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Abstract. Numerous economists and analysts from all over the world have been trying to find an appropriate
method to assess company health and to predict its eventual financial distress for many years. No economy is a
small isolated subject, and the bankruptcy of a company can cause through its stakeholders’ significant impact
on the sustainable economic development. Otherwise, companies are very complicated entities, and it is not a
simple task to estimate company’s future development. Together with the best-known Z-Score model of
bankruptcy prediction developed by Altman, numerous models worldwide that are based on different
methodologies have been developed. We assume that individual state’s economy has major influence on the final
form of these models as well as there are several common characteristics between Slovak economy and economy
of countries of Visegrad Four. Therefore, we applied chosen bankruptcy prediction models developed in
countries of Visegrad Four on the set of Slovak companies and validated their prediction ability in specific
condition of the Slovak economy. On the basis of the provided calculations, we compared gained results with the
prediction capability of other popular prediction models also applied on the data set of Slovak companies.
Through this, we pointed out the importance of the development of unique bankruptcy prediction model, which
will be constructed in the specific condition of individual countries, and highlighted the weak forecasting ability
of foreign models.
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Introduction

Bankruptcy is one of the most important externalities of current modern economics and even with the
maximum effort is not possible to avoid it. Kirkos (2015) and Dichev (1998) also validate that it is one
of the most important business decision-making processes. Everywhere where exists investment
opportunities are companies willing to assume financial liabilities and resulting risks in order to keep
and develop their economic activities.

Corporate failures as well as failures of other subjects represents event that occurs not only in the
market economy. Consequences of these failures are far-reaching and have impact on all stakeholders.
According to Kumar and Ravi (2007), there are plenty of authors who dedicated their research to the
issue of bankruptcy and consider that it is crucially important to pay attention not only to the actual
financial situation of the company but also to focus on the prediction of future financial situation.

So in order to achieve good and healthy functioning of the market economy should be the main task
given to the prediction of bankruptcy, which represents an important issue not only for banks,
insurance companies and corporates but mainly for investors and creditors. On the other hand, also the
number of bankruptcies has increased in recent years, and it is becoming harder to estimate, as
companies have become more complex and have developed sophisticated schemes to hide their real
situation. Therefore, the ability to discriminate between faithful customers from potential bad ones is
fundamental for investors, commercial banks, companies and retailers.
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In the economic science, as well as in the practice of real world, a huge variety of models are used for
estimating bankruptcy probability of companies and organisations, based on different principles,
techniques and methodologies. According to Davydenko and Franks (2008) and Amendola et al
(2013), the prediction ability of these models may vary over time and foreign models may not take
into account the particularities of individual economies and may have less accurate predictions.
Therefore, respecting the prerequisite that efficient methods can only be applied to companies of the
same group in the same economic situation in the period for which the models were originally
designed, the main goal of the presented study was the validation of prediction ability of chosen
bankruptcy prediction models developed in countries of Visegrad Four in specific condition of the
Slovak economy.

Literature Review

First researches dedicated to the issue of bankruptcy and corporate’s failures had arisen in 1930s of the
20th century. These were oriented mainly on the comparison of financial ratios between bankrupt and
non-bankrupt companies. Fitzpatrick (1932) published his work oriented on the major differences
between successful and unsuccessful businesses. This work had become the inspiration for many of
the applied studies that began to emerge in the middle of 1960s of the 20th century.

However, the breakthrough work of Beaver (1966) who applied univariate discriminant analysis that is
based on various financial ratios connected into one final predictor serving as a classification criterion
is considered as the turning point. Despite a lot of limitations and reservations of this method, it was
an inspiration for a large amount of studies devoted to the issue of bankruptcy prediction and corporate
failure (Kliestik and Majerova, 2015).

One of the most famous researchers dealing with bankruptcy prediction is Altman (1968) who was the
first to apply multivariate discriminant analysis (MDA) for the construction of bankruptcy prediction
models. His work is considered as a symbol of prediction of financial health of companies. More than
hundreds of authors from different countries, such as Edmister (1972) and Springate (1978), applied
this method. MDA is a popular method and, even nowadays, can be found many studies applying that
approach. Barreda et al. (2017) proposed MDA bankruptcy prediction model for hospitality firms
within the U.S. equity markets. Furthermore, the application of MDA can also be found in Slovakia
and other Visegrad countries, such as Gajdka and Stos (1996), Chrastinova (1998), Binkert (1999),
Zalai (2000), Wierzba (2000), Gurcik (2002), Prusak (2004), Maczynska (2004), Hamrol et. al. (2004)
and Neumaierova and Neumaier (1995, 1999, 2001, 2005).

Another widespread mathematical—statistical method used for the bankruptcy prediction is logistic
regression. Logit was first applied by Ohlson (1980), followed later by various researchers. Similar to
MDA, logistic regression was also used in models designed in Visegrad countries (Virag and Hajdu,
1996; Michaluk, 2000; Gruszcynski, 2004; Wrzosek and Ziemba, 2009; Hurtosova, 2009).

There are plenty of studies that apply various methods for bankruptcy prediction worldwide. These are
probit analysis (Zmijewski, 1984; Kasgari ef al., 2013), neural network (Jones et al., 2017; Georgescu,
2017), principal component analysis (Achim et al. 2012; Onofrei and Lupu, 2014), rough sets (Kasgari
et al., 2013; Virag and Nyitrai, 2014), data envelopment analysis (Premachandra et al., 2011; Mousavi
et al., 2015), decision trees (Tsai et al., 2014; Zieba et al., 2016), support vector machines (Alaminos
et al.,2016; Zhao et al., 2017) and others.

Methodology

The data for the presented study were obtained from annual financial reports of Slovak companies
(Register of financial statements, Ministry of Finance of the Slovak Republic) covering the year 2015.
Nowadays, Slovak legal system considers company as default according to three criteria:

— the total amount of payable and not payable liabilities is higher than the value of company’s
assets,

— company has at least two liabilities 30 days after due date from different creditors,
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— the value of financial independence indicator is less than 0.04.

Additionally, to these criteria, we have detected other relevant characteristics, which are considered as
significant according to the Slovak environment (Svabova and Kral, 2016; Svabova and Durica, 2016)
to discriminate between bankrupt and non-bankrupt companies. Considering these specifications, we
have specified three criteria for the subsequent classification of the company. Thus, the company is
included in the bankrupt group of sample if it satisfies the following conditions:

— negative value of earnings after taxes,
— the value of current ratio indicator is less than 1.
— the value of financial independence indicator is less than 0.04.

Furthermore, to fulfil the given goal of the presented study, we applied chosen bankruptcy prediction
models developed in countries of Visegrad Four on the set of Slovak companies and validated their
prediction ability in specific condition of the Slovak economy. The final sample consisted of 384
bankrupt (marked 1) and 384 non-bankrupt (marked 0) companies following the suggestion of
Agrawal and Maheshwari (2016).

For the purpose of this study, the selection procedure of the bankruptcy prediction models was
provided. Based on this, we applied the following models:

Czech model: Neumarierova and Neumaier’s model INO5 with the following formula:

INO5 = 0.13X, +0.04.X, +3.97.X; +0.21.X, +0.09.X, (1)

where

X, = Total assets / Total liabilities

X, = Earnings before interest and taxes / Costs of interest
X; = Earnings before interest and taxes / Total assets

X, = Total revenues / Total assets

X5 = Current assets / Short-term liabilities

INOS5 = Overall index

Zones of discrimination:

INO5 > 1.60 Company creates value

0.90 <INO05 < 1.60 Grey zone of unallocated results — company doesn’t create value and also
doesn’t bankrupt

IN05 <0.90 Company is going to bankruptcy

Poland model: Poznanski’s model with the following formula:

PM =3.562X, +1.588X, +4.288X, +6.719.X, —2.368 2)

where

X, = Net profit / Total assets

X, = Current assets — Stocks / Short-term liabilities
X; = Fixed assets / Total assets

X, = Profit from sales / Revenues from sales
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Zones of discrimination:
PM <0 Bad future financial health of the company
PM>0 Good future financial health of the company

Hungarian model: Virag and Hajda’s model with the following formula:

VHM =1.3566.X, +1.63397.X, +3.6638X, +0.03366 3)

where

X, = Cash ratio

X, = Cash flow / Total debts

X; = Current assets / Total assets

X, = Cash flow / Total assets

Zones of discrimination:

MVH <2.61612 Possibility of bankruptcy of the company
MVH >2.61612 Company is classified as solvent / good

To compare gained results with the prediction capability of other popular prediction models, we also
applied the following models on the data set of Slovak companies:

American model: Altman’s model — for needs of this study, we apply the revised version from the
year 2014, which is given as follows:

Z=0.035-0.495X, —0.862.X, —1.721X, -0.017 X, (4)

where

X, = Working capital / Total assets

X, = Retained earnings / Total assets

X; = Earnings before interest and taxes / Total assets

X, = Book value of equity / Book value of total liabilities
Z = Overall index

Zones of discrimination:

Z>2.6 ‘Safe’ zone
1.1<Z<2.6 ‘Grey’ zone
Z<1.1 ‘Distress’ zone

Canadian model: Springate’s model with the following discriminant formula:

SM =1.03X, +3.07X, +0.66X, +0.4X, (5)
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where

X, = Net working capital / Total assets

X, = Earnings before interest and taxes / Total assets

X; = Earnings before taxes / Short-term liabilities

X, = Sales / Total assets

SM = Overall index

Zones of discrimination:

0.862 <SM  Good financial health of the company

SM < 0.862 Possible financial problems of the company

The UK model: Taffler’s model with formula:

TM =0.53X, +0.13X, +0.18X, +0.16.X,

where

X, = Earnings before taxes / Short-term liabilities
X, = Current assets / Total liabilities

X; = Short-term liabilities / Total assets

X, = Sales / Total assets

TM = Overall index

Zones of discrimination:

T™™ > 0.3 Enterprise creates value
02<TM <03 Grey zone
T™ <0.2 Enterprise is going to bankruptcy

(6)

Therefore, we applied selected bankruptcy prediction models on the data set of Slovak companies to
compare gained classification with the real data and validate prediction ability of these models. The
validation was provided based on the confusion matrix and receiver operating characteristic (ROC)

curve (Adamko and Svabova, 2016).

Confusion matrix (Table 1) is also referred as contingency table and compares the number of correct

and incorrect firms’ classification based on the actual and predicted values.

Table 1. Confusion matrix (Source: author’s compilation)

Predictive value

0 (non-bankrupt) 1 (bankrupt)
Actual | O (non-bankrupt) | TP FP TP + FP PPV =TP/(TP + FP)
value 1 (bankrupt) FN TN FN + TN NPV =TN/(FN + TN)
TP + FN FP + TN Total PV = TP + TN/Total

Table 1 shows the number of predictive and actual values for bankrupt and non-bankrupt companies,

where:

— TP (true positives) represents the number of companies predicted by the model as non-
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bankrupt as well as actually non-bankrupt,

— FP (false positives) indicates the number of actually bankrupt companies also predicted by the
model as bankrupt, FP is also known as Type I error,

— FN (false negatives) denotes the number of actually bankrupt companies predicted by the
model as non-bankrupt, FN is also known as Type Il error,

— TN (true negatives) represents the number of companies predicted by the model as bankrupt as
well as actually bankrupt,

— PPV (positive predictive value) represents the percentage of correct classification of non-
bankrupt companies,

— NPV (negative predictive value) represents the percentage of correct classification of bankrupt
companies,

— PV (overall predictive value) indicates the overall prediction ability of the model according to
the data set of companies, also known as accuracy of prediction model.

The ROC curve is a graphical technique allowing visual analyses of the trade-offs between the
sensitivity and the specificity of a test with regards to the various cut-offs that may be used (Fawcett,
2006). The curve is obtained by calculating the sensitivity and specificity of the test at every possible
cut-off point and plotting sensitivity (the proportion of true positive results) against 1 — specificity (the
proportion of false positive results). The curve may be used to select optimal cut-off values for a test
result, to assess the diagnostic accuracy of a test and to compare the usefulness of different tests.

— ROC parameters calculation is given by following formulas:
— Sensitivity = TP / (TP + FN)

— False negativity rate = 1 — Sensitivity = FN / (TP + FN)

—  Specificity = TN / (FP + TN)

— False positive rate = 1 — Specificity = FP / (FP + TN)

— Accuracy (area under the curve)
Results

During the research process presented in this study, we applied three selected bankruptcy prediction
models developed in the countries of Visegrad Four and compared their prediction accuracy in specific
condition of Slovakia with three well-known bankruptcy prediction models developed worldwide.

Table 2 shows the results of provided calculations according to the given specifications determined in
the methodology part of this study.

Table 2. Confusion matrixes for models applied on the data set of Slovak companies (Source: author’s
compilation)

Predictive value

INOS model 0 (non-bankrupt) | 1 (bankrupt)

Actual 0 (non-bankrupt) 149 235 384 38.80%

value 1 (bankrupt) 137 247 384 64.32%
286 482 768 51.56%

Predictive value
0 (non-bankrupt) | 1 (bankrupt)

Poznanski’s model

Actual 0 (non-bankrupt) | 361 23 384 94.01%
value 1 (bankrupt) 27 357 384 92.97%
388 380 768 93.49%
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Predictive value

Virag and Hajda’s model 0 (non-bankrupt) | 1 (bankrupt)

Actual 0 (non-bankrupt) 158 226 384 41.15%

value 1 (bankrupt) 124 260 384 67.71%
282 486 768 54.43%

Altman’s model Predictive value
0 (non-bankrupt) | 1 (bankrupt)

Actual 0 (non-bankrupt) 3 381 384 0.78%

value 1 (bankrupt) 2 382 384 99.48%
5 763 768 50.13%

. , Predictive value

Springate’s model 0 (non-bankrupt) | 1 (bankrupt)

Actual 0 (non-bankrupt) | 97 287 384 25.26%

value 1 (bankrupt) 77 307 384 79.95%
174 594 768 52.60%
Predictive value

Taffler’s model 0 (non-bankrupt) | 1 (bankrupt)

Actual 0 (non-bankrupt) 202 182 384 52.60%

value 1 (bankrupt) 167 217 384 56.51%
369 399 768 54.56%

According to the obtained results, it can be concluded that Poznanski’s model provided the highest
prediction accuracy (93.49%) on the data set of Slovak companies. Remaining five prediction models
gained similar prediction accuracy a little bit more than 50%. We haven’t found significant differences
between the Czech model and the Hungarian Model in comparison to other bankruptcy prediction
models developed in the world. This is proved also by ROC curve shown in Table 3.

Table 3. Classification results for models applied on the data set of Slovak companies (Source: author’s
compilation)

AUC | Sensitivity | False negative rate | Specificity | False positive rate
INO5 model 0.517 0.5210 0.4790 0.5124 0.4876
Poznanski’s model 0.935 0.9304 0.0696 0.9395 0.0605
Virag and Hajda’s model 0.548 0.5603 0.4397 0.535 0.465
Altman’s model 0.550 0.6 0.4 0.5007 0.4993
Springate’s model 0.537 0.5575 0.4425 0.5168 0.4832
Taffler’s model 0.546 0.5474 0.4526 0.5439 0.4561

On the basis of these results, we can see that more than 93% of Slovak companies from data set in this
study were correctly classified by Poznanski’s model. This is proved also by the calculated sensitivity
and specificity of this model. Although this model gained very high prediction accuracy, other models
gained relatively low sensitivity and specificity and prediction accuracy.

Furthermore, gained results can be graphically illustrated by ROC curves for each model (Fig. 1),
representing the ability of each model to discriminate between bankrupt and non-bankrupt companies.
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Fig. 1. ROC curves for models applied on the data set of Slovak companies: (a) INOS model, (b) Poznanski’s
model, (¢) Virag and Hajda’s model, (d) Altman’s model, (e) Springate’s model and (f) Taffler’s model (Source:

author’s compilation)

Conclusions

Despite the plenty of researches and publications dedicated to the issue of bankruptcy prediction, there
are not many Slovak models that forecast the probability of bankruptcy with high prediction accuracy.
On the other side, there have been numerous bankruptcy prediction models developed worldwide, but
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the applicability of a model can vary depending on the specifics of national economies, industry and
other factors.

So the presented study has attempted to test these prerequisites, if the model developed in foreign
country can be successfully used in other country. Therefore, we applied chosen bankruptcy prediction
models developed in the countries of Visegrad Four on the data set of Slovak companies. We assume
that these countries have similar economies and other several common characteristics with Slovakia,
so we expected that the prediction accuracy would be higher than that of other popular prediction
models also applied on the data set of Slovak companies.

On the basis of the gained results, it can be concluded that models constructed in Visegrad Four
reached better prediction ability than other three models; in the case of Poznanski’s model, it is more
than 90%, but other models proved (prediction accuracy only little bit more than 50%) that it is highly
important to develop a unique bankruptcy prediction model, which will be constructed in the specific
condition of individual countries, especially in the Slovak republic. This was proved and highlighted
by the weak forecasting ability of foreign models applied on the data set of Slovak companies, and it
doesn’t matter so much if the model was developed in country with similar economy or somewhere
else.
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