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Abstract

Purpose – The main purposes of this paper are to provide evidence about corporate failure diagnosis
in SMEs, identify the predictor variables that enhance the accuracy of the corporate failure diagnosis
models, and perform comparative analysis of the proposed models with the existing literature.
The paper supports the proposition that the majority of the proposed corporate failure diagnosis
models in the literature exhibit an endogenous drawback since their construction is based on large
entities or listed corporations’ samples.

Design/methodology/approach – The present study employs multiple discriminant analysis,
logit analysis, and probit analysis to construct corporate failure diagnosis models based on SMEs
longitudinal data from Greece.

Findings – The paper provides evidence that the contribution of human capital is immensely more
important to the viability of SMEs than to the viability of large corporations. Moreover, this study
identifies interactions among seemingly insignificant variables that exhibit incremental information
content and attribute massive discriminant power to the proposed corporate failure diagnosis models.

Practical implications – The results of this study encourage regulatory authorities to adopt
enhancements to the Basel II framework and financial institutions as regards to constructing their
corporate failure diagnosis models. The models is based upon internal default experience and mapping
to external data incorporating both quantitative and qualitative variables.

Originality/value – The contribution of this paper is the proposition of new value-relevant variables
that enhance the accuracy of existing corporate failure diagnosis models for SMEs.
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1. Introduction
The diagnosis of corporate failure has been the apple of discord among researchers,
academics and professionals for the last four decades since the pioneering work of
Altman (1968), who employed multiple discriminant analysis methodology (MDA) in
order to predict corporate bankruptcy. Apparently, this debate is becoming timelier
nowadays due to the rampant spread of financial turbulence, which reinforces the
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proclaimed important role of corporate failure diagnosis. The prime causes of failure in
mature companies are concerned with fatal corporate strategy decisions and especially
with “defective response to change” (Argenti, 1976). Therefore, ability to adapt to a
ceaselessly changing business environment is the cornerstone of a firm’s potential to
survive in the global arena.

Corporate failure affects a plethora of stakeholders such as employees, managers,
shareholders, auditors, creditors, and, to the extent that failure results in breaking up a
corporation’s social and economic interaction with its host environment, the society as
a whole. The devastating impact that the collapse of Enron, Worldcom, Barings Bank,
Imarbank and others had on the Global economy supports the preceding argument
about the plethora of interested parties affected by corporate failure. Numerous studies
on financial distress signalling and corporate failure prediction have been reported in
the literature. However, in their vast majority, these are confined to large entities or
listed corporations.

Nevertheless, the birth of the current economic crisis was not the collapse of few
colossal corporations but the massive default of US households in the sub-prime
mortgage credit market. Consequently, research on corporate failure diagnosis
should be expanded to small- and medium-sized enterprises (SMEs) and non-listed
corporations, due to their large number and their impact on real economy. Especially in
Europe, the majority of enterprises are considered small and account for a significant
amount of European work experience and economic activity (Baixauli and
Modica-Milo, 2010). In particular, this study focuses on Greece, which exhibits many
similarities with other Southern European countries concerning the volume and
frequency rate of SMEs in the economy (Commission of the European Union, 2007).

The main objectives of this paper are to:
. provide evidence on corporate failure diagnosis in SMEs;
. identify the financial ratios enhancing the predictive ability of corporate failure

diagnosis models; and
. perform a comparative analysis of the proposed models in relation to existing

literature.

The main contribution of this paper is to propose new value-relevant variables that
improve the accuracy of existing models for SMEs. Evidence on bankrupt corporations
was collected from the county courts in the region of Central and Eastern Macedonia
in Greece.

The remainder of this paper is organised as follows: Section 2 presents an extensive
literature review concerning corporate failure diagnosis and the current advances with
the employment of experts systems. Our research methodology including sample and
variable selection processes is provided in Section 3 of this paper. Section 4 reports the
empirical results of our analysis. The discussion of the results and the practical
implications of our study are embedded in Section 5. Finally, our concluding remarks
are cited in Section 6 of this paper.

2. Literature review
There is a plethora of studies concerning financial distress signalling and corporate
failure diagnosis. The ability to discriminate between financially distressed and viable
corporations was enhanced by the use of financial ratios. The pioneering work of
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Altman (1968), who employed MDA for corporate failure diagnosis purposes, served as
a beacon for other researchers. The following two decades, academics were focused
on finding out appropriate financial ratios that would maximise the accuracy and
predictive power of their models (Altman et al., 1977; Altman, 1984; Johnsen and
Melicher, 1994) and testing these models in different sectors, industries (Espahbodi
and Espahbodi, 1984) and markets (Peel and Peel, 1988; Keasey et al., 1990;
Tamari, 1984; Ugurlu and Aksoy, 2006).

However, the financial patterns of distressed corporations are more unstable than
those of financially viable ones (Martikainen and Ankelo, 1991). In that sense, variable
selection processes that seem to be appropriate for corporate failure diagnosis in
a particular market, time and industry, may not be appropriate in all settings.
Hence, the majority of corporate failure prediction models proposed in the literature
embody a significant endogenous drawback as far as SMEs are concerned, since their
construction was based on samples comprising large or listed corporations.

During the last two decades, researchers employed different methodologies
attempting to improve the accuracy of their proposed models. The majority of existing
literature supports the argument that artificial neural network approaches and support
vector machines outperform traditional statistical models (MDA and logit – probit
analysis) in different sectors, economies and eras (Altman et al., 1994; Lin and
McClean, 2001; Alfaro et al., 2008; Yim and Mitchell, 2007; Tsukuda and Baba, 1994;
Ozkan-Gunay and Ozkan, 2007; Etemadi et al., 2008; Lin, 2009; Huang et al., 2008;
Wu et al., 2010). In fact, traditional statistical models are based on assumptions
such as linearity, normality and independence among predictor variables that rarely
exist in the real world.

On the other hand, artificial neural networks learn and generalise by experience of
complex and non-linear data while trying to minimise the misclassification rate
empirically. Moreover, there is supporting evidence on vector machines outperforming
even artificial neural networks due to the application of the structural risk
minimisation principle (Hua et al., 2007). Additionally, the interaction between “new”
and “old” variables and their effect on the accuracy of proposed corporate failure
diagnosis models has been examined. Factors such as economic cycle phase,
e.g. recession (Richardson et al., 1998), cash flow information (Sharma, 2001), quality
of accounting and financial information (Gadenne and Iselin, 2000), and the detection
of fraudulent financial reporting (Liou and Yang, 2008) can evidently enhance the
predictive power of existing models. In conclusion, leverage and liquidity are
considered as the most important predictor variables in corporate failure diagnosis.

Nevertheless, academia exhibits relative reluctance to engage in corporate failure
diagnosis studies in SMEs, which can be easily justified by the scarcity of publicly
available information on these corporations, especially the bankrupt ones (Sandin
and Porporato, 2007). The potential underlying hazard of this phenomenon can be a
repetition of the current economic crisis with a different starting point – not the
sub-prime mortgage market but the SMEs’ corporate loans market. According to the
Basel II framework, the probability of default estimation can be based on internal
default experience and/or mapping to external data and/or statistical default models
(BCBS, 2004, par. 461). Since financial institutions choose to estimate the probability
of default of their SME clients based on existing statistical default models through
employing endogenously disadvantageous sampling processes, the gap between
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ex ante and ex post expected losses of financial institutions, will be enhanced due to the
mitigated accuracy of existing models. Although Altman and Rijken (2004) illustrated
how rating agencies achieve rating stability, the current economic crisis proves the
fallacy of this stability.

The diagnosis of corporate failure can also be viewed within a corporate ethics
framework. Managers of private corporations are responsible and accountable not only
for making sufficient profits but also for contributing to the public interest by
peacefully solving conflicts with their corporations’ stakeholders which arise out of
corporate strategy. This is because the license to operate a private company and to
make profits should not be understood as being unconditionally granted by law. In this
sense, corporate ethics:

. form a direct link between the public interest and corporate strategy when
possible conflicts are not successfully settled by law; and

. depend on partners sharing the same culture (Steinmann, 2007).

Consequently, in cases where corporate bankruptcy has its roots in corporate ethics,
the diagnosis of corporate failure should be explored within a cultural context.
This perspective provides an alternative explanation on why evidently accurate
corporate failure prediction models (e.g. Altman, Ohlson, Zmijewski) underperform
when applied in different economies, markets and sectors (Wu et al., 2010; Lin, 2009;
Baixauli and Modica-Milo, 2010; Sandin and Porporato, 2007).

3. Methodology
As mentioned earlier, the paper lays emphasis on constructing accounting-based
corporate failure diagnosis models with SMEs data from Greece. The inability to
construct a market-based model for SMEs (the majority of SMEs abstain from capital
markets) should not be intimidating since accounting-based models outperform in
terms of differential error misclassification costs (Agarwal and Taffler, 2008). Evidence
on failed corporations was originally collected from the county courts in the region of
Central and Eastern Macedonia in Greece. The pre-requisites of the research study can
be summarised to the following:

1. Sample comprises corporations complying with the definition of micro-, small-
and medium-sized enterprises provided by the Commission of the European
Union (2003). Such corporations employ fewer than 250 persons and have an
annual turnover not exceeding e50 million, and/or an annual balance sheet total
not exceeding e43 million.

2. The legal form of corporations in the sample is confined to limited liability (Ltd)
and societe anonyme (s.a.) corporations. This particular methodological choice
was made in order to overcome the scarcity of publicly available information
about these corporations especially the bankrupt ones. According to the Greek
Financial Reporting Standards only the preceding corporations are obliged to
disclose financial statements such as balance sheets and the income statements.
Moreover, the adoption of International Financial Reporting Standards is
compulsory only for listed corporations in Athens Stock Exchange. However,
the quality of financial statements is preserved since 85 percent of sample
corporations (49 out of 58) are audited at least by one CPA or two certified
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accountants, members of the Economic Chamber of Greece[1], [2]. Their quality is
also not affected from upward revaluation of assets and fair value measurement
(Cheng and Lin, 2009; Chong et al., 2012) since managerial discretion is not
an option[3].

3. Corporations engaged exclusively in retail, financial and other services were
excluded from the sample, which primarily comprises manufacturing
corporations.

4. The time span of the study extends from 2003 to 2009, a period before the outbreak
of the crisis when Greek economy constantly witnessed positive growth rates.
Hence, the impact of recession did not affect variable selection processes.

5. Failed corporations are considered those having been bankrupt or dissolved or
discontinued operations.

The research population and sample contains only 29 failed corporations meeting the
preceding five criteria; observations with missing values are deleted. Additionally,
29 non-failed corporations from corresponding sectors meeting the first four criteria are
selected. Subsequently, the sample, consisting of 58 corporations, can be characterised
as adequate since the failed corporations reflect 100 percent of the statistical
population. Although over-sampling of failing corporations may lead to a non-random
sample, the great majority of existing models embody this compromise due to the low
frequency rate of failing corporations (Balcaen and Ooghe, 2006). The financial
statements of these corporations are provided by the ICAP database. In particular, for
failed corporations, the study incorporates the last available financial statements prior
to failure; this implies that for failed corporations between 2004 and 2009, the last
available financial statements derive from the 2003-2008 period. On the other hand,
for non-failed corporations, a multi period approach is adopted. The approach is
identical to incorporating the mean value of financial ratios derived from the financial
statements of the entire 2003-2008 period. This refinement improves model
performance (Wu et al., 2010) by mitigating the impact of exceptional items on the
financial position of the corporations.

The variable selection process is applied in four stages. The selection and computation
of 37 financial ratios are embedded in the first stage. The definitions of these financial
ratios are based on the current literature. In fact, the definition of eight liquidity ratios,
11 activity ratios, nine profitability ratios and nine viability ratios are shown in the
corresponding Tables I-IV. For failed corporations, the computation of financial ratios
derived from 29 firm-year observations while for non-failed corporations, the
computation of financial ratios derived from 174 firm-year observations. At the second
stage, one tail t-test is conducted for all these 37 financial ratios. The null hypothesis
being that there is no significant difference in the mean values of these ratios between
failed and non-failed corporations while the alternative hypothesis:

. for liquidity ratios is that non-failed corporations exhibit higher values than
failed ones;

. for activity ratios is that non-failed are more efficient than failed corporations;

. for profitability ratios is that non-failed corporations exhibit higher values than
failed corporations; and

. for viability ratios is that non-failed corporations are less leveraged than failed.
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During the third stage, cluster analysis of variables is performed in order to detect
possible inter-correlations among variables and thus avoid multicollinearity in model
construction. Finally, in the fourth stage, univariate discriminant analysis is applied to
identify the variables from each cluster exhibiting enhanced predictive power and thus
reducing dimensionality (Hua et al., 2007).

4. Empirical results
Besides the definition of financial rations, Tables I-IV also presents the descriptive
statistics and t-test results of these ratios for failed and non-failed corporations. Table I
reports the descriptive statistics and t-test results of liquidity ratios. As stated above, the
null hypothesis states that there is no significant difference in the mean values of liquidity
ratios between failed and non-failed corporations. On the contrary, the alternative
hypothesis is that non-failed corporations exhibit higher values than failed corporations.
The results provide evidence for the alternative hypothesis in all cases. However,
statistically significant differences are witnessed in six out of nine ratios.

Accordingly, Table II presents the descriptive statistics and t-test results of activity
ratios. Here, the null hypothesis is that there is no significant difference in the mean values
of activity ratios between failed and non-failed corporations while the alternative
hypothesis for positive (negative) t-values is that non-failed corporations exhibit higher
(lower) values than failed corporations and vice versa. The results exhibit statistically
significant difference between failed and non-failed corporations in only one out of 11 ratios.

Furthermore, the descriptive statistics and t-test results of profitability ratios are
depicted in Table III. As mentioned earlier, the null hypothesis states that there is no
significant difference in the mean value of the profitability ratios between failed and
non-failed corporations while the alternative hypothesis for positive (negative) t-values
is that non-failed corporations exhibit higher (lower) values than failed corporations
and vice versa. The results exhibit statistically significant difference between failed
and non-failed corporations in five out of nine ratios.

Finally, Table IV reports the descriptive statistics and t-test results of the viability
ratios. Here, the null hypothesis is that there is no significant difference in the mean
value of the viability ratios between failed and non-failed corporations while the
alternative hypothesis for positive (negative) t-values is that non-failed corporations
exhibit higher (lower) values than failed corporations and vice versa. The results report
statistically significant differences between failed and non-failed corporations in only
three out of nine ratios.

In conclusion, 15 financial ratios exhibit statistically significant differences between
failed and non-failed corporations – results that are consistent with the existing
literature. However, not all ratios are considered eligible for model construction due to
multicollinearity problems. Cluster analysis of variables is performed on all 37
financial ratios in order to detect possible inter-correlations among variables. The
Ward linkage method is employed to determine the distance between clusters. Based
on the similarity level, four clusters are selected as the appropriate number. The final
grouping of clusters is reported in Table V. Although there are significant differences
with the initial grouping of ratios based on the existing literature, the results are not
contradictory since the majority of ratios participating:

. in the first cluster are profitability ratios;

. in the second cluster are liquidity ratios;
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. in the third cluster are activity ratios; and

. in the fourth cluster are viability ratios.

The final step before proceeding to the model construction is to apply univariate
discriminant analysis to identify the variables (ratios) from each cluster that exhibit
enhanced discriminant power. The percentage of correct classifications for each ratio is
also presented in Table V and the ratios of each cluster with the highest discriminant
power are highlighted. From the comparison of the t-test results with the univariate
discriminant analysis results, it is easy to comprehend that there are significant
discrepancies. Although there are financial ratios (e.g. CFCLR, CFTLR, NMR, ROA,
EBTPE, ETR, SR) appearing to be significant in both t-test and univariate
discriminant analysis, there are also financial ratios with significant (insignificant)
t-test results that exhibit low (high) discriminant power (e.g. DER) and vice versa
(e.g. LTCTR, LCCR, LTDER). Moreover, these tests often fail to capture possible
interactions among seemingly insignificant variables that attribute massive
discriminant power to prediction models. Apparently, the model construction will be
guided but not limited by these results.

These interactions among seemingly insignificant variables along with the
estimates of the three alternative prediction models are depicted in Table VI. To avoid
multicollinearity problems, only one variable from each cluster is selected. Although
the accuracy of the MDA model is mitigated in the prediction of failed corporations
leading to a 75.9 percent of correct classifications, the model performs better in regards
to the prediction of non-failed corporations leading to a spectacular 93.1 percent of
correct classifications. Since the number of failed and non-failed corporations is
identical, the prior probability of each category equals to 50 percent. The overall
accuracy of this prediction model is balancing to 84.5 percent which is satisfactory for
in sample corporate failure diagnosis.

Consequently, Type I error (probability to misclassify a failed corporation as
non-failed) increases to 24.1 percent and Type II error (probability to misclassify a
non-failed corporation as failed) decreases to 6.9 percent. The assumption of equal

Cluster 1 Cluster 2 Cluster 3 Cluster 4

Ratio
Hit ratio

% of UDA Ratio
Hit ratio

% of UDA Ratio
Hit ratio

% of UDA Ratio
Hit ratio

% of UDA

NMR 74.10 CR 65.50 DIR 50.00 ETR 67.20
ROCE 63.80 QR 65.50 LDIR 51.70 FATR 53.40
ROE 36.20 CFR 60.30 ITR 48.30 TATR 55.20
ROA 67.20 LCFR 56.90 LITR 48.30 FLR 56.90
DY 51.70 CFCLR 65.50 RTR 44.80 SR 69.00
EBTPE 69.00 CFTLR 65.50 LRTR 50.00 DER 53.40
LEBTPE 67.20 GMR 58.60 TCTR 58.60 LTCFAR 37.90

TIE 50.00 LTCTR 60.30 POR 43.10
EDR 67.20 CCR 53.40
FATAR 55.20 LCCR 58.60
RSCR 51.70 LTDER 58.60

Note: Hit ratio of UDA is the percentage of correct classifications based on the univariate discriminant
analysis model

Table V.
Cluster analysis of

variables
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impact – cost between Types I and II errors is made although not always valid,
particularly in credit exposure decisions. Moreover, the x 2 statistic is sufficient to
reject the null hypothesis that the mean values of the preceding classification functions
are equal between failed and non-failed corporations. As for the variable selection,
LEBTPE and ETR confirm both t-test and univariate discriminant analysis results.
Surprisingly, the interaction of RSCR and LTCTR attribute to the model enhanced
discrimination power, even though the former ratio is considered insignificant
according to both t-test and univariate discriminant analysis, while the latter ratio is
considered insignificant only in t-test results.

As far as the logit and probit models are concerned, the results of estimated
coefficients and accuracy of the two models are considered as similar since they both
achieve 81 percent of correct classifications and certainly their accuracy is mitigated in
comparison to MDA. However, the Type I error is decreased to 20.7 percent and the
Type II error is increased to 17.2 percent for both models. The x 2 (Hosmer-Lemeshow
and Pearson) statistics are sufficient (0.781 and 0.911) to accept the null hypothesis that
the logit and probit models adequately describe the data.

The preceding analysis is based on a cut-off value of 0.50. Both the logit and probit
models maximize their accuracy at the 28th percentile (cut-off value of 0.28) where they
reach the hit ratio (84.5 percent of correct classifications) of MDA. For this percentile,
the Type I error is minimized to 0 percent and the Type II error is increased to
31 percent. This massive increase of the Type II error is an indication that there is no
sample selection bias since the non-failed corporations of the sample contain not only
low-risk and profitable corporations but also medium risk corporations which
temporarily suffer from losses. LEBTPE and ETR confirm both t-test and univariate
discriminant analysis results in these models too. The informative content of the
interaction of RSCR and LTCTR are also verified in the logit and probit model. In any
case, Table VI also reports the significance of each variable for both models.

On the other hand, the signs of certain estimated coefficients may appear to be
controversial and difficult to explain. In particular, the negative sign of LEBTPE is the
most rational since the higher the profitability per employee the lower the probability
of corporate failure. The positive sign of an activity ratio such as ETR is seemingly
contradictory because it is expected that the higher the activity, the lower the
probability of corporate failure. However, ETR should not be perceived as an activity
ratio but rather more as a viability ratio since it shares many common characteristics
with other viability ratios of the fourth cluster in Table V. Here, the impact of the
denominator (equity) is dominant and thus, failed corporations exhibit much higher
values of ETR because they are highly leveraged (trivial amount of equity due to
severe losses). The positive sign of RSCR is difficult to explain because conservative
dividend policy is expected to characterize non-failed corporations and not the
opposite, which is the case (failed corporations exhibit much higher values of RSCR
because they are probably highly leveraged). This ratio will be revisited in the next
section. Finally, failed corporations enjoy higher trade credit due to default or
inaccessibility of bank credit, and consequently, the positive sign of LTCTR is well
justified. This is consistent with the prior work of Beck and Demirguc-Kunt (2006) who
concluded that SMEs have limited access to formal sources (bank) of finance compared
to large firms because SMEs have less collateral to offer and consequently, they resort
to informal sources of finance such as moneylenders, trade credit and friends.
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The preceding analysis concerning the signs of the independent variables is also
supported by the correlation matrix cited in Table VII. Moreover, the absence of extreme
correlation values (below the diagonal) attributes sufficient robustness to the proposed
model even though multicollinearity is irrelevant in the MDA model (Eisenbeis, 1977).

5. Discussion and practical implications
Along with t-test and univariate discriminant analysis, a widely adopted methodology
for variable selection process is to test the accuracy of existing popular models in new
context. Although this practice verifies, validates, or impairs the robustness of existing
“old” familiar variables, it distracts academia from identifying “new” value-relevant
variables capable of enhancing the accuracy of corporate failure diagnosis models.
Moreover, this practice usually fails to capture possible interactions among seemingly
insignificant variables that exhibit incremental information content and attribute
massive discriminant power to these models. As reported in Tables I-V, “old” familiar
variables such as ROA, TATR, CR and SR employed by existing models (e.g. Altman,
Ohlson, Zmijewski) are considered as significant in this study as well. However, their
interaction does not attribute any incremental discriminant power to the prediction
models especially in a SMEs context.

Alternatively, this study explores the impact of “new” value-relevant variables on
the accuracy of the prediction models. One of these value-relevant variables is
LEBTPE. Ironically, LEBTPE outperforms traditionally familiar profitability
ratios like NMR and ROA not only in t-test and univariate discriminant analysis,
but it also attributes incremental accuracy to the corporate failure diagnosis models.
This study provides evidence that the contribution of human capital is immensely
more important to the viability of SMEs than the large corporations or better yet, the
contribution of human capital is higher in non-failed than in failed corporations.
The main reason for this phenomenon is the employee well-being. Corporations with
strong interest in employees’ well-being (higher scores for employee involvement,
health and safety policies and workforce reductions) exhibit significantly lower
bankruptcy risk and leverage (Verwijmeren and Derwall, 2010).

The current literature which is confined to large or listed corporations prefers NMR
and ROA to LEBTPE since it incorporates other financial ratios like the market value
of equity to total liabilities (Altman, 1968) as proxies to capture the contribution of
human capital to corporate viability. This contribution of human capital is perceived as
the amount of goodwill created, “going concern”. However, this rationale embodies two
significant flaws because:

(1) it attributes the entire amount of goodwill to human capital and not to other
factors such as the adoption of certain financial reporting standards
(e.g. historical cost accounting, conservatism principle); and

Variables LEBTPE ETR RSCR LTCTR

LEBTPE 1.000
ETR 20.223 1.000
RSCR 0.184 20.038 1.000
LTCTR 20.108 20.204 20.330 1.000

Table VII.
Correlation matrix
of variables
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(2) it pre-supposes that the market value of equity is feasible to be assessed when
the vast majority of SMEs do not have access to capital markets and other
secondary liquid markets are absent.

Consequently, the contribution of human capital to SMEs’ viability is neglected by the
existing prediction models even though it is more important to them than the large
corporations.

As admitted in the previous section, the positive sign of RSCR is difficult to explain
since conservative dividend policy and high degree of self-financing are presumably
properties of non-failed corporations and not the opposite. One possible explanation for
this ratio is the impact of the denominator (share capital) which is dominant and thus,
failed corporations exhibit much higher values of RSCR because they are highly leveraged
and their shareholders are less willing to contribute additional capital (trivial amount of
share capital). In contrast, shareholders of non-failed corporations are more willing to raise
additional capital to shield their investment. The question that arises here is, which are the
latent variables that urge (avert) the shareholders of non-failed (failed) corporations (not) to
contribute additional capital and vice versa? Nevertheless, the preceding hypothesis
remains to be supported or falsified in a future study.

The accuracy of corporate failure diagnosis models is fundamental in credit risk
management. In fact, Basel II allows financial institutions to choose between two principal
options for the assessment of their credit risk: the standardised approach and the internal
ratings based (IRB) approach (BCBS, 2004). There is evidence that low-risk corporations
(customers – SMEs with lower probability of default) enjoy lower loan interest rates in
large financial institutions which adopt an IRB model while higher-risk corporations
(customers – SMEs with higher probability of default) enjoy relatively lower loan interest
rates in small financial institutions which adopt the standardised approach (Ruthenberg
and Landskroner, 2008). This is consistent with the prior work of Altman et al. (2002) who
investigated the relative accuracy of the standardised model’s risk weights under Basel II
framework.

Thus, the majority of large financial institutions have an incentive to construct their
corporate failure diagnosis models based on internal default experience and/or mapping to
external data incorporating quantitative as well as qualitative variables (Kosmidis and
Terzidis, 2011). In cases where financial institutions choose to estimate the probability of
default of their SME clients based on existing statistical default models, which:

. derive from sample selection processes embodying an endogenous drawback;

. ignore the contribution of human capital; and

. miss the interaction among seemingly insignificant variables, these financial
institutions will suffer excessive losses due to the mitigated accuracy of existing
prediction models.

Accordingly, the Basel Committee on Banking Supervision (BCBS, 2009) should
recognize the importance of the preceding analysis, which was merely neglected in its
proposed enhancements to the Basel II framework.

6. Conclusions
The motivation of this paper is the inability of credit rating models to ascertain
the risk associated with the US sub-prime mortgage market and the scarcity of
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corporate failure diagnosis models based on SMEs data. The main objective is to
construct accounting-based corporate failure diagnosis models with SMEs data from
Greece. The inability to construct a market-based model for SMEs due to their absence
from capital markets should not be perceived as a drawback since accounting-based
models evidently outperform in terms of differential error misclassification costs.
The empirical results of our study show that the MDA model is more accurate
than the logit and the probit model in terms of correct classification; no significant
difference is witnessed between the results of the logit and the probit model. Only at
the 28th percentile the logit and the probit model reach the hit ratio of the MDA model.
In that case, they exhibit much lower misclassification costs since their Type I error is
minimised to 0 percent while the Type I error of the MDA model is 6.9 percent.

A key issue in our analysis is the identification of “new” value-relevant variables
that enhance the accuracy of corporate failure diagnosis models in an SMEs context.
The contribution of human capital is significantly higher in non-failed corporations
than in failed. The research results validate the existing literature, which supports the
statistic that corporations with strong interest in employees’ well-being exhibit much
lower bankruptcy risk and leverage. Moreover, failed corporations enjoy higher trade
credit because they have limited access to formal sources of finance such as bank credit
and exhibit much higher values of ETR since they are highly leveraged. Additionally,
the proposed models capture interactions among seemingly insignificant variables
such as RSCR and LTCTR that exhibit incremental information content and attribute
massive discriminant power to these models.

The scarcity of publicly available information about SMEs, especially the bankrupt
ones, was one of the main obstacles of this study. However, the results of this paper
encourage regulatory authorities to adopt enhancements to the Basel II framework in
order to avoid the repetition of the current economic crisis in the future and financial
institutions to construct their corporate failure diagnosis models for SMEs based on
internal default experience and mapping to external data incorporating quantitative as
well as qualitative variables by the provision of “new” value-relevant variables that
enhance the accuracy of the existing models. Finally, the paper raises questions that
remain to be supported or falsified in future studies.

Notes

1. Corporations employing more than 50 persons and/or have an annual turnover exceeding
e5 million, and/or an annual balance sheet total exceeding e2.5 million (two out of preceding
three criteria) are audited by CPAs (L.2190/1920).

2. Alternatively to note 1, corporations that have an annual turnover exceeding e1 million are
audited at least by one CPA or two certified external accountants, members of the Economic
Chamber of Greece (L.2190/1920).

3. According to Greek Financial Reporting Standards, revaluation of assets is compulsory
every four years in compliance with ratios provided by the Ministry of Finance. This
obligation applies also to corporations which adopted IFRS.
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