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Abstract

This paper evaluates the impact of accounting and market-driven information on the
prediction of bankruptcy for Greek firms using the discrete hazard approach. The findings
show that a hazard model that incorporates three accounting ratio components of Z-score
and three market-driven variables is the most appropriate model for the prediction of
corporate financial distress in Greece. This model outperforms a univariate model that
uses the expected default frequency (EDF) derived from the Merton distance to default
model, a multivariate model that is exclusively based on accounting variables, a model
that combines EDF and accounting variables and a multivariate model that uses only
market-driven variables. In-sample forecast accuracy tests confirm the main results. The
out-of-sample evidence also suggests that the model yields the highest predictive ability
during financial crisis when using data prior to the financial crisis.
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1 Introduction

Corporate financial distress prediction is a central issu@pirical finance. Since Beaver
(1966) and Altman (1968) a significant body of research usesumting ratios to predict
corporate bankruptcy.More recent studies are based on market information to measu
distress risk. In particular,a firm’s distance to defaulesimated by applying Merton’s
(1974) structural model for pricing corporate debt. Thesmlets are widely known as
Merton distance to default models (hereafter, Merton DD et®)d Shumway (2001) ap-
plies a discrete hazard model to predict bankruptcy comfiboth accounting and market
information. His model considers all the available obstove for bankrupt and non-
bankrupt firms addressing efficiently problems associatéiuimased parameter estimates
and statistical inference observed in previous studiesngbell, Hilscher and Szilagyi
(2008) use the estimated probability of financial distrem$ved from a hazard model to
explore how distress risk is priced in the equity marketldvwaihg Shumway (2001),Agar-
wal and Taffler (2008) apply discrete hazard analysis to @mpccounting-based versus
market-based models for UK firms.

The recent economic crisis of 2007 along with the ongoingpEome debt crisis high-
light the importance of predicting accurately financiati@iss in the corporate sector, which
is a crucial aspect of the economy. While there is extensiaeace on the performance
of hazard models for large developed countries with Angloes financial systems, such
as US and UK, we know little about the ability of hazard modeldorecast corporate
bankruptcy for smaller countries. In this paper we assespdinformance of hazard mod-
els to predict financial distress for Greek firms using actiagrand market information.
The contribution of the study is twofold. First, to the be§toar knowledge, there are
no other studies that evaluate the performance of bankrypediction models for Greek

firms using the hazard approach of Shumway (2001). In pdaticwe use a large set of

1See, for example, Ohlson (1980), Taffler (1983) and Zmijé\(&$84).
2For papers that use Merton DD models see for instance,\@ssald Xing (2004), Duffie, Saita and
Wang (2007) and Bharath and Shumway (2008) are among others.



accounting and market information to compare the perfooaaf various hazard models
that use either accounting ratios or market-driven vagigland a combination of the two.
This will shed light on what type of variables contribute mtwsthe prediction of corpo-
rate financial distress in Greece. Second, the Greek maakeinioreasingly attracted the
attention of both academics and practitioners due to itergdgn debt crisis. During 2000s
Greek external debt increased significantly mainly due éddhnge amount of government
borrowing. The economic crisis of 2007-2008 drove up Gredmmrowing costs. Greece’s
credit default swap spreads (CDS) surpassed 900 basis pairi-year CDS and closed at
760 basis points at the end of April 2010. In May 2010, the &gm/ernment, European
Union, European Central Bank, and the International Maydtand announced a major
financial assistance package for Greece. This bailout waditianal on compliance with
the implementation of austerity measures to restore thal fimdance along with the im-
plementation of far-reaching economic reforms. Ireland weaxt to require a bailout in
November 2010, with Portugal following in May 2011. The gdblinancial crisis along
with the Eurozone debt crisis provide us with a unique oppoty to examine the fore-
cast accuracy of bankruptcy prediction models for Greekdiduaring these two crucial
economic events.

The empirical design of the paper is based on a discrete dhazadel in the spirit of
Shumway (2001). This enables us to evaluate the abilityad@ating and market informa-
tion to forecast corporate financial distress. In particul@ focus on a model that contains
solely the accounting ratio components of the Z-score anddeirthat is based exclusively
on the expected default frequency (EDF), which is derivethfthe Merton DD model. We
proceed to explore the performance of a hazard model thaaiosnthree market-based
variables, i.e., market capitalization, past excessmstand stock return volatility. Finally,
we combine accounting with market-driven variables to tezbrporate default.

The results show that three accounting ratio componentseaf tscore contribute sig-

nificantly to the prediction of corporate financial distrés<reece. In particular, sales



to total assets and profitability are negatively associatih the probability of financial
distress whereas financial risk is positively related toghabability of financial distress.
However, liquidity cannot explain the likelihood of banktay. We document that the EDF
has a positive impact on the probability of financial dissnesing a univariate hazard model.
When the EDF is combined with accounting ratios in a multaterhazard model, the EDF
is marginally related to bankruptcy prediction. Using adrdzanodel exclusively based on
market information, we show that relative size and excess §tack returns have a neg-
ative effect on the probability of bankruptcy whereas statkirn volatility has a positive
effect. Incorporating accounting ratios with market-tthgariables we show that sales to
total assets, profitability, financial risk, excess retuand stock return volatility retain the
expected signs. However, relative size fails to remain aifsognt predictor of corporate
financial distress.

To evaluate the performance of the models relative to edwr,ore use Vuong’s (1989)
test to compare the log-likelihood ratios of the hazard nsd&/e provide evidence that the
combination of sales scaled by total assets, profitabitityfanancial risk with relative size,
excess returns and stock return volatility best capturesdhiation in the actual probability
of bankruptcy. We also document that stock return volgthias the largest impact on the
prediction of financial distress. In-sample forecast tksi shows that this model identifies
the highest number of bankrupt firms and exhibits the higpesdictive ability. Also, we
provide evidence that a hazard model that contains onle thmarket-driven variables and
a multivariate model that uses the accounting ratios of tseate perform better than a
univariate model that contains the EDF. To provide stroreygdence on the predictive
ability of the hazard models we perform out-of-sample fastdests. We estimate the
models using data prior to the global financial crisis, ifeam 2002-2006 and use the
estimated coefficients to predict corporate bankruptciesd the global financial crisis,
I.e., for the period 2007-2011. In line with the in-sampleewnce, we show that the model

that incorporates three accounting ratios with three ntadkeen variables classifies the



largest number of bankrupt firms and provides the most atefwaecasts throughout the
economic crisis.

Further to the main findings of the paper, we examine wheliebéhavior of account-
ing and market-based predictors of corporate financiatefistvaries across shorter time
periods focusing on pre-financial crisis and post finangial< For the period 2002-2006,
sales to total assets, profitability and excess returnsteyegdy associated with the pre-
diction of bankruptcy. During the financial crisis (2007120 only financial risk has a
significant impact on the probability of financial distresBhis should not be surprising
when forecasting corporate bankruptcy during financiaisri As stated by Campbell et
al. (2008, 2900), “ it would not be useful to predict a hearaek by observing a person
dropping to the floor clutching his chest”. We also invedtghe impact of the Greek ad-
justment programme signed in May 2010 on the forecastiniyabf the hazard models.
We document that the in-sample predictive ability of thetlmesdel has weakened since
the implementation of the fiscal adjustment programme sstggethat the programme was
associated with a structural break in economic behaviourally, we examine whether
macroeconomic factors are associated with the probalofifinancial distress for Greek
firms. We provide evidence that there is no impact of govemirhend spreads, domestic
credit scaled by GDP and GDP growth on the likelihood of caapmbankruptcy.

The rest of the paper is organized as follows. Section 2 gesva methodological
background on modeling the probability of financial distrasing the discrete hazard ap-
proach. Section 3 describes the Greek dataset. Sectiosdnpsehe main results from the
various discrete hazard models and the respective foracastacy tests. It also discusses

the results from the robustness tests. Section 5 concludes.



2 Empirical design

Several econometric techniques have been used to predptrate financial distress in
previous studies. Altman (1968) employs multivariate distant analysis to determine
the Z-score, which is a widely used measure for predictimkhagtcy for US firms; Taffler
(1983) employs the same technique for UK firms. Altman, Halde and Narayanan
(1977) use quadratic discriminant analysis to identify §irm danger of going bankrupt.
Ohlson (1980) estimates a conditional logit model to geteetfae probability that a firm
will enter bankruptcy (known as the “O-score”) while Zmijskv (1984) estimates a probit
model. Lau (1987) uses a multinomial logit model that alldassmore than two states
of financial distress. Most of these estimation methods leen applied to the Greek
context; see, for example, Gloubos and Grammaticos (198&odossiou and Papoulias
(1988)and Papoulias and Theodossiou (1992). However, ®hyif2001) argues that these
bankruptcy forecasting models are misspecified as they tiproperly address the length
of time that a healthy firm has survived. In particular, suatdels are static because they
use only one firm-year observation for a non-failed firm. Agsuit, the number of non-
bankrupt firms is arbitrarily chosen. This induces a sedectias. Shumway (2001) docu-
ments that ignoring firm-year observations with respedh&é¢ngth of time a healthy firm
has survived produces biased and inconsistent estimatbe @garameters of the model.
He also shows that this caveat is properly addressed by asiisgrete time hazard model.
In the hazard model, the hazard rate is the probability ofithe going bankrupt at time
t conditional upon having survived until tinte Therefore, the probability of bankruptcy
changes through time.

The competitive advantage of the hazard approach is twofdlast, it allows re-

searchers to take advantage of all the available firm-yeserohtions. Second, it enables

3Non-parametric statistical approaches have also beentaseedict corporate financial distress. For
example, artificial neural networks ; e.g., Altman, Marcad Maretto (1994), the rough set approach; e.g.,
Dimitras, Slowinski, Sumaga and Zopounidis (1999) the ititéria decision aid approach; e.g., Zopounidis
and Dimitras (1998) and the multi-group hierarchical dieanation approach; e.g., Doumpos, Kosmidou,
Baourakis and Zopounidis (2002).



the probability of bankruptcy to change over time as a fuamctf a vector of explanatory
variables that also change over time. While previous studere merely based on account-
ing ratios, Shumway (2001) uses a combination of accoumtimtgmarket information that
both vary over time to estimate the probability of financiatess following the hazard
approach. We evaluate the contribution of accounting andketrariven variables to the
prediction of corporate financial distress in Greece empbpg discrete hazard model. The
hazard model is estimated as a dynamic logit model usingmrmuani likelihood estimation
method. The specific analysis in this study is based on aelesstyazard model and is of

the following form:

= a(t) + B'xit (1)

hi(t)
" [1— hi(t)

whereh;j(t) represents the hazard of bankruptcy at tinfer companyi, conditional on
survival tot; a(t) is the baseline hazar; is a vector of coefficients and; ak x 1 vector
of observations on thé&h covariate at timé. The innovative feature of this approach,
as Shumway (2001) shows, is that the discrete-time hazadehotan be estimated as a
dynamic multi-period logit model where each period that @ faurvives is included as a

non-failing firm-year observation. Therefore, we estinthgeprobability of bankruptcy as

1

Ptfl(Yit = 1) - 1+exp(—a - B/Xit—l)

(@)

whereYj is a variable that equals one if firmenters financial distress in yegarzero
otherwise. 3 andx are as before. Notice that we use data dated in estimating the
probability of bankruptcy. This is to ensure that we only da&a that is actually available

prior to the occurrence of bankruptcy.
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3 Sampleand data

The sample consists of Greek firms that operate in Greece rankisted on the Athens
Stock Exchange (ASE). We obtain the accounting data and #nkendata from Thomson
Reuters Datastream. We exclude financial firms and utiliteas the sample. We exclude
firm-year observations for which we do not have availabledahe initial sample consists
of 303 active (227) and inactive (76) Greek listed firms witA1® firm-year observations
over the period 2002-2010. The hazard approach requiraslehéfication of bankrupt
firms. We consider a firm to be dead when it is delisted from tis=AWe gather this
specific information from the Athens Stock Exchange and tlederic Capital Market
Commission. We define a firm as bankrupt if it is delisted fromAthens Stock Exchange
due to bankruptcy or if the firm is forced to suspend its shéskswing a report of the
Hellenic Capital Market Commission. We identify 37 bankrtipns; the remaining firms
(39) were delisted from ASE for other reasons that are beyloedcope of the paper, such
as mergers and acquisitions. Table 1 provides detailednre#ion on the definition of all
variables used in the study.

With respect to accounting information the analysis of thpeay is focused on the ac-
counting ratios of the Z-score based on Altman (1968) anflerafL983). In particular,
we use net sales divided by total assets (SAIRS, profitability defined as earnings be-
fore interest, taxes, depreciation and amortization tal ssets (EBITDATA), financial
risk measured as current liabilities to total assets_{@l) and liquidity defined as cur-
rent assets minus current liabilities scaled by total as@4QUID). To consider the role
of market information in the bankruptcy prediction for Gkdegms, we use the expected
default frequency (EDF) estimated from the Merton DD modléé analyse how the EDF
is derived from the Merton DD model in the Appendix. Note ttte EDF has no mean-
ing in a logit model as it is expressed in the form of a probghiwhich is inconsistent
with the assumptions of a logit model. Therefore, based dledsist, Keating, Cram and

Lundstedt (2004), in the next section we transform the ER& an‘score”, EDF-SCORE,
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using the inverse logistic functioBDF — Score=In(EDF /(1 — EDF)) when performing
logit regressions. We also use the three market-basediesithat have been included in
Shumway’s (2001) model, i.e. relative size (RBLZE), which is defined as the equity
market capitalization of the firm relative to total equityniet capitalization, excess stock
returns (EXRET) and idiosyncratic stock return volatilf§1GMA). Table 1 describes the
variables in more detail. We winsorize the independentades at the 0.5th and 99.5th
percentiles of the distribution to deal properly with oeitti. Descriptive statistics for the
core explanatory variables are reported in Table 2.

According to Table 2, the distribution of SALEA is positively skewed while the dis-
tribution of EBITDA_TA is symmetrical. We also observe that the market-basddhblas,
REL_SIZE, EXRET, SIGMA and EDF are the most volatile variableheTaverage ex-
pected default frequency (EDF) for our sample is 10%, whicblose to the bankruptcy
rate of our sample (12%). The bankruptcy rate is defined akrbpnfirms (37) divided
by the total number of firms (303). The minimum value of EDFeszand the maximum
0.51. This is because the descriptive statistics in Tablee2eapressed to two decimal
places. The average and the median of RHEE is negative as it is defined as the loga-

rithm of a generally small number; see, Table 1.

4 Results

4.1 Predictive ability of discrete hazard models

We estimate the probability of financial distress for Greet$i using a series of multi-
period logit models each of which contains different infatian. The results are presented
in Panel A of Table 3. The first column provides evidence orathikty of accounting infor-
mation to predict financial distress. The column named ACE&rmodel that incorporates
accounting ratios that are used to calculate the widely kndvscore. The results show

that SALESTA and profitability are negatively related to the probabpilof bankruptcy
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whereas CLTA is positively associated with the probability of bankicyp However, lig-
uidity is not a significant predictor of bankruptcy. Over#iree out of four accounting ratio
components of the Z-score are relevant to the forecast aidiabdistress. EDF presents
the results from a univariate model that uses an equivalestsore of the expected de-
fault frequency (EDF-score), derived from a Merton DD modsla predictor of financial
distress. As expected, we find that there is a positive assogibetween EDF-score and
the probability of financial distress. The next column, AGEINF, presents the results of a
model that combines the accounting ratios incorporateldamMCCR model with the EDF-
score to forecast financial distress. The signs of the caagifie of sales to total assets,
profitability, financial risk and the EDF-score remain uaedtd. However, the predictive
power of the EDF-sccore weakens compared to the EDF column.

The model in the MV column predicts the probability of finaadistress using three
market-driven variables, i.e., relative size, excessrnstand stock return volatility. The
results show that relative size and excess returns haveativee@nd significant impact
on the probability of bankruptcy, whereas stock return tiithahas a positive and signif-
icant effect on the probability of bankruptcy for Greek fitmEhis is consistent with US
evidence; see, Shumway (2001) and Campbell, Hilscher aitaggz(2008). MVACCR
column reports the results from a model that combines treethrarket-based predictors
with the three accounting ratios of the Z-score. Unlike AGIH column, there is strong
evidence that both accounting and market information pieiyrgportant role in the predic-
tion of financial distress for Greek firms. We show that satettal assets, profitability
and excess stock returns are negatively associated withrélaéction of financial distress.
Financial risk and SIGMA are positively associated withphediction of financial distress.
However, there is no impact of relative size on the probihilf financial distress.

Apart from the choice of variables that contribute to thedpston of financial distress,
the evidence on which of the above models best capturesabalpitity of financial distress

for Greek firms is considerably appealing. This will leadie most accurate bankruptcy
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prediction model. To this end, we follow Hillegeist, KeajjrCram and Lundstedt (2004)
and use the comparison test of Vuong (1989) model. Vuong9)188velops a test for
choosing between two modeisand j. Under the null hypothesis that there is no differ-
ence between the two models, the log of the ratio of the hiogld for model to that for
model j should be zero. If the difference is significantly positivés preferred toj and
vice versa. Vuong (1989) derives a statistic that allowsuedt this hypothesis. Under the
null hypothesis that there is no difference between the atimgp models, the test statistic
has a standard normal distribution. Panel B of Table 3 costasults of the Vuong test for
the models shown in Panel A of Table 3. First, we investigate the MVACCR model
performs versus the ACCR model. The z-statistic derivenhftbe Vuong test is positive
and significant at 10% showing that the MVACCR outperformdmodel. Therefore,
accounting information alone is not sufficient to estimat@ecurate probability of corpo-
rate financial distress. Instead, the combination of acogiand market information is
needed to explain the probability of financial distress foe€k firms. We also document
that the MVACCR model yields a more efficient estimate of thabgability of bankruptcy
than the model that is exclusively based on expected ddfagiuency (EDF). MVACCR
model captures more effectively the probability of finahdiatress than a model that com-
bines the accounting ratios with EDF; see, ACCREDF columNRARICR model is better
than MV model. Therefore market information alone cannetpt financial distress ade-
quately. We also find that there is no difference between Mdehand the ACCR model.
Finally, we report that both the MV and the ACCR model outperf the univariate EDF
model.

Table 4 shows the marginal effects of the explanatory vigbn the probability of
financial distress for each hazard model. In the ACCR modebbserve that profitabil-
ity has the largest impact on the probability of financiakmiss. Also the magnitude of
the coefficient of financial risk is higher than that of saletdtal assets. Liquidity has

no impact on the probability of financial distress, in linglwiable 3. In the EDF model,
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the EDF-score impacts on the probability of financial dstreHowever, the magnitude of
the effect is low. In the ACCREDF model, the effect of the EBdore on the probability
of financial distress disappears when incorporating adoogimatios. In the MV model,
the idiosyncratic stock return volatility captures mosttloé variation of the probability
of financial distress. Also, firms’ excess stock returns Hagéer predictive ability than
the relative size. In our best model, MVACCR, profitabilitycarelative size do not im-
pact on the probability of financial distress. Stock retusfatility contributes most to the
prediction of bankruptcy.

To provide a better understanding of the predictive abifityns are sorted into groups
in descending order based on the probability of bankrupstynated by each of the haz-
ard model described in Table 3. In particular, groups ondteet contain firms that are
more likely to go bankrupt. Group one consists of firms théiileix the highest estimated
probability of bankruptcy, while groups four to six contditose firms that are less likely
to enter financial distress. Group 6 contains firms with theekt predicted probability of
bankruptcy. To investigate the predictive ability of a halzamodel we define the percentage
of bankrupt firms that are allocated to the various groupsheyestimated probability of
financial distress derived from each model. This can be thibeigas a means by which we
can assess the ability of the models to correctly classgeHirms that went bankrupt as
likely to go bankrupt. In particular, for each model, we ragbe percentage of bankrupt
firms classified in firms with high probability of financial thiess (groups 1-3). Also, for
each model, we show the percentage of bankrupt firms classifierms with low prob-
ability of financial distress (groups 4-6). This represeghtsmisclassification rate of each
model. The ideal case would be all the bankrupt firms to becalta in groups one to
three implying that the model does not suffer from misckassion. However, this is very
rare. Therefore, the main objective is to minimize the dfesgion error when assessing a
bankruptcy forecast model. Table 5 presents the results.

At first glance we observe that each of the hazard model it large number of
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bankrupt firms in groups 1-3, i.e., firms that are more likelgd bankrupt than less. Look-
ing at Table 5 more thoroughly we observe that the ACCR mddskdies more than 60%
of the bankrupt firms (61.29%) in group 1 and 87.09 % in grou@s As we move from
group 4 to 6, which include firms with the lowest probabilifyfimancial distress derived
from ACCR model (groups 4-6), one would anticipate a lowembar of bankrupt firms
to be identified. However, group four and six incorporateshme percentage of bankrupt
firms, i.e., 3.23% of bankrupt firm. In total the ACCR model wgty classifies 12.91%
of bankrupt firms in Deciles 4-6. The EDF model exhibits thast@erformance of all
hazard models. It correctly places only 52% of firms that gakibapt in groups 1 through
3 and has the highest misclassification rate. In partictiarEDF model classifies 48% of
bankrupt firms in the groups with the lowest probability ofaficial distress; see, groups
4-6. ACCREDF model classifies the highest number of banknups ( 91.30%) in groups
one to three. It also exhibits the lowest misclassificatiaie 1(8.70%); see, groups 4-6.
However, it only identifies 23 bankrupt firms and fails to alite the highest number of
bankrupt firms in group 1 (60.87%). While the MV model presdlitiie highest number
of bankrupt firms, i.e., 35 firms, it correctly predicts onl.29% of those firms that ac-
tually go bankrupt as more likely than to go bankrupt; seeugs 1-3. Also, we would
expect a higher number of firms to be identified in group 2 timegroup 3. Instead, 8.57%
of bankrupt firms are identified in group 2 whereas 11.43% okbapt firms are identi-
fied in Decile 3. Moreover, it has a high misclassificatiorey&5.71%; see, groups 4-6.
The MVACCR model, which combines accounting with marketin variables yields the
greatest predictive ability, identifying 31 bankrupt firmiscorrectly classifies the highest
number of bankrupt firms in group 1, i.e., 74.19% and 90.32%raups 1-3. It also ex-
hibits a very low misclassification rate, i.e., 9.68% in gyre4d-6. Hence the probability of
financial distress estimated by the MVACCR model allocatestreffectively the number
of bankrupt firms.

In-sample forecast tests can be driven from over-fittinghefdata. Therefore a more
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realistic test to evaluate the performance of a forecastiadel is its out-of-sample predic-
tive ability. To provide a deeper analysis of the predictdity of the hazard models we
perform out-of-sample forecast tests. We re-estimateadlzard models described in Table
3 using data from 2002-2006, i.e., the period prior to thégldinancial crisis. We use
the estimated coefficients of the variables for each modedddict corporate bankruptcies
throughout the financial crisis, i.e., for the period 20@2-2. The results are shown in Ta-
ble 6. We observe that our best model, when judged on in-safocasting, MVACCR,
exhibits the best out-of-sample performance. It classtfieshighest number of Greek
bankrupt firms during the financial crisis within the group3 li.e., 92.31%. It also yields
the lowest misclassification rate 7.69%. The ACCR and ACCREiddels have the same
out-of-sample performance, which is considerably lowantthat of the MVACCR model.
In particular, both models allocate 84,62% of bankrupt firmthe groups with the high-
est probability of financial distress (groups 1-3) and naissify 15.38% of bankrupt firms
in groups 4-6. MV model identifies 73.33% in groups 1-3 anddaates inappropriately
26.67% of bankrupt firms in groups 4-6. Finally, in-line witke in-sample evidence, the
EDF models has the worst out-of-sample predictive ability.

Taken together the results in Tables 3, 4, 5 and 6 we provgigtits into forecasting the
probability of financial distress for Greek firms. We showttiee MVACCR model, i.e., a
model that includes three accounting ratios and three ridrkeen variables best describes
the probability of bankruptcy. However, the findings striyrgyiggest that the choice of ac-
counting and market information matters when evaluatinghanttial distress prediction
model. We provide evidence that a model that uses the EDIg tisenMerton DD model
has considerably lower predictive ability than a model tnsgs three market-based vari-
ables suggested by Shumway (2001). The results also showehber accounting ratios
(net sales scaled by total assets, profitability and finamisk) alone nor market-driven
variables (market capitalization, excess past stockmstand stock return volatility) alone

are sufficient to predict corporate bankruptcy in Greece.
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4.2 Robustness Tests

To explore the predictive accuracy of the hazard models skerter time horizons, we
split the sample into two subperiods, i.e., 2002-2006 ar@/2Z2010. The two subperi-
ods are not randomly chosen. We explore the performancesaliicrete hazard models
before the global financial crisis (2002-2006) and durirgdlobal financial crisis (2007-
2010). Panel A of Table 7 presents the results for the meltiepl logit models for the
period 2002-2006. The ACCR column shows that sales to tesgta and profitability
are negatively associated with the probability of finandiatress whereas financial risk
is positively associated with the probability of financigtdess at 10%. As with Table 3,
the EDF column documents a positive relation between the-&fdfe and the probability
of financial distress. However, when the EDF is combined withaccounting ratios, it
cannot explain a firm’'s probability of going bankrupt. Thgrsof sales to total assets and
financial risk remain negative and positive, respectividiylike the core findings, liquidity
has a positive impact on the probability of financial distre3his is possibly attributed
to the high percentage of observations with negative vadfidiguidity, i.e., 46%, for the
period 2002-2006. Negative values for the liquidity ratigply that current liabilities are
greater than current assets revealing that firms lack litidhis increases a firm's like-
lihood of going bankrupt. With respect to the MV model, exxpast stock returns have
a negative and significant impact on the probability of defadowever, market capital-
ization and stock return volatility cannot explain the pabliity of financial distress for
2002-2006. The results from the MVACCR model shows that énwly accounting ratios
and one market-based variable are significant predictofmancial distress prior to the
global financial crisis. In particular, sales to total assptofitability and excess past stock
returns play a significant role in the financial distress ytexh for the period 2002-2006.
Panel B of Table 7 presents the results for the multi-perogit Imodels for the fi-

nancial crisis period, i.e., 2007-2010. Based on the ACCRlehwe show that there is

clearly a positive a association between financial risk athgility of financial distress.
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However, there is no impact of the remaining accountingsatin the probability of cor-
porate bankruptcy during the financial crisis. The EDF-sderpositively related to the
probability of bankruptcy; see, the EDF column. With resgeche ACCREDF model,
we document that neither the accounting ratios nor the EBFsignificant predictors of
corporate bankruptcy. The MV column shows that only retasize is negatively associ-
ated with the likelihood of financial distress throughowe fimancial crisis. Finally, when
combining accounting ratios with market-driven variablesly financial risk can explain
the probability of financial distress for Greek firms for thexipd 2007-2010. Overall, we
observe that market-driven information is unable to foseédmnkruptcy for Greek firms
during the crisis as this type of information is forward#owy. Therefore, firms’equity
value has already deteriorated within the financial crisis.

We proceed to investigate the predictive ability of the Indzaodels since the adoption
of the adjustment programme for Greece in May 2010. Thesefoe perform in-sample
forecast accuracy tests extending the sample period omealiead i.e., from 2002-2011.
Table 8 demonstrates the results. We note that the preeladiNity of the MVACCR model
weakens compared to that of Table 5. In particular, the MVRQ@odel predicts 59.38%
of bankrupt firms in the first group and 87.51% in groups 1-3e ifisclassification rate is
higher (12.49% ) than that reported in Table 5 (9.68%). Thsaimple forecast accuracy of
the ACCR and ACCREDF models is similar to Table 4. While the Mddel classifies a
higher number of bankrupt firms (77.15%) in groups 1-3 tha ¢if Table 5, it identifies a
very low percentage of bankrupt firms in the second groupy, 2186%. In line with Table
5, the EDF model has the lowest predictive ability.

We augment the MVACCR model to account for the baseline ldazzte and some
macroeconomic factors. | use the bankruptcy rate (BR) irptheious year as a proxy for
the baseline hazard rate. Column MVACCR-BR of Table 9 prissie results of a model
that incorporates the variables used in the MVACCR modei@ieith the bankruptcy rate.

We provide evidence that the bankruptcy rate is not relaigtie probability of financial
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distress. The remaining variables enter with the expeadtgt svith the exception of prof-
itability and relative size, which do not contribute to thegiction of corporate financial
distress. We also explore whether macroeconomic factgeactron the probability of fi-
nancial distress. In particular, we examine whether terreapdefined as the difference
between a 10-year Greek government bond yield minus a 10&eanan government
bond yield, domestic credit to the private sector scaled BP@nd GDP growth affect the
likelihood of a firm going bankrupt apart from the variable®d in the MVACCR model.
The MVACCR-MACRO column of Table 9 shows that none of the ¢hneacroeconomic
factors are related to the probability of financial distreEssGreek firms. The inferences
on the effect of the remaining variables on corporate bastkyuprediction are the same
as those documented in the MVACCR column of Table 3. Vuongcmsfirms the results
showing that neither the bankruptcy rate nor the three ne@ormomic factors add incre-

mental information to the MVACCR model.

5 Concludingremarks

This paper evaluates the contribution of accounting andketanformation to the pre-
diction of financial distress for Greek firms using the disedeazard approach. The re-
sults show that a model that combines sales to total assefgapility and financial risk
with market capitalization, excess returns and stock ne¢otatility best depicts the prob-
ability of financial distress for Greek firms. The analysiswdrginal effects reveals that
among these variables, stock return volatility impacts tnaosthe firm’s probability of
going bankrupt. With respect to market information, a mddat contains market capital-
ization, excess returns and stock return volatility expddietter the probability of corporate
bankruptcy than a model that includes the EDF. When comitiia EDF with accounting
ratios, the contribution of EDF to the prediction of bankiypis marginal. Evidence is

inconclusive on whether accounting ratios contain morai@ant information about the
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prediction of financial distress than market-based vaegmbDverall, we suggest that both
are necessary to forecast bankruptcy. However, the chéicar@mables matters as it can
improve the forecasting ability of the model.

We conduct forecast accuracy tests to investigate in dégtiprtedictive ability of the
hazard models. In-sample evidence is in line with our comirigs. The model that com-
bines the three accounting ratios with three market-basedhles exhibits the highest
predictive ability. We also perform out-of-sample teststtbnables us to provide insights
into the forecasting ability of the hazard models duringglabal financial crisis with data
prior to the financial crisis. Out-of-sample results conftirat the model with the best in-
sample predictive ability also allocates the highest paegge of bankrupt firms within the
financial crisis. This clearly shows that the proposed mpdalides early warning signals
of the upcoming financial crisis.

We perform some robustness tests. We evaluate the impdet attounting and market
information on bankruptcy prediction for Greek firms ovenghr time periods, specifically
the pre and post financial crisis periods. We provide evidéhat sales to total assets, prof-
itability and excess returns are associated with the pibtyatf financial distress for the
period prior to the financial crisis. However, only finangiak predicts corporate financial
distress in the post-financial crisis period. We also doairtieat the misclassification rate
of the best model has increased since the adoption of thetatgut programme. Finally,
we document that macroeconomic factors, i.e., governmamd Bpreads, domestic credit
to the private sector scaled by GDP and GDP growth do not ptayfeant role in the

prediction of financial distress for Greek firms.
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Appendix A: Merton’sdistanceto default (DD) model

Merton (1974) develops a contingent claims model in whichitggs viewed as a call
option on the value of the firm’s assets with strike price ¢tuthe face value of debt. The

value of the equity is described by the following equation:

E =VN(d;) —e ""TDN(dy) (A1)

whereE is the market value of the firms equity, is the value of the firmD is the face
value of the firms debt,; is the instantaneous risk-free ral¥,) is the cumulative standard

normal distribution functionds is given as

\Y;
o In (5> +(r+0.5063)T A2)
' o VT
and
dy=dy1 — oy VT (A.3)

In the Merton DD model, the value of the firms equity is obsdrwehile the value of the
underlying asset (the total value of the firm) is not directbgervable. Thus, whil must

be inferred E is easily observed by multiplying the firms shares outstagdly its current
stock price. Similarly, the volatility of equitygg, can be estimated but the volatility of
the underlying firm,gy,, must be inferredog is the annualized standard deviation of the
residuals from regressions of of monthly stock returns @nréturns on the FTSE/ASE-
20 index. We define the face value of debt(8$ x short-term debt+ long-term debt.
We measure the risk-free rate as the three-month Greek Treasury bill rate. Apart from

(A.1) the Merton DD model uses a second equation, oftennexfdp as the optimal hedge
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equation, that relatesg to oy:

o = (\é) N(ch) o (A4)

We estimate V andy, by simultaneously solving (A.1) and (A.4). The startingues are
determined by settiny = E + D andoy=oyvE/(E + D). Once we obtain the estimated

values of V andoy we can calculate the distance to default (DD) as

v _0Eq2
o In (D) +(u—0.509)T (A5)
Vel

The corresponding implied probability of default, referte as the expected default fre-

quency (EDF), is:

In <\E/> + (1 —0.502)T
EDF =N | — p—e (A.6)

whereu is the average equity premium . The average equity premiu@réece for the

period 2002—-2011 is 0.06.
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Table 1: Definition of Variables

Variable Definition
SALESTA Net Sales/Total assets
EBITDA_TA Earnings before interest, tax and depreciation/Totsdtss
CL_TA Current liabilities/Total assets
LIQUID (Current assets- current liabilities)/Total assets
EDF Expected default frequency derived from the Merton Ddeio
REL _SIZE log(Market value of equity/Market value of the FTSEAS0 index)
Fit stock return for firm i at time t
I'FTSE/ASE—20¢ return on the index that consists of the top 20 firms at time t
EXRET lit—1-'ETSE/ASE—20t-1
SIGMA standard deviation of the residual derived from thgression of i onrerse/ase 20t

Note: This table defines the variables used in the study. Theuating and market data is from Thomson
Finanancial Datastream.
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Table 2: Descriptive statistics
Variable Mean Median Std.dev Min Max

SALESTA 0.80 0.66 0.64 0.02 5.35
EBITDA_TA 0.08 0.08 0.10 -0.50 0.48
CL_TA 0.39 0.36 0.20 0.03 1.18
LIQUID 0.15 0.16 0.22 -0.70 0.75
EDF 0.01 0.00 0.03 0.00 0.51
RELSIZE -6.82 -6.94 154 -9.98 -1.95
EXRET -0.05 -0.06 049 -142 156
SIGMA 0.10 0.09 0.07 0.00 0.44

Note:This table presents the mean, median, standard @eviatinimum and maximum values for the vari-
ables used in this study. SALEB\ is the ratio of net sales to total assets. EBITDA is measured as profit
before tax divided by current liabilities; CIA is measured as current liabilities to total assets; LIQUA
defined as current assets minus current liabilities divickedotal assets. EDF is the expected default fre-
quency derived from a Merton DD model. EBITDPA is the ratio of EBITDA to total assets. RESIZE

is the natural logarithm of the firm’s annual market capitatiion relative to the market capitalization of the
FTSE/ASE-20 index. EXRET is the firm’s annual returns in essoaf the return on the FTSE/ASE-20 index.
SIGMA is idiosyncratic return volatility. It is estimated dhe standard deviation of the residuals from a
regression of each stock’s monthly return on the monthiyrreon the FTSE/ASE-20 index.
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Table 3: Results for hazard models predicting the proltgmfifinancial distress

Panel A: Bankruptcy Prediction Models For Greek Firms

ACCR EDF ACCREDF MV MVACCR
Constant —3.9659** —2.4024** —3.1015** —7.5591** —4.7393**
(-6.63) (-5.14) (-3.60) (-6.87) (-3.68)
SALES.TA —2.5493** —2.8938** —2.2547**
(-3.51) (-3.41) (-3.12)
EBITDA_TA —4.3972** —5.4241** —2.5727
(-2.87) (-3.41) (-1.65)
CL_TA 3.2740* 3.0790* 2.2291**
(2.94) (2.53) (2.67)
LIQUID 1.1258 1.8316
(1.06) (1.52)
EDF-Score ®002** 0.1140°
(3.70) (1.81)
REL_SIZE —0.3538* -0.0180
(-2.43) (-0.11)
EXRET —1.4704* —1.1037**
(-4.34) (-2.92)
SIGMA 6.0779* 6.1798*
(2.39) (2.22)
Log Likelihood -132.63 -129.16 -103.62 -159.87 -127.46
Wald statistic 5170"** 12.17%%* 54.60%** 29.40%** 5892+
Panel B: Vuong Tests
Modeli versus Modeljj z statistic
MVACCR versus ACCR BO*
MVACCR versus EDF 38
MVACCR versus ACCREDF 2
MVACCR versus MV 206"
ACCR versus MV 0.89
MV versus EDF 27
ACCR versus EDF B33

Note: This table contains results derived from the hazardetso The dependent variable is an indicator
variable that equals zero if the firm is not financially disted. If the firm is financially distressed, then the
dependent variable equals one only for its last firm-yeaenfadion. The independent variables are lagged
to ensure that the data are observable prior to the eventaridial distress. Panel A contains parameter
estimates and test of their significance for each hazard m®de column headed ACCR contains results for
a model that uses the accounting ratios of Z-score. The EMFrropresents the results from a univariate
model that uses EDF derived from a Merton DD model. EDF is eded to a Score labeled as EDF-score.
The ACCREDF column shows the results from a model that coesbiihe accounting ratios of Z-score with
EDF. The MV column contains results from a hazard model tkasumarket-based variables (RELZE,
EXRET and SIGMA) to predict financial distress. The MVACCRuwuan contains results from a hazard model
that combines that combines SALH3, EBITDA _TA, CL_TA with REL_SIZE, EXRET and SIGMA. The
value of z-statistics is reported in the parentheses. Thelabeled Wald Statistic contains the Wald test
testing the hypothesis that the coefficients are jointlpzérris distributed ag?(k), wherek is the number

of parameters (excluding the constant). Panel B contameetsults from Vuong tests for model comparison.
Under the null hypothesis that there is no difference betwbe two models, the log of the ratio of the
likelihood for modeli to that for modelj should be zero. If the difference is significantly positives
preferred toj and vice versax x , xx andx denote significance at the 1, 5 and 10 percent levels resphcti
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Table 4: Marginal effects on the probability of financialtdéss

Marginal Effects

ACCR EDF ACCREDF MV MVACCR
SALES.TA —0.0182** ~0.0148** ~0.0150**
(-4.32) (-3.68) (-3.50)
EBITDA.TA  —0.0313* ~0.0266** ~0.0171
(-2.28) (-2.33) (-1.43)
CLTA 0.0233** 0.0151** 0.0148*
(2.64) (2.14) (2.31)
LIQUID 0.0080 0.0090
(1.07) (1.50)
EDF-Score 024**  0.0006"
(3.97) (1.65)
REL_SIZE —0.0042**  -0.0001
(-2.66) (-0.11)
EXRET ~0.0176" —0.0073**
(-4.38) (-2.63)
SIGMA 0.0729* 0.0411*
(2.32) (2.02)

Note: This table shows the marginal effects of the variablethe probability of financial distress for each
hazard model. The column headed ACCCR presents the maediaal of the accounting ratios of Z-score.
The EDF column quantifies the marginal impact of EDF derivedifa Merton DD model. EDF is converted
to a Score labeled as EDF-score. The ACCREDF column showsdhginal effect of the accounting ratios of
Z-score and EDF. The MV column shows the marginal effect of EEZE, EXRET and SIGM) on the prob-

ability of financial distress.The MVACCR column shows thergiaal effect of SALESTA, EBITDA _TA,

CL_TA with REL_SIZE, EXRET and SIGMA.
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Table 5: In-sample forecast accuracy tests

Group ACCCR EDF ACCREDF MV MVACCR
1 61.29 44.00 60.87 54.29 74.19
2 12.90 4.00 26.08 8.57 9.68
3 12.90 4.00 4.35 11.43 6.45
4 3.23 12.00 8.70 11.43 0.00
5 6.45 24.00 0.00 8.57 9.68
6 3.23 12.00 0.00 5.71 0.00
No. of Bankrupt Firms 31 25 23 35 31

Note: This table examines the forecast accuracy of five ldazardels we estimate. Firms are sorted in
groups based on their estimated probability of financidatelss. Group 1 contains those firms with the highest
probability while Group 6 contains those with the lowest. #ven calculate the percentage (to two decimal
places) of firms that subsequently went bankrupt the modatsegn to each group. The column headed
ACCCR contains results for a model that uses the accourdtragsrof Z-score. The EDF column presents the
results from a univariate model that uses EDF derived fromeatdm DD model. EDF is converted to a Score
labeled as EDF-score. The ACCREDF column shows the resaltsd model that combines the accounting
ratios of Z-score with EDF. The MV column contains resultsnira hazard model that uses market-based
variables (RELSIZE, EXRET and SIGMA) to predict financial distress.The MMBR column contains
results from a hazard model that combines SALES EBITDA _TA, CL_TA with REL_SIZE, EXRET and

SIGMA.
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Table 6: Out-of-sample forecast accuracy tests: Predietidility of hazard models during

financial crisis
Group ACCCR EDF ACCREDF MV MVACCR

1 53.85 20.00 38.46 26.67 38.46
2 7.69 20.00 23.08 33.33 30.77
3 23.08 13.33 23.08 13.33 23.08
4 7.69 0.00 15.38 20.00 0.00
5 7.69 0.00 0.00 0.00 7.69
6 0.00 46.67 0.00 6.67 0.00
No. of Bankrupt Firms 13 15 13 15 13

Note: This table examines the out-of-sample forecast acyuof six of the hazard models we estimate.
The models are estimated using data over the period 2008-2Z0tese parameter estimates are then used
to calculate the probability of financial distress over tleeigd 2007—-2011.This table examines the forecast
accuracy of five hazard models we estimate. Firms are sartgobiuips based on their estimated probability
of financial distress. Group 1 contains those firms with tighést probability while Group 6 contains those
with the lowest. We then calculate the percentage (to twintiglaces) of firms that subsequently went
bankrupt the models place in to each group. The column heA@&R contains results for a model that
uses the accounting ratios of Z-score. The EDF column ptedba results from a univariate model that
uses EDF derived from a Merton DD model. EDF is converted tcar&labeled as EDF-score. The
ACCREDF column shows the results from a model that combimeatcounting ratios of Z-score with EDF.
The MV column contains results from a hazard model that useketrbased variables (RERIZE, EXRET
and SIGMA) to predict financial distress.The MVACCR colunontains results from a hazard model that
combines SALESTA, EBITDA _TA, CL_TA with REL_SIZE, EXRET and SIGMA.
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Table 7: Bankruptcy forecast prediction models pre and qasis

Panel A: Bankruptcy Prediction Models:2002-2006

ACCR EDF ACCREDF MV MVACCR
Constant —2.9784** —2.5306* —2.6035° —5.9698** -2.4754
(-4.01) (-3.03) (-1.84) (-4.36) (-1.51)
SALES.TA —3.3761** —6.2160** —3.0603**
(-3.03) (-3.32) (-2.71)
EBITDA_TA —7.0422** —8.5584** —4.3925
(-3.33) (-3.30) (-1.88)
CL.TA 2.5010° 4.3497* 1.2526
(1.70) (2.22) (0.99)
LIQUID 1.8191 40623*
(1.41) (2.45)
EDF-Score aL875* 0.0973
(2.11) (0.93)
RELSIZE -0.0998 0.1597
(-0.49) (0.69)
EXRET —1.9703** —1.5568**
(-4.16) (-3.06)
SIGMA 5.6557 3.9777
(1.44) (0.89)
Log Likelihood -74.02 -56.96 -40.69 -87.04 -69.75
Wald statistic 3167 3.70%* 36.17%* 21.84** 38.44**
Panel B:Bankruptcy Prediction Models:2007-2011
ACCR EDF ACCEDF Y\Y MVACCR
Constant —5.5917** —2.6137%* —3.7499** —10.1074** —7.9888**
(-5.45) (-4.62) (-3.27) (-4.70) (-3.31)
SALES.TA -1.3888 -1.1948 -1.2230
(-1.59) (-1.42) (-1.48)
EBITDA_TA -0.6899 -2.0031 -0.2118
(-0.29) (-0.93) (-0.08)
CL.TA 4.0357* 2.2930 38289+
(2.26) (1.35) (2.94)
LIQUID -0.4849 -0.6644
(-0.28) (-0.39)
EDF-Score @006** 0.1213
(2.83) (1.47)
RELSIZE —0.6662** -0.2530
(-2.56) (-0.89)
EXRET -0.8920 -0.2513
(-1.49) (-0.34)
SIGMA 4.4189 3.2310
(1.29) (0.80)
Log Likelihood -57.41 -75.51 -61.66 -73.24 -56.30
Wald statistic 2716+ 7.54* 26,53+ 12.60"** 28.22**

Note: Panel A presents the results from the hazard modelthéoperiod prior to the financial crisis, i.e.,
2002-2006. Panel B reports the results from the hazard reddethe period during the crisis, i.e., 2007-
2010. The dependent variable is an indicator variable thadls zero if the firm is not financially distressed.
If the firm is financially distressed, then the dependentlde equals one only for its last firm-year observa-
tion. The independent variables are lagged to ensure thalata are observable prior to the event of financial
distress. The column headed ACCR contains results for a ntleateuses the accounting ratios of Z-score.
The EDF column presents the results from a univariate mdaeluses EDF derived from a Merton DD
model. EDF is converted to a Score labeled as EDF-score. T@REDF column shows the results from
a model that combines the accounting ratios of Z-score widk.H he MV column contains results from a
hazard model that uses market-based variables (RFIE, EXRET and SIGMA) to predict financial dis-
tress. The MVACCR column contains results from a hazard rinbdé combines SALESA, EBITDA_TA,
CL_TA with REL_SIZE, EXRET and SIGMA. The value of z-statistics is reporitegarentheses. The row
labeled Wald Statistic contains the Wald test testing thmollyesis that the coefficients are jointly zero. It is

distributed as(?(k), wherek is the number of parameters (excluding the constant).

33



Table 8: In-sample forecast accuracy tests for the peri@@-2011
Group ACCCR EDF ACCREDF MV MVACCR

1 61.29 42.30 65.21 60.00 59.38
2 1290 11.54 21.74 2.86 18.75
3 12.90 0.00 4.35 14.29 9.38
4 6.45 11.54 8.70 8.57 3.12
5 3.23 11.54 0.00 8.57 3.12
6 3.23 23.08 0.00 5.71 6.25
No. of Bankrupt Firms 31 25 23 35 32

Note: This table examines the forecast accuracy of five kdanadels since the implementation of the Greek
fiscal adjustment programme. Therefore we augment the sapgplod by one year. Firms are sorted in

groups based on their estimated probability of financidatelss. Group 1 contains those firms with the highest
probability while Group 6 contains those with the lowest. then calculate the percentage (to two decimal
places) of firms that subsequently went bankrupt the modatsegn to each group. The column headed

ACCCR contains results for a model that uses the accourdiiggsrof Z-score. The EDF column presents the
results from a univariate model that uses EDF derived fromeatdm DD model. EDF is converted to a Score

labeled as EDF-score. The ACCREDF column shows the resaltsd model that combines the accounting

ratios of Z-score with EDF. The MV column contains resultenfra hazard model that uses market-based
variables (RELSIZE, EXRET and SIGMA) to predict financial distress.The MMBR column contains

results from a hazard model that combines SALES EBITDA_TA, CL_TA with REL_SIZE, EXRET and
SIGMA.
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Table 9: Accounting for the previous year’s bankruptcy eatd macroeconomic factors in
the MVACCR model

Panel A: Augmenting MVACCR With Other Predictors
MVACCR-BR MVACCR-MACRO

Constant —4.7797** —4.4611
(-3.69) (-1.66)
SALES.TA —2.2324** —2.2460**
(-3.08) (-3.14)
EBITDA_TA -2.3019 —2.6968
(-1.45) (-1.74)
CL_TA 2.1692** 2.5134**
(2.58) (2.90)
REL_SIZE —0.0442 —0.0591
(-0.27) (-0.32)
EXRET —1.2750** —1.0219*
(-2.91) (-2.33)
SIGMA 6.5128* 5.2853"
(2.31) (1.76)
BR —0.1649
(-0.80)
TB_SPREAD 0.5507
(0.98)
DOM_CREDIT —0.0185
(-0.64)
GDP_RATE 0.2080
(1.55)
Log Likelihood —127.13 —11997
Wald statistic 5%8** 59,55+
Panel B: Vuong Tests
Modeli versus Modelj z statistic
MVACCR versus MVACCR-BR -0.74
MVACCR versus MVACCR-MACRO —151

Note: This table contains the results of augmenting oureprefl model, MVACCR, with time-series and
macroeconomic variables. The dependent variable is andtati variable that equals zero if the firm is not
financially distressed. If the firm is financially distresstabn the dependent variable equals one only for its
last firm-year observation. The independent variablesaygdd to ensure that the data are observable prior
to the event of financial distress. Panel A contains thesdtsed he column entitled MVACCR-BR contains
results from including the previous year's actual bankryptite as an additional explanatory variable.
The MVACCR-MACRO column contains results from includingtterm premium, the Greek aggregate
domestic credit to the private sector scaled by the GDP draate, and the GDP growth as explanatory
variables. The value of z-statistics is reported in the pidueses. The row labeled Wald Statistic contains
the Wald test testing the hypothesis that all of the coefiisi€exclduing the constant) are jointly zero. It
is distributed ag(?(k), wherek is the number of parameters (excluding the constant). FRwehtains the
results from Vuong tests for model comparison. Under thehygothesis that there is no difference between
the two models, the log of the ratio of the likelihood for mbd&o that for modelj should be zero. If the
difference is significantly positivé,is preferred tg and vice versax x x, xx andx denote significance at the
1, 5 and 10 percent levels respectively.
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