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This paper investigates the evolution of financial distress likelihood models over the course of the past five

Summary

decades, as motivated in the academic world by the financial crisis of 2008. We put this in a capital framework,
more specifically the existence of theory on information-asymmetry. A firm may always have debt holders as well
as equity holders. All stakeholders within a firm will act in such a way that it protects their own investment in the
firm as best as possible. This could cause one stakeholder party to protect its own investment at the expense of

the other. In our research, these are debt holders versus equity holders.

We attempt to illustrate that financial distress likelihood models have become more advanced over time, with the
result that their ability to accurately predict financial distress has improved. We select the Altman model of 2000,
the Ohlson model of 1980 and finally the Pindado model of 2008. Replicating all three models on a dataset which
samples the period of 1990 — 2010 on all G-7 countries, excluding the USA, we find that the latter model has the
best overall performance when it comes to correctly predicting financial distress likelihood. We find similar results

in our out-of-sample data of the USA.

It is noteworthy that especially the new, logarithmic models of Ohlson and Pindado have far superior results in
accurately predicting financial distress likelihood. We do however not find any significant increases in financial
distress likelihood in the years directly following the financial crisis. This could be mitigated due to an inherent
bias in the dataset acquired from CompuStat. We conclude that the more advanced models on predicting financial

distress, being econometric of nature, appear to be the most reliable models available present day.
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1. Introduction

1.1 Relevance

At the end of 2007, the financial crisis struck the United States. Within less than a year, the economies of the
European Union had become affected as well, quickly followed by the rest of the world (Pugh, 2009). The world’s
top economists agree that the financial crisis of 2007 is the worst crisis since the Great Depression of 1929. In the
United States alone, the government invested several hundreds of billions of dollars in order to save the banking
system and to mitigate the damage caused by the financial crisis to the world economy (Pendery, 2009;
Hilsenrath et al., 2008).

Therefore it is only logical to see that politicians, academics and financial analysts alike have taken a steep
interest in the development of models which measure financial distress likelihood — i.e. the firm’s inability on the
short term to fulfill its liabilities and other dues (Andrade and Kaplan, 1998). This partly as there is worldwide
disappointment with the rating agencies, since their models are not specifically tailored to estimate the probability
of financial distress occurring (Pindado et al., 2008). The models these rating agencies have employed, however,
merely take into the account the probability of bankruptcy, which is in effect excluded to an extreme form of
financial distress. This while academics have attempted to identify other variables which may have statistical
relevance to predicting the probability of financial distress occurring as can be found in Grice and Dugan (2001),
Grice and Ingram (2001), as well as Begley et al. (1996). The academic literature has brought forth an evolution
of various models to estimate the probability of financial distress occurring over the course of the last five decades,
such as Altman (1968; 1984), Ohlson (1980), Zmijewski (1984) and Pindado et al. (2008). This evolution started
with a discriminatory model by Altman (1968), which in essence, took a variety of classic financial ratios which
are considered to be statistically related to predicting financial distress likelihood. Over time, adjustments were
made to the aforementioned model (Altman, 2000) based on various criticisms from academics and financial
analysts as in Dichev (1998); Grice and Dugan (2001); Grice and Ingram (2001) and Bhagat et al. (2005). As
better computer technology became available, researchers were able to build more sophisticated models, as can
be found in Ohlson (1980) and Pindado et al. (2008). These advanced models aim to be more reliable in
predicting financial distress likelihood than their predecessors. This study is to determine to what degree they

have succeeded in achieving this goal.

1.2 Research question

The study of financial distress is part of the domain of finance, and within that, capital structure. As has become
widely known by the current financial crisis, financial markets are far from perfect. Therefore the theory stating
that a firm’s capital structure is of no relevance to the firm’s valuation as stated in Modigliani and Miller (1958) —
which is a factor affected by financial distress as argued by Pindado et al. (2008) — is to be considered

inapplicable in practice.

Thus this research paper is to examine the reliability in prediction power of three existing financial distress
models®. Doing so would allow any findings from employing these three very different models to be placed into an
existing theoretical framework — that of capital structure, that is — and therefore yield relevant insights into the use,

accuracy and relevance of aforementioned financial distress models.

% Those being the working capital ratio, retained earnings ratio, earnings ratio, debt ratio, sales-to-assets ratio.
® These models are from Altman (1968), Ohlson (1980) and Pindado et al. (2008), respectively.
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Now, with the aforementioned, we can state our research question as follows:

Q1: is there any significant difference in the reliability of financial distress likelihood prediction between the three

models?

With this research question, backed by a well-structured theoretical framework, one might be able point the
academic world in which direction it ought to research further with respect to the subject of financial distress; this
by taking exclusively into account the one model which would be most reliable in predicting financial distress
likelihood. As the three models employed vary in their manner of calculation and variables - the simplest being a
multiple discriminant analysis model based on four financial ratios to the most advanced consisting of a variety of
econometric formulae including a dynamic component — one may wonder whether the most complicated one
actually yields the best results. Putting these three models to the test would bid outcome to aforementioned. This
then yields the following hypothesis:

H1: the financial distress likelihood model of Pindado et al. (2008) is superior to the other two models in reliability

of predictive power.

Bernanke et al. (1988) amongst others, find that during the eighties corporations have relied more and more on
debt financing over equity financing, which has resulted in higher leverage ratios. Researchers have found a
variety of arguments for the preference of debt financing, most notably Myers (1984), which motivates a pecking
order theory. This theory states that a firm will chose debt over equity when debt is considered cheaper4, taking
into account all its advantages, such as an interest tax shield. This is a trend which has continued to present day.
Chandra and Nayar (2008) find that debt financing is also subject to information-asymmetry, as debt financing is
generally received as a positive effect on the stock price of the firm in question. Lenders tend to have private
information on the firm after debt has been issued, prior to a performance decline, thus allowing them to set
conditions to protect their investment, usually at the cost of equity holders. Since this is a trend which has
persisted until present day, it is possible that debt financing is related to the financial crisis. If so, then we should
see an increase in financial distress likelihood due to defaults upon debt in the years following the financial crisis.

Thus we arrive at our second and third hypotheses:
H2: the capital structure of a firm is of influence on its likelihood to become financially distressed.

H3: Information-asymmetry within publicly-traded firms is of effect on financial distress likelihood when relevant

information becomes public knowledge.

To specify further upon these hypotheses | would like to add that a robustness check would be necessary to
investigate said hypothesis. Therefore we will acquire data from G-7 countries, excluding the USA, and perform

an out-of-sample test using a dataset for the USA®.

The remainder of this research paper is structured as follows: firstly we will discuss the theoretical framework in

which this research is to take place. Then we will discuss the methodological aspects as well as the data. This

* The cost of debt is to be considered the total sum of interest costs, banking fees and the like.
® For sake of reference, we will name our dataset “G-7 dataset” from here on, and the out-of-sample set “USA dataset”.
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followed by a discussion of the results and its implications with respect to the aforementioned research question

and hypotheses, which will result in our conclusion.
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2. Theoretical framework

In order to have a sound empirical study, some existing theories are required in order to place one’s findings. The
capital framework of firms is discussed as this may be of effect on financial distress probability. Underlying to
aforementioned, agent theory - or more specifically the theory on information-asymmetry - is taken into
consideration as it will elaborate further upon the motivations agents may have with respect to capital structure

theory.

2.1 The capital framework

The theory surrounding the capital framework of the firm elaborates upon one of the main motivations for firms to
attract debt: it allows for the creation of a tax-shield by means of deducting interest payments on debt from the
profit before taxes, effectively decreasing taxable income. As such, firms consider a trade-off between the costs of
(the risk of) financial distress and said tax advantage (Kim, 1978). Each of the three financial models in this
research considers a (series of) variable(s) which are subject to accounting manipulation due to aforementioned

trade-off. Such variables could concern itself with aspects like solvability, liquidity, profitability and the like.

Another phenomenon is that firms tend to keep a certain degree of financial flexibility, or a financial buffer, with
respect to their capital structure in order to decrease the probability of financial distress. If the public firm in
question happens to be quoted on a stock exchange, another two factors to be taken into account is that said
firms tend to time their new issues of debt and equity based on the current stock price. We will elaborate further
upon timing of debt issues in the next paragraph. Furthermore, Graham and Harvey (2001) and Brounen et al.
(2005) find that debt can be held to prevent any corporate takeovers, thus functioning as a strategic defensive
measure rather than being financially motivated. Jensen and Meckling (1976) find that debt can also be used as a

disciplining device for managers who merely have part ownership or none at all in the firm they operate in.

These findings, irrespective of being strategic or financial in nature, may give rise to gaming behavior (Chandra
and Nayar, 2008). Therefore we are dealing with the possibility of principal-agent theory in respect to the
probability of financial distress occurring. In other words, one group of investors may try to protect their

investment at the expense of another group of investors in times of financial distress.

2.2 Information-asymmetry

In the financial distress model of Pindado et al. (2008) a dynamic component is taken into consideration as an
individual effect. This makes the Pindado model stand out from the Ohlson and Altman models, which do not take
this effect into account. Therefore we can state that the Pindado model specifies the effects of information-

asymmetry within its model, thus increasing its accuracy in predicting financial distress likelihood.

Studies from Carey et al. (1993); Kwan and Carleton (2004) and Denis and Mihov (2003) find that publicly traded
firms are to some degree subject to information-asymmetry. Furthermore, Wittenberg-Moerman (2006) finds that
publicly-traded firms suffer from a lesser degree of information-asymmetry than would privately-held firms. This is
because the former is legally obligated to make financial statements publicly available where the latter is not so.
Since employees within the firm tend to know certain information relevant to the firms financial health before
outsiders do, it is typically referred to as inside information. Its effect on the interest rate of debt equity is depicted
in figure 1 below.
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Figure 1: in the left graph we can see that in the fourth year negative insider information becomes publicly known
after the firm in question purposely delayed its publication, causing the interest rate on debt equity for the firm to
go up significantly due to increased risk. In the right graph we can see the opposite happening: here, in the fourth
year positive insider information is immediately made publicly known, allowing the firm from then on to acquire

debt against a more favorable interest rate.

Because inside information is not known to the public at the same time as it is to employees within the firm, there
is the issue of information-asymmetry. Chandra and Nayar (2008) find that insiders tend to exploit this
information-asymmetry. For example, if insiders know the firm will perform less in the near future, the firm will
attempt to attract as much debt capital as possible — so, before t = 4 in figure 1, left panel. A firm would do this to
prevent that it would have to pay a higher interest rate upon said debt if it would have attracted this debt in the
future, simply because its financial position has worsened. Intuitively, the opposite is valid as well: firms would be
compelled to publish news which positively affects the financial position of the respective firm as soon as possible
to gain more favorable interest rates on debt capital — thus it will attract debt if t > 4, see right panel of figure 1 -

ceteris paribus.
The financial distress models of Ohlson (1980) and Altman (1968; 2000) do not take this dynamic variable of
timing debt issuance into consideration. In contrast, the Pindado (2007) model attempts to incorporate the time-

effect in one of its two conditions for a firm to be classified as financially distressed:

(1) EBITDA is lower than financial expenses for two consecutive years.

Ohlson (1980) employs a dummy variable similar to this condition. It states that if net
income was negative for the last two years, this variable takes the value of one. In any
other case, it takes the value of zero. Such classification is rather coarse, especially on
an international comparative scale as it fails to take into account any differences in
national and local tax structures, as well as putting asset-heavy industries at a
potential disadvantage in comparison to other industries — the latter due to annual
heavy depreciation. In contrast, Pindado (2007) takes these criticisms into account
and instead takes the underlying two variables to this dummy variable, replacing EBIT
by EBITDA.

(2) A fall in market value occurs between two consecutive periods.

This is the dynamic aspect of the Pindado model. The underlying assumption of this

second condition is derived from the first one: if a firm has consecutively bad results
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(read: two consecutive years of net losses), this will have its effect on the market value
of the company. The dynamic aspect lies in the fact that when both conditions are met,
the following year the firm in question will suffer from the consequences of financial
distress. It will continue to do so until it manages to show improved results, provided it

does not file for bankruptcy.

These two time-effects allow the modeling of the potential gaming behavior of firms with respect to information-
asymmetry as discussed by Wittenberg-Moerman (2006). Note however that this only applies to the Ohlson and
Pindado models only, which have the effects of information-asymmetry specified. In contrast, the Altman model

does not explicitly specify said effects.

Since this gaming behavior is part of the models specifications, it allows us to indirectly relate our investigation of
the effectiveness in the ability to predict financial distress likelihood to said behavior. Thus in years following the
financial crisis, we may find a sharp increase in financially distressed observations, as stakeholders attempt to

protect their investments at the cost of other stakeholders.
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3. Methodology

The following section describes the manner in which this research is executed. Secondly, we will discuss how we
acquired the dataset as well as a secondary dataset to perform an out-of-sample test later on. Lastly, it also gives

a detailed overview of the actual financial distress probability models employed.

3.1 Research setup

Following Pindado et al. (2008), this research will be executed by using a longitudinal, unbalanced panel study.
Although the other two models in this research, these of Altman (1968; 2000)6 and Ohlson (1980) are however
static in nature, a longitudinal study is necessary to properly compare the model of Pindado et al. (2008) with the
other two. Without it, the dynamic component of the latter model would become obsolete, therefore rendering its

added value effectively useless.

Following Babbie (2004), in order to meet the requirements of an unbalanced panel study, we acquired data for
this research from CompuStat Global and CompuStat North America databanks for G-7 countries. To perform an
out-of-sample test to verify our findings based on said dataset for any of the three financial distress probability
models, we have also acquired data for the USA from the CompuStat North America databank. The latter dataset
will undergo a similar analysis as the former, allowing us to immediately verify the robustness of our findings

throughout this paper.

To have a broad range of observations’ we have acquired data for the years 1990 till the end of 2010 for both

datasets. Additional criteria added during the data selection procedure are the following:

e The firms classified under SIC categories 4 and 6, those being utilities and logistic firms in category 4,
and financial services in category 6, respectively are eliminated from the dataset. As utilities are usually
monitored or controlled by governmental institutions, their business structure and their financial distress
environment significantly differs from other firms (Ohlson, 1980). Financial firms are removed due to their

different accounting methods, potentially resulting in biased comparisons.

e The firm had or has® to be operational in any of the G-7 countries. Those being France, Germany, Italy,
Japan, UK, Canada and the USA. Note that the USA dataset is kept as an out-of sample dataset. We will
report our findings as G-7 excluding the USA, as well as our findings from the USA dataset.

e The firm had or has to be publicly traded on a global stock exchange or an over-the-counter (OTC)
market. This criterion is added due to the fact that we acquired our data from CompuStat, which

exclusively records publicly traded firms and thus in effect, excludes small, privately held firms.

% In this study, we replicate the Altman (2000) model only. The original, Altman (1968) model is exclusively tailored to
manufacturing firms, whereas the Altman (2000) model is an updated version of the original model, taking into account the
dominance of service-oriented firms in modern G-7 country economies.

" For a logistic regression model such as that of Pindado (2008) to function properly, a large dataset is a prerequisite. Secondly,
a large number of observations strengthen the results of our findings, effectively making them more reliable due to increase in
predictive power. Secondly, it will allow us to verify whether the older models, being those of Altman (1968; 2000), and Ohlson
(1980) can handle large volumes of data while retaining their predictive qualities. The older models were both designed with a
more limited amount of observations.

® Depending whether the firm is still operational at the end of 2010 which is when our dataset ends, or whether the firm has
terminated its operational activities somewhere during the period 1990 — 2010.
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e The firm had or has to have at least ten consecutive years of data. The number is arbitrarily chosen. This

to allow for a sufficient timespan for financial distress to manifest.

With these criteria, we acquire a total of 3.251 companies (57.113 observations) for the G-7 excluding the USA.
1.592 companies (26.111 observations) are in our USA dataset, which is used for our out-of-sample test,
consisting of USA-based companies only. The data has to be processed by applying each of the three models,

thus effectively yielding the dataset we are actually interested in. Table 1 summarizes the details of both datasets.

Table 1 - Number of observations per year, per country of the G-7
Time period: 1990 - 2010

Number of observations per country

Year Canada Germany France  United Kingdom Italy Japan G-7 excluding USA USA Total G-7
1990 76 149 110 452 22 1.992 2.801 1.563 4.364
1991 76 147 111 452 21 2.056 2.863 1.566 4.429
1992 76 147 111 452 23 2111 2.920 1.571 4491
1993 76 148 111 463 26 2117 2.941 1572 4513
1994 77 152 120 468 39 2.161 3.017 1.578 4.595
1995 77 155 122 500 40 2.153 3.047 1.582 4.629
1996 77 174 128 603 58 2.152 3.192 1.586 4778
1997 77 177 130 635 59 2.147 3.225 1.586 4.811
1998 77 181 135 643 60 2.149 3.245 1.589 4.834
1999 63 177 128 595 58 2.131 3.152 1.477 4.629
2000 52 175 125 556 54 2.101 3.063 1.353 4416
2001 45 160 115 541 54 2.068 2.983 1.259 4.242
2002 44 144 110 522 53 2.010 2.883 1.186 4.069
2003 38 130 104 496 51 1.954 2.773 1.118 3.891
2004 35 123 101 476 50 1.912 2.697 1.061 3.758
2005 34 115 96 451 49 1.861 2.606 985 3.591
2006 30 109 95 419 48 1.828 2.529 919 3.448
2007 24 110 93 389 46 1.778 2.440 848 3.288
2008 21 104 90 364 43 1.721 2.343 799 3.142
2009 21 100 86 341 41 1.675 2.264 767 3.031
2010 0 2 4 48 1 74 129 146 275
Total 1.096 2.879 2.225 9.866 896 40.151 57.113 26.111 83.224

Table 1: our main dataset is labeled as the G-7 countries, excluding the USA. The G-7 consists of Canada,
Germany, France, the UK, Italy and Japan. The USA dataset is kept separate as an out-of-sample dataset. For
each country, we report the number of observations per year rather than the number of companies. We are
interested in the characteristics of financial distress; henceforth we are interested in a sufficient humber of

observations. We employ a time span of 20 years for both the G-7 dataset, as well as the USA dataset.

An overview of the variables selected from the CompuStat and CompuStat North America databanks can be

found in Appendix A at the end of this research paper.

Secondly, we will display the results of the replicated three models. Since the models discussed are all based on
a separate methodology, we cannot simply compare such statistics as R-square between the three models.
Therefore it is prudent to directly compare the outcomes of the models, being their accuracy in correctly predicting
financial distress likelihood over the time period investigated. This, too, we will check with both the G-7 dataset as
well as the USA dataset.
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3.2 The three models

We will elaborate upon the three financial distress probability models in chronological order. This is to depict the
actual evolution in financial distress models. Firstly, we have Altman’s Z-score model, which is a discriminant
analysis model. We have taken the Altman (2000) edition, as it is reviewed to accustom service firms as well,

while Altman (1968) was more tailored to production firms only. It is generally denoted as®:
(1) Z=0,012 X1 + 0,014 Xz + 0,033 X3 + 0,006 X4 + 0,999 X5

Where:
Z = the Z-score for publicly-traded firms
X1 = (current assets — current liabilities) / total assets
X2 = retained earnings / total assets
X3 = earnings before interest and taxes (EBIT) / total assets
X4 = equity / total liabilities
Xs = sales / total assets

Deakin (1972) finds that the financial ratios stated above are statistically significant predictors of financial distress.

The then eventual Z-score can take a variety of values matching the following criteria:

e Z>299is the domain in which a firm is considered safely away from financial distress
e 1,81 <Z<2,99is when a firm has a chance to become financially distressed

e Z<1,81is the domain in which a firm is considered financially distressed

Pindado et al. (2008) argue however that these values are not logical to be interpreted as would an actual
probability, which could be expressed as a percentage. Thus in effect, the Altman (2000) model gives no absolute
guarantee that if a firm has a Z-score of say, 2,99, that it is free from any risks of financial distress. In contrast,
Ohlson (1980) developed a logistic analysis model based on nine variables he derived from literature stating said
variables are of influence in a firm’s bankruptcy (Grice and Dugan, 2003). Ohlson (1980) logistic analysis model is

denoted as follows:

_ -1,3-04X +60X -14X +01X 24X -18X +03X -17X -05X
2) Y=1/[1+e 1 2 3 4" s 6 7 8 0]

? Note that the Z-score model has no intercept, which is uncommon for regression models. Altman (2000) states that the
statistics package used did not allow for it. The intercept was however taken into account in the criteria as described above.
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Where:
Y = overall index, i.e. probability of bankruptcy
X1 = log (total assets / GNP price-level index)
Xz = total liabilities / total assets
X3 = working capital / total assets
X4 = current liabilities / current assets
Xs = 1 (if total liabilities > total assets), otherwise Xs=0
Xe = net income / total assets
Xz = funds provided by operations / total liabilities
Xg = 1 (if net income < 0 over the last two years), otherwise Xg= 0

Xg = measure of change in net income

To which the dependent variable is held subject to the following criteria:
e WhenY 20,5 the firm is classified as bankrupt

e WhenY < 0,5 the firm is classified as healthy

Ohlson (1980) states no other reason for the cutoff at 0,5 other than implicitly assuming that the function is

symmetric across bankrupt and healthy firms.

The Ohlson model is a clear advance compared to Altman’s model: it uses a wider variety of variables, although it
yet tends to utilize the same theoretical framework with respect to the choice of the above variables. Another perk
of the Ohlson model is that it is easy to interpret: it will give a percentage score on a scale of zero to one hundred
to assign the probability of bankruptcy occurring. Typically, this is the kind of models used till present day by the
rating agencies. The criticism given on the Ohlson model is that it exclusively focuses on the probability of
bankruptcy, which is in effect an extreme form of financial distress. It therefore ignores any lesser form of financial
distress which in turn could lead to bankruptcy however if not managed properly, which is exactly the cause of the
current financial crisis. As an answer to this we finally have Pindado et al. (2008) with a logistic regression model.

It is generally denoted by the following set for formulae:

(3) Log (P(event) / P(no event)) = Bo + B1 EBITit/ RTAit-1+ B2 FEit / RTAit—-1+ B3 REit—1/
RTAit- 1+ di + ni + Uit

4) RTAi = RFi; + (TAit — BFi)

(5) RFit=RFit—1 [ (1 + D)/ (1 +3i)] + lit

(6) @; = (GCGP;— GCGP-1) / GCGPx.- 1

(7) it = Dit / BFit

(8) 0 = PFD = EBITDA; + EBITDA.1 > FE; + FE;

1=PFD = EBITDA: + EBITDA:.1 < FEt + FE;
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Where:
Log (P(event) / P(no event)) = overall index, probability of financial distress
Bo = constant
B1, B2, B3 = constants obtained from the regression model
EBITit = earnings before interest and taxes for index i at time .
RTAit- 1 = replacement value of total assets for index j at time ¢ - 1.
FEi: = financial expenses for index i at time t.
REj - 1 = retained earnings for index i at time t - 1.
RFi: = replacement value tangible fixed assets for index i at time ¢, following Perfect and Wiles (1994).
TAit = book value total assets for index i at time t.
BFi: = book value tangible fixed assets for index i at time t.
@ = growth of capital goods prices at time t°.
Oit = real depreciation rate for index i at time t.
lii = investments done in plant and equipment for index i at time t.
GCGP: = growth of capital good prices at time t.
Dit = book depreciation for index i at time t.
d¢ = time effect
ni = individual effect
uit = random disturbance
PFD = probability of financial distress

EBITDA = earnings before interest, taxes, depreciation and amortization

This model takes the three classical financial ratios of profitability, retained earnings and substitutes debt for
financial expenses, which is a more accurate predictor of financial distress. The logic behind financial expenses is
rather straightforward: financial expenses entail all costs related to debt and debt servicing, including interest
payments, brokerage fees, issuance costs for bonds and the like. The reasoning behind this is that having debt
itself does not affect the probability of financial distress, see Begley et al. (1996). It is the aforementioned costs
which come with it which may cause an increase in the probability of financial distress. This is reflected in the
explanatory power the debt variable has versus the financial expense variable in studies such as that of Andrade
and Kaplan (1998), which illustrate that the explanatory power of financial expenses is superior to that of debt.

Next to these, it adds d; and ni to make it into a dynamic model as random and fixed factors, respectively.

The Altman and Ohlson models described above contain Beéta’s with respect to the datasets they were derived
from. For the sake of accuracy, we will replicate the aforementioned two models with our own Béta’s, based on
the dataset of the G-7 (excluding USA) as well as the out-of-sample dataset of the USA. The dependents used
herein allow for benchmarking between the three models as financial distress likelihood is set to be a binary
variable. Following Cleary (1999), financial distress likelihood is met under the condition that earnings over the
previous two years are smaller than the financial expenses over the same time period, the financial distress

likelihood variable is assigned value one. In any other case, it is assigned value zero.

Table 2 below displays some summary statistics based on the discussed variables of the three models.

1% See Appendix B.
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Table 2 - Summary statistics for the G-7 (excluding USA), and the USA

Time period: 1990 - 2010

Altman (2000) model
WC/TA RE/TA EBIT/TA Equity / TL Sales / TA
G-7 USA G-7 USA G-7 USA G-7 USA G-7 USA
Observations 59.823 27.566 59.823 27.584 59.801 27.612 59.773 27.616 59.821 27.613
Mean 0,154 -0,346 -0,054 -6,572 0,044 -0,040 1,215 2,367 1,170 1,352
Standard deviation 0,698 29,477 11,418 284,067 0,204 2,858 2,574 20,924 0,727 2,311
Minimum -98,179 -2.471,000 -1.465,375 -28.169,000 -32,792 -354,500 -45,182 -11,020 0,000 -0,010
Maximum 0,991 1,000 1,686 12,120 5,807 9,710 124,875 2.233,000 39,292 243,670
Ohlson (1980) model
TA/ GCGP TL/TA WC/TA CL/CA Net/ TA FO/TL
G-7 USA G-7 USA G-7 USA G-7 USA G-7 USA G-7 USA
Observations 59.825 27.647 59.775 27.624 59.823 27.566 59.822 27.550 46.410 27.612 59.746 27.535
Mean 2,009 0,342 0,591 1,154 0,154 -0,346 0,899 2,679 0,001 -0,116 0,152 0,180
Standard deviation 1,276 2,596 1,099 29,479 0,698 29,477 8,302 103,054 0,257 6,200 0,422 1,903
Minimum -3,919 -11,990 0,000 0,000 -98,179  -2.471,000 -6,669 0,000 -44.805 -677,000 -38,755 -154,000
Maximum 5,950 7,350 127,936 2.472,000 0,991 1,000 1.266,875 15.099,000 6,870 319,000 10,843 40,250
Pindado (2008)
EBIT/ RTA FE/RTA RE/RTA
G-7 USA G-7 USA G-7 USA
Observations 56.480 26.057 56.480 26.057 56.480 26.057
Mean 0,087 0,035 0,017 0,030 0,204 -1,023
Standard deviation 2,941 1,060 0,334 0,200 4,142 18,073
Minimum -55,601 -32,600 -0,631 -0,001 -412,008 -1.402,000
Maximum 651,448 88,179 54,966 17,214 771,103 38,932

Table 2: The above three tables give the summary statistics for the variables employed in the three models. For
the Altman (2000) model, the variables are working capital (WC), total assets (TA), retained earnings (RE),
earnings before interest and taxes (EBIT), Equity, total liabilities (TL) and net sales (Sales). For the Ohlson (1980)
model, these variables are respectively the growth of capital goods prices (GCGP), current liabilities (CL), current
assets (CA), net income (Net), funds provided by operations (FO). Lastly, for the Pindado (2008) model, we depict
the replacement value of total assets (RTA) and the financial expenses (FE). Any variables not specifically

mentioned in the last last models are equally defined as in the first model.

A Study on Financial Distress Models
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4. Analysis

We will execute the methodology and present our preliminary findings in this chapter. To keep it orderly, | have
divided this chapter into three paragraphs, each paragraph dealing with one of the financial distress models in
detail.

4.1 The Altman Z-score model

For the Altman model, we employ a discriminate function, which looks similar to a regression. In Table 3 we see
from the P-values for the five variables employed. Their statistical significance indicates that there is strong
evidence of differences between means of financially distressed and healthy firms, based on the five variables
employed by the replicated Altman (2000) model.

Table 3 - Aitman Group Means

G-7 Dataset USA dataset

Altman

Variable F-value P-value F-value P-value
Altman X, 17,691 0,000 4,686 0,030
Altman X, 11,722 0,001 3,266 0,710
Altman X; 9,000 0,003 1,774 0,183
Altman X, 3,316 0,069 5,823 0,016
Altman Xz 166,301 0,000 4,295 0,038

Table 3: the five variables of Altman (2000) are displayed for the G-7 dataset, as well as the USA dataset. For the
G-7 dataset, all but the fourth variable are statistically significant at the 1%. The fourth is however significant at
the 10% level. Our out-of-sample dataset seems less robust: for the USA, the first, fourth and fifth variable are

statistically significant at the 5% level, while the second and third variable appear as insignificant.

Table 4 shows a similar problem found in the original Altman (1968) model: between X; and X3, X; and X3 as well
as Xz and X3 are quite strongly positively correlated. This applies to both the G-7 excluding USA dataset, as well
as findings from the USA dataset. Altman (1968) however states in this regard that it “...has the advantage of
yielding a model with a relatively small number of selected measurements which has the potential of conveying a
great deal of information”, thus effectively implying that the positive correlation should not put the model at any

disadvantage.

Table 4 - Correlation Between Altman Model Variables

G-7 Dataset USA dataset

Altman

Variable Altman X; AltmanX, AltmanX; AltmanX, AltmanX; AltmanX; AltmanX, AltmanX; Altman X, Altman Xs
Altman X, 1,000 0,626 0,405 0,116 -0,043 1,000 0,706 0,382 0,004 -0,260
Altman X, 0,626 1,000 0,474 0,027 -0,016 0,706 1,000 0,486 0,004 -0,140
Altman X; 0,405 0474 1,000 0,001 -0,080 0,382 0,462 1,000 0,004 -0,531
Altman X, 0,116 0,027 0,001 1,000 -0,172 0,004 0,004 0,004 1,000 -0,028
Altman X; -0,043 -0,016 -0,080 -0,172 1,000 -0,260 -0,140 -0,531 -0,028 1,000

Table 4: a correlation matrix between the five Altman (2000) variables is depicted for both the G-7 excluding USA
dataset as well as the USA dataset. For both our dataset as well as our out-of-sample dataset we find that X1 and

X, X1 and X3 as well as X2 and X3 are quite strongly positively correlated.
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Next, Table 5 contains the unstandardized coefficients based on our G-7 dataset. Thus we can write for the G-7

excluding USA:

9) Z=-1,519-0,296 X; —0.009 Xz — 0,06 X3 + 0,022 X4 + 1,316 X5
And for the USA:

(10) Z=-1,446 + 0.02 X1 —0.001 Xz + 0.213 X3 — 0.023 X4 + 0.378 X5

Whereas the variables are defined the same as in (1).

Table 5 - Altman Unstandardized Coefficients

G-7 Dataset USA dataset

Altman

Variable Beta Value Beta Value
(Constant) -1,519 -0,446
Altman X1 -0,296 0,020
Altman X2 -0,009 -0,001
Altman X3 -0,060 0,213
Altman X4 0,022 -0,023
Altman X5 1,316 0,378

Table 5: this displays the unstandardized coefficients of our replicated Altman (2000) for both the G-7 and the
USA. What draws our attention immediately is the large difference in the values as well as the sign between the
G-7 and the USA datasets. It appears the G-7 dataset, which has far more observations yields different results
than does the USA dataset. A reason for this could be that neither dataset has been subject to the strict limits of
firm characteristics as does Altman (2000). Secondly, the model might simply not be designed to handle such

large number of observations.

Although our replica of the Altman model yields negative signs for X; through Xs, all of them are however, like (1),
close to zero, with Xs having a coefficient larger than one and positive. This could be because the original Altman
(1968; 2000) models are derived under more strict assumptions than our dataset. An example could be firm size:
the original models are restricted to firms with an stratified asset total of $1 million to a maximum of $25 million.
Another possibility is the wide variety amongst the firm characteristics as well as the fact that the Altman models
employ matched pairing between financially distressed and healthy firms, whereas we obtained a random, large
sample without any additional criteria. Similar findings apply to our out-of-sample USA dataset. Lastly, there is
sample period to consider. The revisited Altman model originally took the period of 1969 to 1999, while our
dataset entails the period of 1990 — 2010.

Following Altman (1968; 2000), we will incorporate the intercept value of -1,519 into the criteria rather than in the

model, thus we rewrite the model for the G-7 excluding USA as:

(11) Z=-0,296 X1 —0.009 X2 — 0,06 X3 + 0,022 X4 + 1,316 X5
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And for the USA:
(12) Z=0.02 X4 —0.001 X2 + 0.213 X3 — 0.023 X4 + 0.378 X5
Where the criteria for our replicated model is defined as:
e Z>-1487 is the domain in which a firm is considered safely away from financial distress
e -1,551<Z<-1,487 is when a firm has a chance to become financially distressed
e Z<-1,551is the domain in which a firm is considered financially distressed
The above classification criteria is obtained through Table 6 and following Altman (1968; 2000), employing a

cutoff point of 0,5. Taking the average of the group centroids and add it, respectively subtract it, to the intercept
value which then becomes the model’s criteria as described above.

Table 6 - Altman Group Centroids

G-7 USA

Firm Status Value Value
Financially Distressed 0,096 0,036
Healthy -0,032 -0,023

Table 6: the group centroids are used to determine the cutoff values to determine from what arbitrary value a firm

is classified as financially distressed, having a chance to become financially distressed, or healthy.

Our replica model correctly classifies 75,2% for the G-7 dataset of the firms as financially distressed or healthy,
which is considered sufficient to employ the model for our purposes. For the USA dataset, this percentage is

61,2%, being less robust than our original dataset.

4.2 The Ohlson model

In order to get a timeframe analysis we employ a Cox regression model with the purpose of replicating the Ohlson
(1980) model. In Table 7 we find the overall statistical significance of our replicated model. It shows the total
degrees of freedom (df), being 9, as well as the P-value which is 0,000. The Chi-square value is extremely high,
which in turn confirms the significance of the P-value. We observe similar results for our out-of-sample dataset

from the USA. Thus we conclude that the model is statistically significant, which allows us to proceed.

Table 7 - Overall Significance Ohlson Model

G7 USA
Chi-square df P-value Chi-square df P-value
1.508,642 9 0,000 1.136,101 9 0,000

Table 7: for both the G-7 dataset as well as our out-of-sample dataset from the USA, we find that both models are

statistically significant. Following Ohlson (1980), this check is a prerequisite to proceed with our analysis.

Table 8 depicts the variable coefficients of the model, together with their respective P-values. The beta
coefficients can be found in the second column of the table and represent their respective weights within the

model for the G-7 dataset. X1 has a negative sign, implying that smaller firms are more likely to go bankrupt than
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do larger ones. A similar relationship exists for our USA dataset. X, has a positive sign, which Ohlson (1980)
interprets as “almost certain bankruptcy” when total liabilities exceed total assets. This is in contrasts with the
USA dataset, although statistically significant at the 10% level. A possible explanation for this difference could be
a difference in legal structure between the USA and other G-7 countries. X3 shows a positive sign for both
datasets: a good working capital ratio means a company has a buffer of assets available for economic difficult
times. This relation is however not statistically significant for the USA dataset, making this relation spurious. Xs
then is indeterminate and therefore does not appear in our replica model as it is statistically insignificant in both
datasets. In contrast, Xs being the total liabilities to total assets ratio, shows a negative sign for both datasets, with
the USA being statistically significant at the 10% level. One could expect this, as when the total debt of a
company is larger than its total assets, its solvability is easily threatened. Logically, Xs shows a positive sign,
indicating that generating net income steers a company away from bankruptcy likelihood. For the USA, Xg is only
statistically significant at the 5% level. X7 has a negative sign for the G-7 dataset, indicating that when earnings
fall back, solvability may be at risk. This appears not to be true for our USA dataset. Xg carries a positive sign,
reinforcing the thought that when a company maintains a positive net income, bankruptcy is less likely to occur.
For the G-7 excluding the USA, this relation is statistically significant at the 10% level. Finally, Xg has a negative
sign, indicating that downward relative changes in net income may be harmful to the company’s financial health.

Xg is not statistically significant for the USA dataset.

Table 8 - Ohlson Coefficients and P-values

G7 USA
Ohison Variable Beta Value P-value Beta Value P-value
Ohlson X, -0,320 0,000 -0,130 0,000
Ohlson X, 0,066 0,000 -0,031 0,053
Ohlson X, 0,067 0,000 0,011 0,527
Ohlson X, 0,000 0,421 0,000 0,352
Ohlson X; -0,753 0,000 -0,074 0,096
Ohlson Xg 0,396 0,000 0,004 0,039
Ohlson X; -0,264 0,000 0,035 0,000
Ohlson Xg 0,043 0,074 0,109 0,000
Ohlson X, -0,126 0,000 -0,002 0,926

Table 8: the beta values of our replica models of Ohlson (1980) for the G-7 and the USA are displayed here. On
overall, our USA dataset yields less robust results than does our G-7 dataset. It does however hold for our

purposes in this paper.

Table 9 then, shows the correlations between the replica model variables. No real surprise here as we find a
positive, high correlation (0,837) between X, and Xs. Since this is the total liabilities to total assets ratio and the
working capital to total assets ratio, respectively, these two are mathematically correlated. We also find a positive,
high correlation (0,686) between X, and Xs, which is the net income to total assets ratio. This correlation is
weaker for the USA dataset. For X3, we find a similar positive correlation to Xs (0,562). These variables are all

known to be classical variables of bankruptcy, and thus of financial distress.
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Table 9 - Correlation Matrix of Regression Coefficients

G-7 Dataset
Ohlson

Variable Ohlson X; Ohlson X, OhlsonX; Ohlson X, Ohlson X; Ohlson X; Ohlson X; Ohlson X;
Ohlson X, 0,080

OhilsonX; 0,030 0,837
Ohlson X, 0,046 0,033 0,092
Ohlson X; -0,128 0,017 -0,068 0,123
OhlsonX; 0,016 0,686 0,562 0,013 -0,124
Ohlson X; -0,196 -0,262 -0,208 -0,014 0,081 -0,363
Ohlson Xg -0,061 -0,053 -0,053 0,004 -0,167 -0,079 -0,167
Ohlson X, -0,026 -0,097 -0,062 -0,020 0,013 -0,115 0,009 -0,053
USA dataset
Ohison

Variable Ohlson X; Ohlson X, OhlsonX; Ohlson X, Ohlson X; Ohlson X; Ohlson X; Ohlson X;
Ohlson X, 0,017

Ohlson X; -0,021 0,881

Ohlson X, 0,012 0,034 0,057

OhlsonXs; 0,159 -0,253 -0,069 -0,041

OhlsonX; 0,038 0,038 0,029 0,006 -0,011

Ohlson X; -0,079 0,005 0,003 0,000 -0,019 -0,004

OhlsonXg 0,271 0,000 0,005 -0,006 -0,163 0,063 0,255

OhlsonX, 0,019 -0,014 -0,012 -0,005 -0,008 -0,045 -0,081 0,025

Table 9: The top panel displays the correlations between the nine variables employed by our Ohlson (1980)
replicated model for the G-7 dataset. The classical variables of financial distress all show strong, positive
correlations. Although in weaker form, we find similar results for our USA dataset, as displayed in the bottom
panel.

An important note is that the Ohlson model does not take into account that some firms may experience financial
distress, but are able to rebound — or simply restart after bankruptcy. Such observations do occur in the G-7
dataset, while the Ohlson model simply classifies them as bankrupt. This is in line with the findings of Grice and
Dugan (2001) and Grice and Ingram (2001) on older models, such as Ohlson’s. The Pindado (2008) model we
are to discuss next has a dynamic variable which does take into account a firm’s possibility to be “temporarily”
financially distressed.

4.3 The Pindado model

This model is based on an ex ante condition as specified in formula (8). Following Cleary (1999), it considers a
firm financially distressed if its EBITDA over the past two years is less than its financial expenses over the same
period. If this condition is met, the firm is classified as financially distressed for the current period. If this condition
is not met, the firm is classified as not financially distressed for the current period. This is done for each firm in the
dataset as shown in table 10.
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Table 10 - Number of non-financial distressed and financially distressed observations
Time period: 1990 - 2010

G-7 sample US-sample Total
N FD Total % N FD Total % N FD Total %
1990 2.396 286 2682 10,66% 1.225 288 1513 19,04% 3.621 574 4195 13,68%
1991 2.401 354 2755 12,85% 1.213 297 1510 19,67% 3.614 651 4265 15,26%
1992 2.345 481 2826 17,02% 1.245 266 1511 17,60% 3.590 747 4337 17,22%
1993 2292 601 2.893 20,77% 1.255 258 1513 17,05% 3.547 859 4406 19,50%
1994 2.321 611 2932 20,84% 1.255 258 1513 17,05% 3.576 869 4445 19,55%
1995 2.560 426 2986 1427% 1.274 243 1517 16,02% 3.834 669 4503 14,86%
1996 2714 314 3.028 10,37% 1.268 236 1504 1569% 3.982 550 4532 1214%
1997 2.816 342 3.158 10,83% 1.250 242 1492 16,22% 4.066 584 4650 12,56%
1998 2.765 438 3.203 1367% 1.211 277 1488 18,62% 3.976 715 4691 1524%
1999 2.748 365 3113 11,73% 1.136 254 1390 18,27% 3.884 619 4503 13,75%
2000 2.758 270 3.028 8,92% 1.028 238 1266 18,80% 3.786 508 4294 11,83%
2001 2.696 260 2956 8,80% 952 225 1177  1912% 3.648 485 4133 11,73%
2002 2.595 261 2856  9,14% 871 236 1107 21,32% 3.466 497 3.963 12,54%
2003 2.546 203 2749  7,38% 851 200 1.051 19,03% 3.397 403 3.800 10,61%
2004 2.508 168 2676 6,28% 846 150 996 15,06% 3.354 318 3.672 8,66%
2005 2424 160 2584 6,19% 797 131 928 1412% 3.221 291 3.512  8,29%
2006 2.334 178 2512 7,09% 744 131 875 1497% 3.078 309 3.387 9,12%
2007 2.233 168 2.401 7,00% 690 118 808 1460% 2.923 286 3.209 891%
2008 2132 164 2296 7,14% 638 122 760 16,05% 2.770 286 3.056  9,36%
2009 2.012 206 2218  9,29% 608 123 731 16,83% 2.620 329 2949 11,16%
2010 108 10 118 8,47% 113 19 132 14,39% 221 29 250 11,60%
Total 49.704 6.266 55970 11,20% 20.470 4312 24782 17,40% 70174 10.578 80.752 13,10%

Table 10: when the condition as specified in formula (8) are applied to the dataset, we are able to the number of
observations which are classified as normal and financially distressed. N is to be interpreted as normal, not
financially distressed firms. FD stands for financially distressed. The percentages are the total number of
observations which are classified as financially distressed for that year. Note that the USA has a relatively larger
number of financially distressed observations than does the G-7 dataset. On overall, 13,1% of all observations are

classified as distressed.

Note that this gives rise to an interesting dynamic: it is possible for a firm to be financially distressed somewhere
within our sample period, but not permanently. In other words, under this definition of financial distress, it is
possible for a firm to “rebound” out of financial distress within the sample period. This is what makes this model
stand out from the previous two discussed. Granted, the Ohlson model has a similar dynamic, but employs a Cox
regression while the Pindado model employs a binary logistic regression. The latter has far more technical
features available which allow for larger datasets to be accurately modeled in comparison to the former. Secondly,
it is subject to far less constraints, such as normality of the data. A prerequisite for the Pindado model is that it
requires a dataset with a large number of observations to be accurate, this in contrast with the requirements of the

previously discussed models, which perform better on smaller, more restricted datasets.

Following Pindado (2006; 2008), we reiterate the binary logistic model for each year for which we have
observations. This allows us to view the robustness of the model taking into account the time and individual
factors of the model. Important here is to determine whether the signs are of the correct order of each of the three

variables.

EBIT / RTA is expected to have a negative sign, since earnings are needed to at least replace assets at
replacement values over time. This reduces the probability of financial distress. This matches findings of previous
studies, such as Altman (1968), Ohlson (1980) and Zmijewski (1984). Note that creditors also tend to use this

ratio in order to estimate the return on capital (Claessens et al., 2003). FE / RTA is expected to be positive, thus
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increasing the probability of financial distress. As discussed previously, this could be due to the various costs
attached to debt. Finally, RE / RTA is expected to have a negative sign. Since retained earnings allow firms to
have a financial buffer in lesser times. Altman (1968) argues that younger firms are more susceptible to financial
distress as they generally lack such a buffer. Table 11 below displays the beta values, the corresponding

standard errors as well as several reliability checks.

For the first ratio, we find a negative sign over the period investigated, being statistically significant for all years. A
similar result is found in our USA dataset. The financial theory discussed is thus supported by our model in this
respect. The second ratio shows an inconsistent result, however. Up to and including 1994 it is statistically
significant and has a positive sign. From 1995 to 1996, the sign turns negative and again becomes statistically
significant up to 2009. Our USA dataset shows a statistically significant result with a negative sign over the
investigated period. For the third ratio, we find a negative sign in both the G-7 dataset, as well as in our out-of-
sample test with the USA dataset. We can therefore conclude that the generation of revenues to be able to
replace its assets over time indeed is a statistically significant factor for firms with respect to the probability of
financial distress. We do not however find such a consistent statistical relationship for the various financial
expenses in relation to the replacement value of assets. As discussed, a financial reserve in the shape of retained
earnings reduces the probability of financial distress occurring, as it allows the firm to replace its assets over time

using said retained earnings.
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E£G-7 dataset
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" 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
EEBIT,/RTA, -69,387* -62,789* -70,617* -59,427* -72,671* -60,536* -54,886* -50,905* -47,502* -36,859* -35747* -24290* -34,275* -52,869* -63,785* -51,075* -70,177* -71,430* -42540* -43,801* -67,354
r r r r r r r r r r r r r r r r r r r r ¥
2 (3,919) 7 (3,435) " (3,557) " (2,840) " (3,535) " (3,239) ' (3,050) " (2,770) " (2435) " (2,081) " (2,089) " (1,502) " (1,903) " (2,931) " (3,421) ' (3,094) "(4,070) 7 (4,494) " (2,751) " (2,703) "(16,835
L]
¥Feu/RTAL 50,889* 36,965* 37,369* 22,109* 52,739* " 5845  -22871* -45733* -44983* -52,387* -101,937* -126,013* -138,246* -109,889* -116,729* -123,124* -99,179* -174,313* -164,969* -238,454* " 36,531
T(4,473) 7 (3,669) 7 (3.668) " (3.416) " (4,459) 7 (5,042) T (5437) " (6,085) " (4,844) " (5382) " (6,915) T (7,127) " (8,483) 7 (9,940) 7 (9,262) 7(10,542) "(12,634)7(14,058) 7 (9,859) " (17,146) "(43,438|
5 Rejyq/RTA, 6,785* -4,534*  -3463* -2,691* -1774* -3272* -4407* -5058* -3879* -4,120* -5467* -6344* -3595* -1,519* -1739* -2771* -1632* -2,545* -5351* -3709* " -1511
7(0,792) 7 (0,609) " (0,490) " (0,363) " (0,366) " (0,399) " (0,451) " (0,411) " (0,300) " (0,307) " (0,368) " (0,347) " (0,249) " (0,239) " (0,249) 7 (0,251) "(0,173) " (0,252) " (0,304) " (0,289) " (1,088)
Psuedo R-squared 0,865 0,842 0,823 0,775 0,795 0,826 0,856 0,862 0,808 0,795 0,848 0,793 0,788 0,815 0,862 0,852 0,881 0,901 0,836 0816 0,868
Likelihood Ratio 909,106 1.066,461 1.199,920 1.489,002 1.403,671 1.250,399 1.085213 1.091,446 1.457,772 1.490,803 1.136,667 1.427,289 1.403,689 1.213,065 924,578 949,192 768,061 620,866 915726 972,487 39,015
Observations 2673 2747 2.815 2.883 2.923 2.977 3.019 3.150 3.200 3.107 3.027 2.956 2.853 2.746 2,673 2.581 2510  2.398 2.292 2.214 117
USA dataset
1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
EBIT,/RTA4 -24,046* -26256* -17,318* -28,742* -37,135* -29,746* -27,701* -25748* -18,543* -17,709* -30,634* -17,137* -21,810* -31,121* -43,522* -39,898* -39,327
7(1,348) 7 (1,608) 7 (1,078) " (1,817) T (2,424) T (1,931) " (1,868) " (1,737) " (1,201) " (1,191) " (2,188) " (1,208) " (1,631) 7 (2,400) 7 (3,872) " (3,861) 7(9,803)
Fey/RTA, 6,833* -11,550* -12,043* -28,597* -19111* -26,460* -25774* -27,253* -14,743* -25203* -11257* -19,409* -13,169* " -3,983 " -4704 -23,565* -21,483
T(2,184) T (2,711) T (2,834) 7 (4,160) " (4,490) 7 (3,856) " (4,445) ' (4,239) " (2,830) 7 (3,169) " (3,016) " (2,825) " (3,557) " (4,129) 7 (6,462) ¥ (6,033) 7 (6,888),
'
<
Reyt/RTA -0,450* -0,437* -0,322* -0,262** -0,252*** .0,316* -0,493* -0,928* -0,774* -0,712* -0511* -0,699* -1640* -1,315* -0476** -0,480* 1,740 N
7(0,099) 7 (0,083) 7 (0,071) 7 (0,112) 7 (0,141) 7 (0,062) " (0,142) " (0,135) " (0,128) " (0,105) 7 (0,160) " (0,124) " (0,171) ¥ (0,186) " (0,204) " (0,112) 7(0,696) '
Psuedo R-squared 0,752 0,737 0,612 0,789 0,843 0,828 0,829 0,834 0,740 0,741 0,829 0,676 0,734 0,769 0,856 0,865 0,905
Likelihood Ratio 840,777 878,162 1.165641 741,084 582,562 630,383 623,837 600,872 856,387 799,040 525195 799,861 648682 552,881 356,560 258,028 32,974
Observations 1513 1.510 1.510 1513 1513 1517 1503 1.490 1.487 1.389 1.266 1477 1.107 1.051 995 927 872 808 760 729 132

Table 11 - Standard error in parenthesis. Psuedo R-squared is the Nagelkerke R-square, which is an indication of
the goodness of fit of the model based on x2 statistic. The Likelihood Ratio test the joint significance of the
variables employed in the model. It's a rough indicator of which its value is represented as a x2 statistic.

* means significant at 1%, ** means significant at 5%,

*kk

means significant at 10%.

For the USA dataset, 2005, 2006, 2007 and 2009 data unavailable due to complete seperation of observations.
See Albert and Anderson (1984): in essence, the relative number of firms classified as financially distressed is too
small on such limited population for the years in question, causing the model to fail to converge to maximum
likelihood.
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Note that for the Psuedo-R Square in table 11 we have chosen for the Nagelkerke R-square. It is a reliable
indication of the strength of the relationship between the predicted variable, being the probability of financial
distress, and the predictors, being the three variables as previously discussed in the methodology chapter. From

table 11 we can conclude that this relationship is moderate to strong.

When we execute the model on both datasets and list the probabilities of financial distress, as well as their
corresponding means and standard deviations, we acquire table 12. From here we see that 11,18% of all
observations of the G-7 dataset, are classified as financially distressed by the model. For our out-of-sample
dataset from the USA, this percentage is 17,37%. See that the probability of financial distress for US firms in the
datasets appear to be higher than in other G-7 countries. This is also the case in Pindado (2008). Note that our
replica model correctly predicts ex ante 93,47% of the total observations for the G-7 excluding USA, and 93,12%
for the USA, respectively. The Type | and Type |l errors are to be interpreted as follows:

e Type I: an observation is classified as financially distressed by the model, while it is actually not
financially distressed.

e Type lI: an observation is classified as normal by the model, while actually it is financially distressed.

Regardless of Type | or Type Il error, the model in question misclassifies the observation in question. The
observations which are not misclassified are thus correctly classified, either as financially distressed (FD),

otherwise as normal (Normal).

Note that for the years 2005, 2006, 2007 and 2008 the model did not iterate, due to a complete separation of
observations, see Albert and Anderson (1984).
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Table 12 - Estimation results on the probability of financial distress

G-7 dataset

Year Classification status Type l error Type ll error Correct classification Mean Standard

Normal % FD % Absolute Relative Absolute Relative Absolute Relative deviation

1990 2.388 89,34% 285 10,66% 35 1,31% 131 4,90% 2.507 93,79% 0,110 0,309
1991 2.394 87,15% 353 12,85% 48 1,75% 167 6,08% 2532 92,17% 0,130 0,335
1992 2.336 82,98% 479 17,02% 77 2,74% 177 6,29% 2.561 90,98% 0,170 0,376
1993 2.285 79,26% 598 20,74% 79 2,74% 228 7,91% 2.576 89,35% 0,210 0,406
1994 2.313 79,13% 610 20,87% 49 1,68% 213 7,29% 2.661 91,04% 0,210 0,406
1995 2.552 85,72% 425 14,28% 51 1,71% 199 6,68% 2727 91,60% 0,140 0,350
1996 2.706 89,63% 313 10,37% 50 1,66% 171 5,66% 2.798 92,68% 0,100 0,305
1997 2.808 89,14% 342 10,86% 48 1,52% 154 4,89% 2.948 93,59% 0,110 0,311
1998 2.762 86,31% 438 13,69% 85 2,66% 168 5,25% 2.947 92,09% 0,140 0,344
1999 2.743 88,28% 364 11,72% 71 2,29% 170 547% 2.866 92,24% 0,120 0,322
2000 2.757 91,08% 270 8,92% 54 1,78% 94 3,11% 2.879 95,11% 0,090 0,285
2001 2.696 91,20% 260 8,80% 68 2,30% 113 3,82% 2775 93,88% 0,090 0,283
2002 2.594 90,92% 259 9,08% 64 2,24% 115 4,03% 2.674 93,73% 0,090 0,288
2003 2.545 92,68% 201 7,32% 70 2,55% 62 2,26% 2.614 95,19% 0,070 0,262
2004 2.506 93,75% 167 6,25% 56 2,10% 35 1,31% 2.582 96,60% 0,060 0,243
2005 2423 93,88% 158 6,12% 61 2,36% 46 1,78% 2474 95,85% 0,060 0,241
2006 2.332 92,91% 178 7,09% 49 1,95% 38 1,51% 2423 96,53% 0,070 0,257
2007 2.231 93,04% 167 6,96% 48 2,00% 38 1,58% 2.312 96,41% 0,070 0,255
2008 2.130 92,93% 162 7,07% 74 3,23% 57 2,49% 2.161 94,28% 0,070 0,258
2009 2.008 90,70% 206 9,30% 58 2,62% 73 3,30% 2.083 94,08% 0,090 0,290
2010 107 91,45% 10 8,55% 4 3,42% 2 1,71% 111 94,87% 0,090 0,280
Total 49.616 ' 88,82% 6.245 ' 11,18% 1199 ' 215% 2451 ' 4,39% 52.211 93,47% 0,110 0,315
USA dataset

Year Classification status Type | error Type ll error Correct classification Mean Standard

Normal % FD % Absolute Relative Absolute Relative Absolute Relative deviation

1990 1.225 80,96% 288 19,04% 89 5,88% 54 3,57% 1.370 90,55% 0,190 0,393
1991 1.213 80,33% 297 19,67% 82 5,43% 71 4,70% 1.357 89,87% 0,200 0,398
1992 1.245 82,45% 265 17,55% 81 5,36% 65 4,30% 1.364 90,33% 0,180 0,381
1993 1.255 82,95% 258 17,05% 75 4,96% 63 4,16% 1.375 90,88% 0,170 0,376
1994 1.255 82,95% 258 17,05% 57 3,77% 48 317% 1.408 93,06% 0,170 0,376
1995 1.274 83,98% 243 16,02% 50 3,30% 53 3,49% 1.414 93,21% 0,160 0,367
1996 1.268 84,36% 235 15,64% 54 3,59% 50 3,33% 1.399 93,08% 0,160 0,364
1997 1.249 83,83% 241 16,17% 57 3,83% 35 2,35% 1.398 93,83% 0,160 0,369
1998 1.210 81,37% 277 18,63% 83 5,58% 35 2,35% 1.369 92,06% 0,190 0,389
1999 1.135 81,71% 254 18,29% 54 3,89% 48 3,46% 1.287 92,66% 0,180 0,387
2000 1.028 81,20% 238 18,80% 58 4,58% 25 1,97% 1.183 93,44% 0,190 0,391
2001 952 80,88% 225 19,12% 80 6,80% 44 3,74% 1.053 89,46% 0,190 0,393
2002 871 78,68% 236 21,32% 57 5,15% 33 2,98% 1.017 91,87% 0,210 0,341
2003 851 80,97% 200 19,03% 61 5,80% 20 1,90% 970 92,29% 0,190 0,393
2004 846 85,03% 149 14,97% 43 4,32% 19 1,91% 933 93,77% 0,150 0,358
2005 797 85,98% 130 14,02% 0,00% 0,00% 927 100,00% 0,140 0,347
2006 744 85,32% 128 14,68% 0,00% 0,00% 872 100,00% 0,150 0,357
2007 690 85,40% 118 14,60% 0,00% 0,00% 808 100,00% 0,150 0,353
2008 638 83,95% 122 16,05% 44 5,79% 9 1,18% 707 93,03% 0,160 0,367
2009 608 83,40% 121 16,60% 0,00% 0,00% 729 100,00% 0,170 0,374
2010 113 85,61% 19 14,39% 5 3,79% 2 1,52% 125 94,70% 0,140 0,352
Total 20.467 82,63% 4.302 17,37% 1.030 4,16% 674 2,72% 23.065 93,12% 0,170 0,379

Table 12: the top panel displays the findings on the G-7 dataset. We display the firms which are predicted to be
healthy (Normal) and financially distressed (FD). Secondly, we display the number of Type | and Type Il errors for
each year investigated as well as the number of observations which are correctly classified. Lastly, we display the
mean and standard deviation of the predicted variable. The bottom panel shows similar statistics for the USA

dataset. We conclude that we find quite robust results: within the G-7 dataset, 93,47% of the observations are

correctly classified. For the USA, this percentage is 93,12%.
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In this chapter we will discuss the accuracy of the models based on their classification results. We will summarize

5. Comparing the models

our findings of the previous chapter and discuss the specifics of each of these models with respect to their results

in predicting financial distress.

Within statistics it is common to consider the R-square values. There is a catch here, however. The pseudo-R
square, such as the Nagelkerke Pseudo R-square reported in the Pindado model, merely illustrates how much the
fitted model improves the log-likelihood from the null model. Therefore it is theoretically possible to compare the
Ohlson and Pindado replicated models, as they are both logistic regressions of some sort. This would however

exclude the Altman model from the comparison, thus effectively missing the goal of this paper.

Since we are dealing with three different types of regression, it is not intuitive on how to compare these models
directly. The advantage we have here is that we employed all three models on the same dataset. Even though the
models may have different variables and methodologies, the underlying data is the same. For our out-of-sample

dataset, this logic also applies.

This allows us to regard each model in its own respect. One would employ a model with predictive power in order
to predict something — here, the probability of financial distress. Therefore, the reliability of this predictive power,
being the amount of observations correctly predicted would be the most obvious manner of comparison.
Woolridge (2009) points out that this is a suitable manner to compare goodness-of-fit between various models. It
is noted, however, that this can be very misleading when the probability of the event — here, financial distress
likelihood — occurring is very rare. This becomes especially true when the number of observations is very small.

Therefore Woolridge (2009) suggests to calculate the number of correctly predicted observations for each year.

When we employ this method, we get table 13 for the replicated Altman model. From the table we can see that
the replicated Altman model misclassifies a large number of observations. This is especially true for Type | errors,
thus resulting in false positives. This is true for both the G-7 as well as the USA dataset — 33,37% and 41,04% of
the observations are Type | errors, respectively. The replicated Altman model finds roughly three times as much
financially distressed observations as does the benchmark, being 36,94% versus 11,19% for the G-7 dataset, and
46,59% versus 17,33% for the USA dataset. The replicated Altman model correctly predicts 59,02% of the

observations for the G-7 dataset, and 47,19% of the observations for the USA dataset.
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Table 13 - number of observations correctly classified, Type | and Type Il errors - Altman replicated model

G-7 dataset
Benchmark classification Altman Altman classification
Normal FD Type | Type Il Correct Normal FD
Year Absolute % Absolute % Absolute Relative Absolute Relative Absolute Relative  Absolute % Absolute %
1990 2.396 89,37% 285 10,63% 991 36,96% 168 6,27% 1522 56,77% 1573 58,67% 1.108 41,33%
1991 2401 87,18% 353 12,82% 1.001  36,35% 227 8,24% 1526 5541% 1.627 59,08% 1.127 40,92%
1992 2.345 82,98% 481 17,02% 989 35,00% 353 12,49% 1484 5251% 1709 60,47% 1.117 39,53%
1993 2292 79,23% 601 20,77% 958 33,11% 447 15,45% 1488 51,43% 1.781 6156% 1.112 38,44%
1994 2.321 79,16% 611 20,84% 956 32,61% 443 15,11% 1533 52,29% 1.808 61,66% 1.124 38,34%

1995 2559 85,73% 426 14,27% 1.002 33,57% 288 9,65% 1695 56,78% 1845 6181% 1.140 38,19%
1996 2714 89,63% 314 10,37% 1.082 35,73% 194 6,41% 1752 57,86% 1826 60,30% 1.202 39,70%
1997 2815 89,17% 342 10,83% 1118 3541% 218 6,91% 1821 57,68% 1915 60,66% 1.242 39,34%
1998 2765 86,33% 438 13,67% 1.060 33,09% 303 9,46% 1840 57,45% 2.008 62,69% 1195 37.31%

1999 2748 8827% 365 11,73% 966 31,03% 268 8,61% 1879 60,36% 2.050 6585% 1.063 34,15%
2000 2.757 91,08% 270 8,92% 937 30,95% 178 5,88% 1912 63,16% 1998 66,01% 1.029 33,99%
2001 2696 91,24% 259 8,76% 915 30,96% 171 5,79% 1.869 63,25% 1952 66,06% 1.003 33,94%
2002 2595 90,86% 261 9,14% 919 32,18% 173 6,06% 1764 61,76% 1.849 64,74% 1.007 3526%
2003 2546 92,62% 203 7,38% 873 31,76% 133 4,84% 1.743 63,40% 1806 6570% 943 34,30%
2004 2508 93,72% 168 6,28% 896 33,48% 109 4,07% 1671 62,44% 1721 6431% 955 35,69%
2005 2424 9381% 160 6,19% 820 31,73% 109 4,22% 1.655 64,05% 1713 66,29% 871 33,71%
2006 2.334 9291% 178 7,09% 846 33,68% 131 521% 1535 61,11% 1619 6445% 893 3555%
2007 2.233 93,04% 167 6,96% 860 35,83% 108 4,50% 1432 59,67% 1481 61,71% 919  38,29%
2008 2.130 92,85% 164 7,15% 832 36,27% 95 4,14% 1.367 59,59% 1393 60,72% 901  39,28%
2009 2.009 90,70% 206 9,30% 612 27,63% 139 6,28% 1464 66,09% 1536 69,35% 679 30,65%
2010 106 91,38% 10 8,62% 37 31,90% 7 6,03% 72 62,07% 76 65,52% 40 34,48%

Total 49.694 88,81% 6.262 11,19% 18.670 33,37% 4.262  7,62% 33.024 59,02% 35.286  63,06% 20.670 36,94%

USA dataset
Benchmark classification Altman Altman classification
Normal FD Type | Type Il Correct Normal FD

Year Absolute % Absolute % Absolute Relative Absolute Relative Absolute Relative  Absolute % Absolute %
1990 1.214 80,83% 288 19,17% 693 46,14% 178 11,85% 631 42,01% 699 46,54% 803 53,46%
1991 1.206 80,56% 291 19,44% 673 44,96% 181 12,09% 643 42,95% 714 47,70% 783  52,30%
1992 1240 82,56% 262 17,44% 694 46,21% 168 11,19% 640 42,61% 714  4754% 788  52,46%
1993 1.250 83,00% 256 17,00% 700 46,48% 174 11,55% 632 41,97% 724  48,07% 782  51,93%
1994 1.252 83,02% 256 16,98% 703 46,62% 172 11,41% 633 41,98% 721 47,81% 787  52,19%
1995 1271 84,12% 240 15,88% 691 45,73% 157 10,39% 663 43,88% 737 48,78% 774 51,22%
1996 1.267 84,41% 234 15,59% 672 4477% 161 10,73% 668 44 .50% 756  50,37% 745  49,63%
1997 1.248 83,81% 241 16,19% 654 43,92% 151 10,14% 684 45,94% 745  50,03% 744  4997%
1998 1.209 81,52% 274 18,48% 604 40,73% 194 13,08% 685 46,19% 799 53,88% 684  46,12%
1999 1.134 81,70% 254 18,30% 536 38,62% 175 12,61% 677 48,78% 773  55,69% 615  4431%
2000 1.027 81,31% 236 18,69% 491 38,88% 169 13,38% 603 47,74% 705 55,82% 558 44,18%
2001 951 80,94% 224 19,06% 420 35,74% 152 12,94% 603 51,32% 683  58,13% 492  41.87%
2002 867 78,68% 235  21,32% 373 33,85% 166 15,06% 563 51,09% 660 59,89% 442  40,11%
2003 848 81,07% 198 18,93% 344 32,89% 135 12,91% 567 54,21% 639 61,09% 407  38,91%
2004 843  84,98% 149 15,02% 366 36,90% 104 10,48% 522 52,62% 581 58,57% 411 41,43%
2005 796  86,05% 129 13,95% 349 37,73% 94 10,16% 482 52,11% 541 58,49% 384 4151%
2006 742  84,99% 131 15,01% 324 37,11% 92 10,54% 457 52,35% 510 58,42% 363  41,58%
2007 690 85,40% 118 14,60% 293 36,26% 91 11,26% 424 52,48% 488 60,40% 320 39,60%
2008 638  83,95% 122 16,05% 293 38,55% 88 11,58% 379 49,87% 433  56,97% 327  43,03%
2009 606  83,24% 122 16,76% 213 29,26% 90 12,36% 425 58,38% 483  66,35% 245  33,65%
2010 112 85,50% 19 14,50% 46 3511% 16 12,21% 69 52,67% 82 62,60% 49 37,40%

Total 20.411 82,67% 4.279 17,33% 10132 41,04% 2.908 11,78% 11.650 47,19% 13.187 53,41% 11.503 46,59%

Table 13: the top panel is made up of three windows and concerns the G-7 dataset. The left hand window
displays the binary variable of financial distress likelihood. This is considered the benchmark for all three models
in this paper. It displays for each year which firm is ex-post classified as normal (Normal) or financially distressed
(FD). The middle window displays the Type | and Type Il errors from our replicated Altman model. The right hand
window displays the number of observations as classified by our replicated Altman model. The bottom panel is to

be interpreted in a similar way, but then for the USA dataset.

-28- A Study on Financial Distress Models



(6:.15 mus Universiteit Rotterdam

We apply the same format to display the correctly classified observations for the Ohlson replicated model. This
gives table 14. It appears that the Ohlson replicated model shows better results than the Altman model. It is
noteworthy that the Type | and Type |l errors are low, except for the Type | errors in the USA dataset, being
30,97%. On overall, the Ohlson model classifies 2,04% of the observations of the G-7 dataset as financially
distressed, whereas the benchmark states this is 9,89%. For the USA dataset, these values are 46,07% versus
17,33%. The replicated Ohlson model correctly classifies 89,43% of the G-7 dataset observations and 66,8% of
the USA dataset.

This leaves us to conclude that the Ohlson model does far better than the Altman model, whereas both perform
less consistent at the out-of-sample dataset of the USA. The Ohlson model seems to be less volatile in this

respect than the Altman model. This leaves us to conclude that there is still room for improvement.

When we repeat this exercise for the Pindado replicated model, we obtain table 12. From here we can see that
the Type | and Type Il errors are relatively the lowest of all three models on both the G-7 as well as the USA
dataset. The Pindado replicated model correctly classifies 93,47% of the G-7 dataset, whereas this is 93,12% for
the USA dataset.

We employed the binary variable for financial distress as a benchmark for all three models. A slight variation in
the total number of observations between the three models comes forth out of partial unavailability of data from

CompusStat for the variables employed within the three models.

To make it easier to interpret tables 12, 13 and 14 as to which of the three models has the best overall
consistency in correctly predicting financial distress likelihood, see figure 2 and 3 below for a graphical display.
From here we see that the Pindado model performs best in both the G-7 dataset as well as in our out-of-sample
dataset for the USA. The Ohlson model comes as a close second best to the Pindado model. To a lesser degree,
this is also true for the USA dataset. The large number of Type | errors in our out-of-sample test seems to harm
its reliability. In both datasets, the Altman model performed the least of the three models. As discussed previously,
the technical features of logarithmic models really shine when employed on large datasets, which could be a
clarification why the Altman model lags behind the other two on both occasions.
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Table 14 - number of observations correctly classified, Type | and Type Il errors - Ohlson replicated model

G-7 dataset

Benchmark classification Ohison Ohlson classification

Normal FD Type | Type Il Correct Normal FD
Year Absolute %  Absolute % Absolute Relative Absolute Relative Absolute Relative  Absolute % Absolute %
1990 611 86,42% 96 13,58% 21 2,97% 83 11,74% 603 85,29% 673 95,19% 34 4,81%
1991 626 84,37% 116 15,63% 19 2,56% 102 13,75% 621 83,69% 709 95,55% 33 4,45%
1992 608 80,96% 143 19,04% 17 2,26% 129 17,18% 605 80,56% 720 95,87% 31 4,13%
1993 591 77,25% 174 22,75% 17 2,22% 160 20,92% 588 76,86% 734 95,95% 31 4,05%
1994 605 77,96% 171 22,04% 19 2,45% 161 20,75% 596 76,80% 747 96,26% 29 3,74%
1995 1.391 82,90% 287  17,10% 21 1,25% 281 16,75% 1.376  82,00% 1.651  98,39% 27 1,61%
1996 1.731 87,51% 247  12,49% 24 1,21% 239 12,08% 1.715 86,70% 1.946 98,38% 32 1,62%
1997 1.839 87,74% 257  12,26% 19 0,91% 243 11,59% 1.834 87,50% 2.063 98,43% 33 1,57%
1998 1.781 84,09% 337  1591% 17 0,80% 323 1525% 1778 83,95% 2.087 98,54% 31 1,46%
1999 1.635 86,69% 251 13,31% 24 1,27% 235 12,46% 1.627 86,27% 1.846 97,88% 40 2,12%
2000 1.714 91,56% 158 8,44% 28 1,50% 141 7,53% 1.703  90,97% 1.827 97,60% 45 2,40%
2001 2114 92,96% 160 7,04% 57 2,51% 146 6,42% 2071 91,07% 2203 96,88% 71 3,12%
2002 2141 92,68% 169 7,32% 40 1,73% 157 6,80% 2113 91,47% 2258 97,75% 52 2,25%
2003 2107 94,53% 122 547% 40 1,79% 107 4,80% 2.082 9341% 2174  97,53% 55 2,47%
2004 2.080 95,54% 97 4,46% 35 1,61% 80 3,67% 2.062 94,72% 2125 97,61% 52 2,39%
2005 2.026 95,75% 90 4,25% 45 2,13% 78 3,69% 1.993 94,19% 2.059 97,31% 57 2,69%
2006 1.774 94,61% 101 5,39% 12 0,64% 97 517% 1.766  94,19% 1.859  99,15% 16 0,85%
2007 1.680 94,33% 101 5,67% 1 0,06% 96 5,39% 1684 94,55% 1775 99,66% 6 0,34%
2008 1.608 93,93% 104 6,07% 1 0,06% 99 5,78% 1612 94,16% 1706  99,65% 6 0,35%
2009 1531 91,79% 137 8,21% 0 0,00% 132 7,91% 1.536 92,09% 1663  99,70% 5 0,30%
2010 68 93,15% 5 6,85% 0 0,00% 5 6,85% 68 93,15% 73 100,00% 0 0,00%
Total 30.261 90,11% 3.323 9,89% 457 1,36% 3.094 9,21% 30.033 89,43% 32.898 97,96% 686 2,04%
USA dataset

Benchmark classification Ohlson Ohlson classification

Normal FD Type | Type Il Correct Normal FD
Year Absolute %  Absolute % Absolute Relative Absolute Relative Absolute Relative  Absolute % Absolute %
1990 1.214 80,83% 288 1917% 561 37,35% 33 2,20% 908 60,45% 686 45,67% 816  54,33%
1991 1.206 80,56% 291 19,44% 559 37,34% 37 2,47% 901 60,19% 684 45,69% 813 54,31%
1992 1.240 82,56% 262 17,44% 585 38,95% 37 2,46% 880 58,59% 692 46,07% 810 53,93%
1993 1.250 83,00% 256  17,00% 576 38,25% 23 1,53% 907 60,23% 697 46,28% 809 53,72%
1994 1.252 83,02% 256  16,98% 553 36,67% 29 1,92% 926 61,41% 728 48,28% 780 51,72%
1995 1.270 84,11% 240 15,89% 533 35,30% 16 1,06% 961 63,64% 753 49,87% 757 50,13%
1996 1.267 84,41% 234  1559% 519 34,58% 22 147% 960 63,96% 770 51,30% 731 48,70%
1997 1.248 83,81% 241 16,19% 495 33,24% 23 1,54% 971 65,21% 776 52,12% 713 47,88%
1998 1.209 8147% 275 18,53% 460 31,00% 32 2,16% 992 66,85% 781 52,63% 703  47,37%
1999 1.134 81,70% 254  18,30% 394 28,39% 27 1,95% 967 69,67% 767 55,26% 621 44.74%
2000 1.027 8131% 236 18,69% 335 26,52% 26 2,06% 902 71,42% 718 56,85% 545  43,15%
2001 950 80,92% 224 19,08% 312 26,58% 28 2,39% 834 71,04% 666 56,73% 508  43.27%
2002 869 78,71% 235  21,29% 289 26,18% 49 4,44% 766 69,38% 629 56,97% 475  43,03%
2003 850 81,11% 198  18,89% 271 25,86% 34 3,24% 743 70,90% 613 58,49% 435  4151%
2004 845 85,01% 149 14,99% 260 26,16% 23 2,31% 71 71,53% 608 61,17% 386 38,83%
2005 796 86,05% 129  13,95% 220 23,78% 20 2,16% 685 74,05% 596 64,43% 329 3557%
2006 742  84,99% 131 15,01% 197 22,57% 22 2,52% 654 74.91% 567 64,95% 306 35,05%
2007 690 85,40% 118  14,60% 179 22,15% 19 2,35% 610 75,50% 530 65,59% 278  3441%
2008 638 83,95% 122 16,05% 162 21,32% 22 2,89% 576 75,79% 498 65,53% 262 3447%
2009 606 83,24% 122 16,76% 156 21,43% 25 3,43% 547 75,14% 475 65,25% 253  34,75%
2010 112 85,50% 19 14,50% 32 24,43% 3 2,29% 96 73,28% 83 63,36% 48 36,64%

Total 20.415 82,67% 4.280 17,33% 7.648 30,97% 550 2,23% 16.497 66,80% 13.317 53,93% 11.378 46,07%

Table 14: the top panel is made up of three windows and concerns the G-7 dataset. The left hand window
displays the binary variable of financial distress likelihood. This is considered the benchmark for all three models
in this paper. It displays for each year which firm is ex-post classified as normal (Normal) or financially distressed
(FD). The middle window displays the Type | and Type Il errors from our replicated Ohlson model. The right hand
window displays the number of observations as classified by our replicated Altman model. The bottom panel is to

be interpreted in a similar way, but then for the USA dataset.
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Figure 2: observations correctly classified (G-7 dataset)
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Figure 2: this is a graphical display of the relative number of observations correctly classified as either financially
distressed, either normal by all three models discussed. The above graph concerns itself with the G-7 dataset. As
can be seen, the Pindado model consistently yields the best results for the G-7 dataset. The Ohlson model is,

especially in the 2000 — 2010 period, a close second. The Altman model performs the worst.

Figure 3: observations correctly classified (USA dataset)
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Figure 3: this is a graphical display of the relative number of observations correctly classified as either financially
distressed, either normal by all three models discussed. The above graph concemns itself with the USA dataset.
From this out-of-sample test we see that again the Pindado model yields the best results. Note that for the years
2005, 2006, 2007 and 2009, the model did not iterate. The Pindado model performs less than it did in the G-7
dataset due to the large amount of Type | errors, but is still second best to the Pindado model. Again, the Altman

model performs worst.
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These figures allow us to answer our first hypothesis, that the Pindado model is indeed superior to the other two

models in regard of reliability of predictive power concerning financial distress likelihood.

Another interesting aspect would be to see the practical implication of information-asymmetry as discussed in our
theoretical framework. Chandra and Nayar (2008) state that a firm would attract debt prior to announcing a
downturn in expected performance. Following Cleary (1999), taking into account our binary definition of the
financial distress variable, this should cause an increase in the number of observations classified as financially
distressed following the years of the financial crisis. See figure 4 for the G-7 dataset, and figure 5 for the USA

dataset, respectively.

Figure 4: observations classified as financially distressed over time (G-7 dataset)
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Figure 4: this figure displays the number of observations classified as financially distressed within the G-7 dataset.
As discussed, the Altman model has a large number of Type | errors, thus resulting in many false positives in
misclassifying observations as financially distressed. The Pindado model shows a spike in financially distressed
firms in the nineties, and declines steadily over time. The Ohlson model seems the most conservative of the three

models, in classifying the least observations as financially distressed.

Neither in figure 4, nor in figure 5 can we establish a significant increase in the number of observations classified
as financially distressed. Note however that the financial distress variable is backwards looking over the past two
years. It could be that the effects of financially distressed firms have not yet manifested itself within the sample
period. Additionally, neither do we find any significant increases in financially distressed observations during the

period of the burst of the internet bubble early 2000’s.
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Figure 5: observations classified as financially distressed over time (USA dataset)
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Figure 5: the figure above displays the number of observations classified as financially distressed within the USA

dataset. Here, we see that the Ohlson model shares the same trend in Type | errors as the Altman model, making

a strong contrast with the G-7 dataset. The Pindado model remains robust, even in this out-of-sample test.

This leads us to conclude our second and third hypotheses, that we cannot find any clear establishment of

information-asymmetry taking effect in the classification of financial distress likelihood. This contrasts our findings

with that of Chandra and Nayar (2008). Bushee et al. (2010) argues that the media generally focuses on large

firms, which is what the CompuStat database — and thus our dataset as well as our out-of-sample dataset —

primarily consists of. Therefore it cannot be stated that information-asymmetry does not occur. We simply fail to

establish empirical evidence in this case due to inherently biased data due to firm size.
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In this research paper we illustrate the evolution of financial distress likelihood models over the past five decades.

6. Conclusion

We selected the Altman model, originally from 1968 and revisited in 2000, the Ohlson model of 1980 and the
Pindado model of 2008. In order to let financial distress manifest itself, debt — or its related costs — is a necessary
factor. Therefore a theoretical framework in the shape of the capital framework is briefly discussed. Debt holders
and equity holders have their own stakes in a firm. When there are multiple parties involved in a firm, information-
asymmetry may arise, as one group of investors may try to secure their investment at the expense of the other
group. Therefore, we also formulated possible hypotheses illustrating the relation between information-asymmetry

and financial distress likelihood.

Upon discussing the theoretical background of the three financial distress likelihood models, we proceeded with
the methodology. Since we are dealing with a discriminant model and two logarithmic models, there are
methodological implications in comparing the outcomes of the three models. We then proceed by replicating the
three models based on our dataset acquired from CompuStat. To verify our findings, we created two datasets:
one consisting of the G-7 countries excluding the USA, and an out-of-sample dataset containing data on USA
firms. Both concern themselves with the period of 1990 to 2010, allowing us to work with a large number of
observations in separate geographical locations. This is especially interesting for the Ohlson (1980) and Pindado
(2008) models, as they are logarithmic in nature. The econometric specifications of these models really shine
when employed on large datasets. Secondly, it allows us to verify whether the Altman (2000) model, while not
being a logarithmic model, is equally able in the sense of predictive reliability to work with large numbers of

observations.

Each model has its own approach and manner of interpretation. This causes a conflict to rise in making a rational
comparison with respect to the effectiveness of these three models, with effectiveness being defined as the
reliability in accurately predicting financial distress likelihood of occurring. This we solve by following Cleary
(1999), by comparing the number of observations which are correctly classified — either as normal, otherwise as
financially distressed. Since financial distress is a rare occurrence, Woolridge (2009) argues that our chosen
approach may yield possible results which may be misleading, effectively overstating the frequency of the event —
being financial distress — occurring. To correct for this, we calculate the number of correctly classified

observations on a yearly basis.

Based on this method, we find that the Pindado model is indeed superior to the Altman and Ohlson models. It
confirms the improving evolution of computer technology (read: the ability to handle large volumes of data) as well
as the evolution in predictive reliability with respect to financial distress likelihood. In contrast with Chandra and
Nayar (2008), we find no evidence for information-asymmetry manifesting itself in our sample period. This is true
for both the internet bubble collapse early 2000’s, as well as the financial crisis of 2008. Bushee et al. (2010)
points out that this could be due to inherent dataset bias. The media tends to coverage events of large firms in a
frequent fashion. Since we obtained our data from the CompuStat database, which primarily exists of large firms,
this could be a reason for our lack of empirical evidence with respect to information-asymmetry, and as a
consequence, the capital structure of the firm.

We conclude that financial distress likelihood models have indeed improved over the past four decades. Whereas
the early models merely concerned themselves with the likelihood of bankruptcy (Ohlson; 1980; Altman, 1968),

these models were reviewed and quickly developed to entail a broader span, being the probability of financial
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distress occurring. The practical added value of such models is obvious, as a firm is more likely to rebound from

financial distress than it does from filing for bankruptcy, provided that it is aware of its current financial position.
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Appendix A

Variables employed for the three financial distress probability models

Variable name CompuStat code
total liabilities LT
total assets AT
current assets ACT
current liabilities LCT
EBITDA EBITDA
EBIT EBIT
financial expenses XINT
retained earnings RE
capital expenditure CAPX
common equity CEQ
depreciation and amortization DP
intangible assets INTAN
net sales SALE
netincome UNNP / NINC*

*Substitution of UNNP in case of unavailability of data
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Capital Goods Price Index (1990 = 100)

1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
Canada 95.734 100.000 106.233 108.420 110.513 110.667 113.044 114.753 116.593 118.224 119.972 121.984 124.533 127.879 130.968 132.716 134.503 136.205 138.982 140.441 142.834 144.617
France 96.989 100.000 103.442 106.952 109.798 111.896 114.037 116.184 117.273 118.217 118.915 119.528 120.876 123.439 126.047 128.868 130.504 131.713 133.494 135.419 137.785 139.028
Germany 97.559 100.000 103.852 109.789 115.825 119.168 121.651 123.653 126.024 127.628 128.410 129.413 131.026 133.080 134.339 136.645 138.007 138.969 141.574 143.358 145.292 146.338
Italy 94.237 100.000 105.770 111.801 117.756 122.669 128.869 134.285 137.776 141.176 143.658 146.524 150.356 154.341 158.217 161.682 164.751 167.455 169.993 173.724 176.652 179.504
Japan 97.462 100.000 102.699 105.247 106.812 107.767 108.264 108.714 110.564 111.390 111.280 110.675 109.694 108.916 108.602 108.144 107.789 107.350 107.149 107.291 106.665 105.425
United Kingdom 91,156 100.000 105.786 110.138 111.672 114.480 118.292 120.873 123.121 124.933 125.805 125.917 127.270 129.149 130.805 132.236 134.227 135.972 138.276 140.513 142.996 147.112
United States 95214 100.000 104.909 108.748 112.341 115546 119.003 122.221 125.137 127.998 130.655 133.836 137.410 140.597 142.645 145.155 148.305 152.015 155567 159.142 161.847 163.398

Capital Goods Price Index.
(source: http://stats.oecd.org)
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