.5 .000
RETA -.104 481 -1.965 853 -.207 137 .003 .300 345 -1.898 .889 137 528 294 31,292.0 .000
EBITTA -.169 329 -1.712 318 -.184 -.005 -.065 .026 .104 -.641 318 -.005 .064 .030 28,393.5 .000
BVETL 278 1.098 -.633 15493 -.084 348 .093 1.728 3.015 -.633 15.493 302 1.669 .649 31,772.0 .000

This table presents summary statistics for Altman’s Z’’-Score model, which includes only accounting variables. It covers mean, standard deviation, minimum and maximum
values, percentiles 25" and 75", and median for the four ratios used in the logistic regression: working capital to total assets (WCTA), retained earnings to total assets (RETA),
earnings before interest and taxes to total assets (EBITTA) and book value of equity to total liabilities (BVETL). All ratios are winsorized to the first and 99" percentile to avoid
extreme values. Due to winsorizing, some maximum and minimum values are identical for distressed and non-distressed firms. The nonparametric Mann-Whitney U two-sample
test is applied to test the null hypothesis that distressed and non-distressed firms are the same population with respect to accounting variables and two-tailed significance is
reported. The number of observations in the total sample is 808 (404 distressed and 404 non-distressed).
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Table 6. Frequency (and percentage) of audit variables

Panel 1. Auditor size

Categories Distressed (404) Non-distressed (404) Total (808)
Big 4 76 (39) 119 (61) 195 (100)
Medium 22 (61) 14 (39) 36 (100)
Small 248 (53) 219 (47) 467 (100)
Individuals 58 (53) 52 (47) 110 (100)
Chi-Square statistic 13.388
Df 3
p-value .004
Panel 2. Audit opinion (4UOPI)

Categories Distressed (404) Non-distressed (404) Total (808)
Unqualified 183 (36) 330 (64) 513 (100)
Qualified 221 (75) 74 (25) 295 (100)
Chi-Square statistic 115.374
Df 1
p-value .000
Panel 3. Specific accounting elements affected (4 CCOM)

Categories Distressed (404) Non-distressed (404) Total (808)
No comments 77 (22) 271 (78) 348 (100)
1 comment 159 (60) 106 (40) 265 (100)
2 comments 125 (83) 26 (17) 151 (100)
3 comments 39 (97) 1(3) 40 (100)
4 comments 2 (100) 0(0) 2 (100)

5 comments 2 (100) 0 (0) 2 (100)
Chi-Square statistic 223.757

Df 5

p-value .000

Panel 4. Other circumstances disclosed (GRALCOM)

Categories Distressed (404) Non-distressed (404) Total (808)
No comments 205 (35) 378 (65) 583 (100)
1 comment 71 (80) 18 (20) 89 (100)
2 comments 70 (95) 4(5) 74 (100)
3 comments 55 (93) 4(7) 59 (100)
4 comments 3 (100) 0(0) 3 (100)
Chi-Square statistic 188.848
Df 4
p-value .000

This table presents the summary statistics of the auditing variables (audit report disclosures’ statistics detailed in Table
7). Data is divided by distressed, non-distressed and overall samples. Absolute figures indicate frequency of each
variable and percentages over total sample are reported in parenthesis. Samples are classified by auditor size and type
of opinion (Panels 1 and 2). Panels 3 and 4 inform about the number of accounting and environmental disclosures
respectively. Chi-Square statistic shows whether differences exist in the distribution of each audit variable between
distressed and non-distressed firms. Degrees of freedom (Df) and significance are also reported below the statistic.
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Table 7. Frequency (and percent) of audit report disclosures

. Non- Comparison
Variables Distressed . 1 ecsed Total Chi- p-
(n=404) _ (n=808) Square Df
(n=404) L value
statistic
A. Type of paragraph used for disclosure
1. EMPHA 202 (74) 73 (26) 275 (100) 91.734 1 .000
2. SCOPE 144 (86) 24 (14) 168 (100) 108.214 1 .000
3. GAAPV 102 (67) 51 (33) 153 (100) 20.971 1 .000
B. Specific accounting elements affected (4 CCOM)
4. TNINA 31 (76) 10 (24) 41 (100) 11.331 1 .001
5. LTINV 74 (70) 31 (30) 105 (100) 20.240 1 .000
6. DTA 25 (78) 7 (22) 32 (100) 10.543 1 .001
7. INV 61 (80) 15 (20) 76 (100) 30.733 1 .000
8. STINV 83 (89) 10 (11) 93 (100) 64.754 1 .000
9. LIAB 53 (82) 12 (18) 65 (100) 28.124 1 .000
10. CONTIN 31 (78) 9(22) 40 (100) 12.730 1 .000
11. REPER 32 (7D 13 (29) 45 (100) 8.495 1 .004
12. ACLOSS 89 (91) 909 98 (100) 74.320 1 .000
13. INFOM 14 (29) 35(71) 49 (100) 9.581 1 .002
14. NEGWC 38 (81) 9 (19) 47 (100) 18.999 1 .000
15. SUBSEQ 13 (93) 1(7) 14 (100) 10.467 1 .001
C. Other circumstances disclosed (GRALCOM)
16. REGUL 14 (82) 3 (18) 17 (100) 7.271 1 .007
17. ENVIR 51 (81) 12 (19) 63 (100) 26.184 1 .000
18. MGMTP 48 (87) 7 (13) 55 (100) 32.796 1 .000
19. GC 183 (93) 14 (7) 197 (100) 191.724 1 .000
20. INPROC 92 (98) 2(2) 94 (100) 97.515 1 .000

This table reports the frequency of audit report disclosures in the distressed, non-distressed and overall
sample. Absolute figures of the second, third and fourth column represent disclosures of every class that
appear in each sample, and percentages of the overall sample are reported in parenthesis. The last three
columns show the Chi-Square statistic, degrees of freedom (Df) and significance to examine differences in
the distribution between distressed and non-distressed firms. Variables are EMPHA: emphasis of matter;
SCOPE: scope limitation; GAAPV: GAAP violation; TNINA: non-current assets: tangibles and intangibles;
LTINV: non-current assets: long-term financial investments; D7A: non-current assets: deferred tax assets;
INV: current assets: inventories; STINV: current assets: short-term financial investments and cash; LIAB:
liabilities: debts; CONTIN: contingencies, REPER: result of the period; ACLOSS: accumulated losses;
INFOM: information omitted; NEGWC: negative working capital; SUBSEQ: subsequent events; REGUL:
regulatory effects; ENVIR: external economic environment; MGMTP: management plan; GC: going
concern; INPROC: insolvency proceedings; 4ACCOM: sum of accounting disclosures; GRALCOM: sum of
general disclosures.
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Table 8. Correlation matrix and multicollinearity diagnostic statistics

Variable WCTA RETA EBITTA BVETL  AUOPI ACCOM GRALCOM
Panel 1. Correlation matrix

WCTA 1.000
RETA 657 1.000
.000
EBITTA 524 671 1.000
.000 .000
BVETL 326 461 193 1.000
.000 .000 .000
AUOPI -.187 -.189 -.154 -.153 1.000
.000 .000 .000 .000
ACCOM -.308 -302 -216 -.191 578 1.000
.000 .000 .000 .000 .000
GRALCOM  -.170 -229 -.196 -.143 .020 324 1.000
.000 .000 .000 .000 569 .000
Panel 2. Multicollinearity diagnostic statistics
VIF 1.849 2.825 1.941 1.329 1.590 1.843 1.209
TOL 541 354 515 752 .629 .543 .827

Panel 1 of this table presents the Pearson correlation matrix of all the accounting (WCTA, RETA, EBITTA
and BVETL) and auditing (AUOPI, ACCOM and GRALCOM) variables included in the models, except for
audit report disclosures. P-values are reported below each Pearson coefficient and show the probability of
observing this correlation under the null hypothesis that the correlation is zero. Also, we have explored the
correlations of audit report disclosures and there are no multicollinearity issues among them (untabulated).
Panel 2 reports the Tolerance value (TOL) and its reciprocal, the Variance Inflation Factors (VIF), two tests
that detect the presence of multicollinearity among the variables.
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Table 9. Logit models of financial distress probability

Variable Model 1 Model 2 Model 3 Model 4 Model 5
WCTA -2.035%%* -1.908%*%* -1.699*%** -1.676*** -1.688%**
(.392) (.403) (.420) (432) (474)
RETA -.443 -.373 -.107 122 -.043
(.447) (.437) (.449) (.458) (.496)
EBITTA -7.227%** -6.565%** -5.997%** -6.293%** -6.033%**
(1.165) (1.160) (1.194) (1.232) (1.286)
BVETL -297%* -.254%* -.254%* =33 %k -.350%*
(.119) (113) (.118) (.126) (.153)
AUOPI -1.653%**
(225)
ACCOM 1.03]***
(151)
GRALCOM 1.041***
(.190)
EMPHA -1.547%**
(252)
SCOPE -2.705%%**
(.339)
GAAPV -1.213%%*
(:284)
TNINA 1.403***
(.539)
LTINV 1.303***
(357)
DTA 471
(.622)
INV 1.598***
(:486)
STINV 2.582%%*
(.563)
LIAB .269
(514)
CONTIN 942
(.595)
REPER 1.702%**
(.562)
ACLOSS 442
(.562)
INFOM -.505
(.538)
NEGWC -.955
(.671)
SUBSEQ 1.104
(1.143)
REGUL 958
(1.148)
ENVIR 526
(.611)
MGMTP -.198
(.755)
GC 2.376%**
(.596)
INPROC 1.138
(.871)
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Table 9 (cont.). Logit models of financial distress probability

Variable Model 1 Model 2 Model 3 Model 4 Model 5
Constant 167 1.191 4,293 *** -1.160*** -1.180***
(.123) (.196) (.480) (.192) (.207)
Observations 808 808 808 808 808
Year t-1 t-1 t-1 t-1 t-1
Model Logit Logit Logit Logit Logit

This table presents the results of the logit models of financial distress prediction. Models include accounting
ratios only (Model 1) or a combination of ratios and auditing information (Models 2-5). All estimations are
computed for the year prior to insolvency proceedings (t-1). Standard errors appear in parenthesis. ***, **
* denote statistical significance at the 1 percent, 5 percent, and 10 percent levels, respectively.

Table 10. Performance measures and classification accuracy of the logit models

Panel 1. Performance measures of the logit models

Measure Model 1 Model 2 Model 3 Model 4 Model 5
AUC .861 878 .906 919 929
-2 log-likelihood 597.030 539.148 480.869 456.548 409.456
Cox & Snell R-square 331 392 448 469 509
Nagelkerke R-square 441 .523 597 .626 .679
Chi-square (4, 5,7, 6,21)  243.975 301.857 360.136 384.457 431.548
p-value .000 .000 .000 .000 .000
HL goodness-of-fit test:
Chi-square (8) 32.815 11.257 15.601 17.111 12.008
p-value .000 .188 .048 .029 151
Panel 2. Classification accuracy of the logit models
Classification accuracy ~ Model 1 Model 2 Model 3 Model 4 Model 5
Observed (estimation sample)
Dist. Non Dist. Non Dist. Non Dist. Non Dist. Non
Dist. 216 79 222 46 243 49 238 38 242 33
Predicted Non 45 267 73 266 52 263 57 274 53 279
Correct, % 732 856 753 853 824 843 80.7 87.8 82.0 894
Overall, % 79.6 80.4 83.4 84.3 85.8
Observed (test sample)
Dist. Non Dist. Non Dist. Non Dist. Non Dist. Non
Dist. 71 7 73 14 79 12 89 6 86 10
Predicted Non 38 85 36 78 30 80 20 86 23 82
Correct, % 65.1 924 67.0 84.8 725 87.0 81.7 935 789 89.1
Overall, % 77.6 75.1 79.1 87.1 83.6

In this table, Panel 1 displays the performance measures of the five logit models of financial distress
prediction. Model 1 includes accounting ratios only, and Models 2-5 combine ratios and auditing
information. AUC (Area Under the Receiver Operating Characteristics Curve) represents a direct measure
of the predictive accuracy of models estimated using logistic regressions. The other measures reported are
-2 log-likelihood, Cox and Snell R-square, Nagelkerke R-square, models’ Chi-square, and Hosmer and
Lemeshow (HL) goodness-of-fit test. The parenthesis following the models’ Chi-square includes the
degrees of freedom for each estimated model: 4 for Model 1, 5 for Model 2, 7 for Model 3, 6 for Model 4
and 21 for Model 5. Panel 2 contains the classification accuracy of the models. It is calculated with the
sample used to run the regression (estimation sample, 75% of the total sample) and the test sample (25%
remaining) to validate the results. Absolute numbers for distressed (Dist.) and non-distressed (Non) firms
are the observed values, and the correct predicted values are displayed in percentage for distress and non-

distressed samples, as well as for the overall dataset.
Figure 1. ROC Curves for the estimated models
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This graph represents the Receiver Operating Characteristics (COR) Curves of the estimated logit models.

Model 1 includes accounting ratios only and the different combinations of ratios and auditing information
are contained in Models 2 to 5.
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Endnotes:

! Beaver (1966) applies a univariate technique for selected ratios and Altman (1968) develops a multiple
discriminant analysis model (MDA) called the Z-Score model.

2 The Bureau Van Dijk database in Spain is called SABI (“Sistema de Analisis de Balances Ibéricos”).

3 The “Registro Publico Concursal” is the official source about insolvency legal proceedings in Spain.

4 In Spain, the law governing this procedure is the Bankruptcy Act 22/2003 of July 9", which comes into
effect in 2004. According to this regulation, when a company is under financial distress, managers or
creditors present an insolvency request to the judge and a single court procedure starts. All viable firms
should finish proceedings by being reorganized, and those inviable should end with their liquidation
(Camacho-Mifano et al., 2015).

5 GAAP means Generally Accepted Accounting Principles.

 Along the paper the term disclosures in the audit report is used to refer to both qualifications and
unqualified audit opinions that contain an emphasis of matter section.

7 SSAP means “Statements of Standard Accounting Practice”.

8 In BVD database the search was done as of January 31%, 2015 by status, using the following three:
“suspension of payment proceedings”, “bankruptcy”, and “insolvency proceedings”. Also, in order to
include audited companies only, results were filtered by companies with information under the field
“auditor’s opinion”. The result was the initial sample of the study. Later, it is manually verified that firms
were registered in the RPC (excluding the ones that were not) and had enough financial and audit data of
the year prior to the insolvency situation.

® The NACE codification is the Statistical Classification of economic activities in the European
Community, abbreviated as NACE.

19 There were more insolvency legal proceedings in Spain ongoing during the years covered in the sample.
However, due to the database configuration, it is not possible to determine which companies were under
proceedings in the past if their processes are not ongoing as of the date of the data extraction. Thus, a
limitation of our sample is that it includes only the proceedings that were ongoing as of January 31, 2015.
' In the BVD database for Spanish firms, the balance sheet and income statement lines extracted to
calculate the ratios are as follows: WCTA = [(Stocks + debtors + other current assets + cash & cash
equivalents) — (loans + creditors + other current liabilities)] / total assets; RETA = (Shareholders’ funds —
capital) / total assets; EBITTA = Operating P/L / total assets; BVETL = Shareholders’ funds / (non-current
liabilities + current liabilities).

12 Similarly, for the purposes of this paper, any audit opinion in the dataset with an emphasis of matter
section is considered to be unqualified.

13 In our paper and in the study of Altman and McGough (1974), the auditor’s going concern assessment is
almost identical, which may indicate that the behavior of auditors could be generalized to different periods
and regulations. Whereas accounting standards applicable to our sample are the Spanish GAAP, the firms
used by Altman and McGough (1974) follow US GAAP. There are some differences between the Spanish
GAAP, inspired by the IFRS, and the US GAAP. A key difference between both set of standards is that
Spanish GAAP indicate principles that firms should follow according to their judgment while US GAAP
set rules to prevent opportunistic measures to maximize profits. There are many other examples of relevant
differences. For instance, differences related to asset valuation, revenue recognition, and research and
development costs, among others. Whereas Spanish GAAP allow for asset revaluation upwards, assets in
US GAAP can only be written down. Additionally, in Spanish GAAP, LIFO is not permitted to value
inventories but it is allowed under US GAAP. In comparison with no clear specifications about how to
recognise revenues under Spanish GAAP, US GAAP provide specific guidance to disclose revenues. Also,
while research and development costs might be recorded as assets under Spanish GAAP, these costs are
charged to expenses in the American regulation.

14 This paper also calculates the correlation matrix and the multicollinearity tests for all the independent
variables (including the 20-item codification of audit report disclosures that is not presented in the paper).
VIF values are below 10, which suggests that multicollinearity is not present and coefficient levels are
stable. There is an exception with the VIF for the audit opinion variable (4 UOPI), which equals 11.012.
This result seems reasonable, as the variables that represent the content of the report are summarized in the
audit opinion issued. Therefore, in the multivariate analysis, the audit opinion is not combined with other
auditing variables in the same logit model, as the opinion seems to be a linear or quasi-linear combination
of the other auditing variables.

15 As a robustness check, we have also run the five logit regression models using the accounting ratios of
the Zmijewski’s-Score model Zmijewski, 1984), commonly used in prior literature as well (Sun, 2007; Wu,
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Gaunt and Gray, 2010). The untabulated results are consistent in all models with the evidence obtained
using the Altman’s Z’’-Score.
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