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Abstract 
 
 The paper's main aim is an accuracy verification of dozens models predicting 
financial distress. The evaluated models were created in the past in developed 
countries and especially in transition economies. High probability of bankruptcy 
does not affect only an ailing enterprise itself but it also influences other busi-
ness related entities or counterparties and therefore the results provided by 
models predicting financial distress have their serious usage as scoring models. 
Models predicting financial distress help the decision making process by pre-
dicting future development of selected business entities. Research hypotheses are 
based on the idea that already existing models predicting financial distress still 
have enough explanatory power and accuracy for decision making and there is 
no need for the creation of a new one. The research should answer the question 
which models should nowadays be recommended the most for practical use. The 
paper uses for the verification tools such as Type I Error, Type II Error, ROC 
Curves and related AuROC coefficients. 
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Introduction – Importance of Models Predicting Fina ncial Distress 
 
 Prediction of corporate financial distress is a serious research topic whose 
beginnings are connected with economists such as Altman (1968) or Beaver 
(1966). The approaches predicting corporate financial distress or viability can 
be classified as a specific tool of financial analysis. Corporate bankruptcy also 
influences many other related entities such as suppliers, customers, financial 
institutions, the government etc. Due to the cooperation with an ailing partner 
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they may threaten their own viability. The models predicting financial distress 
provide a quick and inexpensive answer and are therefore determined for related 
entities and not for the company itself which should monitor its own perfor-
mance regularly. 
 The debate about prediction models and their explanatory power is usually 
re-opened by serious political and economic changes. No need to emphasize that 
it is the case of the last global economic crisis. It is impossible to cover all meth-
ods and approaches predicting financial distress since 1960's because many of 
them were not published as a part of entities' know-how and they are not aggre-
gate mentioned anywhere. Even though dozens of different corporate models 
and approaches are introduced in this paper. The research hypotheses are based 
on the idea if the already existing models have still enough explanatory power 
for decision making. If the models still have a high accuracy there is no need for 
the creation of new tools. The verification will be done on the Czech enterprises 
whose data are expressed in financial accounting. At the end the paper should 
recommend the models which are the best for practical use nowadays. 
 The paper is divided into several parts. The first part is dedicated to theoreti-
cal background of models predicting financial distress. The second part is fo-
cused on the paper's objectives and used research methodology. The third part 
introduces gained results and answers on research questions. The fourth part 
contains discussion and it is followed by conclusion. 
 
 
1.  Theoretical Basis 
 
 Financial viability is the key issue for every enterprise because surviving in 
a long run is not possible in case of poor financial performance. Kapliński 
(2008) summarizes the components on which financial standing depends – the 
company's financial structure, financial liquidity, solvency, the company's ability 
to adapt, economic resources, ability to generate profit, ability to maximize the 
company's market value. Models predicting financial distress are based on the 
following ideas. According to their financial performance it is possible to distin-
guish companies with high and low probability of bankruptcy. The models in-
cluded in the paper use the financial data derived from financial statements for 
prediction. Statistical methods as the discriminant analysis and logistic regres-
sion were originally used for the models' construction. Most tested models use 
two or three zones (unhealthy, grey and healthy) for evaluation. Verified models 
were created in different political, economic and geographical environments. 
 The core of verified approaches is represented by the Czech models because 
of the paper focus. The Czech Republic is introduced by the family indices IN – 
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IN99, IN01 (Neumaierová and Neumaier, 2002) and IN05 (Neumaierová and 
Neumaier, 2005), followed by Grünwald Bonita Index (Grünwald, 2001) and 
Balance Analysis System by Rudolf Doucha (Doucha, 1996). Karas and Režňá-
ková (2013) or Hálek (2013) have come up with new approaches during recent 
years. These approaches will unfortunately not be verified here because Hálek's 
approach is not a quick scoring model and Karas and Režňáková approach works 
successfully only for large entities and it requires accounting data expressed in 
euros, more detail in Čámská (2014). The developed economies are represented 
by Altman Z-Score (Altman, 1993), Bonita Index (in the German original 
Bonitätsanalyse, Wöber and Siebenlist, 2009) or Kralicek (Kralicek, 2007). These 
approaches are widely used in the Czech Republic (for example Klečka and 
Scholleová, 2010; Mičudová, 2012; or Čámská, 2015). Completely different his-
torical and economic development of the developed economies makes the use of 
prediction models widely questionable in the Czech Republic and other transi-
tion economies. This is the main reason why the article uses plenty of approaches 
constructed in the transition countries such as Poland and Hungary as members 
of Visegrád Group and Baltic states (Latvia, Lithuania and Estonia). Polish models 
are Hadasik (Hamrol and Chodakowski, 2008), Holda (Pociecha, 2005 and Ham-
rol and Chodakowski, 2008), Gajdka and Stoda (Kisielinska and Waszkowski, 
2010 and Hamrol and Chodakowski, 2008), Prusak (Kisielinska and Waszkow-
ski, 2010), PAN-C, PAN-D, PAN-E, PAN-F, PAN-G, Wierzba, Poznanski, D1, 
D2, D3, D4 (all previously discussed in Kisielinska and Waszkowski, 2010), 
Apenzeller and Szarzec, Pogodzinska and Sojak, Sojak and Stawicki (all previ-
ously discussed by Hamrol and Chodakowski, 2008). The Hungarian models are 
created by Hajdu and Virág by the discriminant analysis as well as the logit 
model (Hajdu and Virág, 2001). The Baltic models are Šorins and Voronova 
(Jansone, Nespors and Voronova, 2010), Merkevicius (Merkevicius et al., 2006), 
two factor model (Koleda and Lace, 2009), Stoškus (Stoškus, Beržinskiene and 
Virbickaite, 2007), Genriha and Voronova (Genriha, Pettere and Voronova, 
2011) and R model (Davidova, 1999). Due to paper page range the models' for-
mulas cannot be displayed in this paper but they can be found in the relevant 
mentioned literature. According to literature review the formulas of some models 
are not uniform and therefore all known versions are verified. 
 
 
2.  Objectives and Methodology 
 
 This part is dedicated to the paper's objectives and used research methodolo-
gy. The part consists of the subparts Paper's objectives, Research methods, Ana-
lyzed industry branch and Definition of surveyed entities. The subpart 2.1 
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Paper's objectives defines research questions. The subpart 2.2 Research methods 
is dedicated to the methods used for fulfilling the paper's objective. The final 
verification is applied to the chosen industry branch (subpart 2.3 Selected in-
dustry branch) from which the appropriate enterprises are selected (subpart 2.4 
Definition of surveyed entities). 
 
2.1.  Paper's Objectives – Research Questions 
 
 The paper should solve several connected research questions. The first re-
search question verifies the explanatory power or the accuracy of already exist-
ing models predicting financial distress. According to part 2 there are 40 differ-
ent models' formulas. The research should provide an answer if models created 
in the past are still sufficient for today's decision making process. The second 
question stems from the first one. It is looking for models with the highest accu-
racy because these models should be recommended for practical use. The re-
search is based on the models created in transition economies and verification is 
done on national data (Czech Republic) and therefore it opens a question if there 
are differences among the models created in developed countries, the Czech 
Republic and other transition economies. On the other hand this was not a prima-
ry research objective to evaluate national differences and therefore the national 
differences are not evaluated separately but they will come out as by-products of 
the primary objective. 
 
2.2.  Research Methods 
 
 This paper evaluates the explanatory power and performance of various pre-
diction models. The models' quality and accuracy can be measured and com-
pared by several metrics. Sobehart, Keenen and Stein (2000) mention the follow-
ing tools: Cumulative Accuracy Profiles (CAPs); Accuracy Ratios (ARs); Condi-
tional Information Entropy Ratio (CIER); Mutual Information Entropy (MIE). 
On the other hand the Basel Committee on Banking Supervison (2005) provides 
its list of tools according to their popularity in the financial industry: Cumulative 
Accuracy Profile (CAP) and its summary index, the Accuracy Ratio (AR); 
Receiver Operating Characteristic (ROC) and its summary indices, the ROC 
measure and the Pietra coefficient; Bayesian error rate; Conditional entropy, 
Kullback-Leibler distance, and Conditional Information Entropy Ratio (CIER); 
Information value (divergence, stability index); Kendall’s τ and Somers’ D (for 
shadow ratings); and Brier score. 
 The tools used for verification are described immediately. Specifically, the 
following methods are Type I Error, Type II Error, ROC curve and its coefficient 
AuROC. The usage of Type I Error and Type II Error is indispensable in this 
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kind of research. The main advantage is simple calculation whose results are 
easily interpretable and transparent even for people lacking high mathematical 
and statistical education. Almost all papers working with creation or verification 
of prediction models use these measures (for example Altman, 1968; Agarwal 
and Tafler, 2007; Karas and Režňáková, 2013; Mičudová, 2012). The definition 
of Type I Error and Type II Error is displayed in Table 1. 
 
T a b l e  1 

Type I Error and Type II Error  

 Estimated 

Non-default Default 

Observed Non-default True False alarm (Type II Error) 
Default Miss (Type I Error) True 

Source: Fernandes (2005). 

 
 An example of Type I Error is when the model marks a defaulted enterprise 
as a non-defaulted enterprise. On the other hand when the model classifies a non- 
-defaulted enterprise as a defaulted enterprise than it is a case of Type II Error. 
The results are also highly dependable on the sample size and therefore instead 
of absolute values it is better to prefer relative measures. The amount of all de-
faulted enterprises marked incorrectly is divided by the number of all defaulted 
enterprises (Type I Error). Vice versa, the number of all non-defaulted enterpris-
es marked incorrectly is divided by the number of all non-defaulted enterprises 
(Type II Error). Models are generally only a simplification of reality and there-
fore they will never classify all cases correctly. There is a general consensus 
in the case of a high quality model which state that the error should not exceed 
20% measured in a relative term. 
 Another approach is represented by the ROC curve (Receiver Operating Cha-
racteristic). This approach works as a graphical tool (Figure 1). 
 The ROC curve is shown by the Rating Model, Perfect Model represents 
a curve without any incorrect classification and the Random model can be intro-
duced as a coin flip. The index indicator ROC (also called in the literature as A, 
AuROC or AUC) can be graphically shown as the area under the Rating Model. 
The explanatory power of the model is higher the greater the area under the Rating 
model is. This paper uses the ROC curve and its coefficient as an additional tool. 
Further information about construction and advantages of this tool can be found 
in Basel Committee on Banking Supervison (2005). 
 The paper first evaluates the models according to Type I and Type II Errors. 
Secondly the ROC curves are designed but only for models whose error rate did 
not exceed 20%. The main difference between error rates and ROC curves is the 
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following. Error rates are based on original cut off points selected by models' 
authors but ROC curve does not use original cut off points. The ROC curve tries 
different cut off points for dividing entities into defaulted and non-defaulted groups. 
 
F i g u r e  1  

Receiver Operating Characteristic Curves 

 
Source: Basel Committee on Banking Supervison (2005), p. 38. 

 
2.3.  Selected Industry Branch 
 
 Enterprises belonging to different industries can differ in performance, finan-
cial results, composition of liabilities or assets because different activities induce 
specific requirements. Due to this fact it is common that verification of models 
predicting financial distress is done on one or more selected industry branches. It 
is recorded by researches carried out by Klečka and Scholleová (2010), Čámská 
(2015) and many others. This paper verifies models on the data sample consist-
ing of enterprises belonging to the same industry branch. The selected industry 
branch is CZ-NACE 25, called Manufacture of fabricated metal products, except 
machinery and equipment. The Manufacturing, as well as its subpart CZ-NACE 
25 has been highly negatively influenced by the last global economic crisis. The 
number of defaulted enterprises in this industry branch is one of the highest in 
the Czech Republic as proven by the following researches: Čámská (2013) or by 
Creditreform (2014). 
 
2.4.  Definition of Surveyed Entities 
 
 It is necessary to define which enterprises are used for models' verification in 
this paper because it carries serious consequences on obtained results. The bank-
ruptcy models are designed with two data samples. One consists of enterprises 
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classified as non-defaulted (in other words with low risk of bankruptcy, healthy). 
The other one contains enterprises classified as defaulted (in other words with 
high risk of bankruptcy, unhealthy, already bankrupt). Comparable approach is 
also applied in the case of models' testing. 
 Enterprises creating economic value added in all years 2010, 2011 and 2012 
are defined as non-defaulted entities for paper purposes. Gradually increasing 
invested capital is one of the most important enterprise goals, emphasized by 
Synek and Kislingerová (2010) as well as by Veber and Srpová (2005). In spite 
of the computation of economic value added from financial accounting data 
(Jordan, Westerfield and Ross, 2011) the economic value added is one of the 
best indicators for measuring the main entrepreneurship goal. 
 According to literature review the definition of defaulted enterprises is not 
uniform. This paper is based only on publicly available data and therefore uses 
the definition of a legal term from Act No. 186/2006 Coll., Bankruptcy and 
Settlement (the Insolvency Act). As defaulted entities this paper defines enter-
prises to which the insolvency proposal was declared during 2012, 2013 and first 
months of 2014. The second assumption is the data availability. Although all 
Czech enterprises should regularly publish their financial data they break this 
legal requirement very often (CRIF – Czech Credit Bureau, 2013). The assump-
tion of a compact annual data series at least three years before declared insolven-
cy proposal is very strict which therefore significantly reduces the final data 
sample. 
 According to the aforementioned criteria the enterprises are extracted 
from the corporate database Albertina. The amount of enterprises is displayed in 
Table 2.  
 
T a b l e  2  

Size of Data Sample – Number of Enterprises  

 Data sample – original export Final data sample – after clearing 

Non-defaulted 4 599 390 
Defaulted      74   40 

Source: Author. 

 
 
3.  Results 
 
 The values of prediction models introduced in part 2 are computed for enter-
prises from the final data sample. The group of non-defaulted enterprises is eval-
uated based on annual financial statements covering the year 2012. The group of 
defaulted enterprises is evaluated on the basis of the annual financial statements 
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which cover the first or second year before bankruptcy. Bankruptcy is expressed 
as the court has agreed to insolvency proposal. The initial step is calculating the 
Z-scores. The second step is evaluating enterprises according to the original cut 
off points. Most models use two or three zones (healthy, grey and unhealthy). 
But some models such as R model, Bonita index or Grünwald Bonita Index work 
with more than three zones. Enterprises are divided into scoring zones and these 
results are compared with real situation (healthy x unhealthy). Measures of Type I 
Error and Type II Error in a relative term are computed. The indicator reliability 
presents the number of entities classified correctly divided by all entities in the 
related sub-group /healthy x bankrupt). The sum of the ratio of Type I Error or 
Type II Error and the appropriate reliability indicator is not always equal to one. 
This is caused by models using grey zone and by the fact that some enterprises 
were not classified because of the non-availability of required data. 
 The results of the indicators Type I Error and Type II Error are displayed in 
Tables 3 and 4. Table 4 is determined for Polish models. All verified models 
except the Polish are included in Table 3. Dark coloured numbers indicate when 
error indicators are higher than 50% or reliability indicators ale lower than 50%. 
Light coloured numbers are used when it almost hits 50%.  
 
T a b l e  3   

Explaining Power of the Verified Models Except the Polish Models  

Model 

Defaulted entities Non-defaulted entities 

Reliability Type I Error Reliability Type II Error 

Altman 0.775 0 0.715 0.008 
IN99 0.725 0.025 0.233 0.013 
IN01 0.850 0.025 0.626 0.008 
IN05 0.900 0.025 0.718 0.018 
Doucha 0.675 0.075 0.421 0.144 
Grünwald 0.625 0.050 0.644 0.013 
Kralicek 0.850 0.050 0.782 0.046 
Bonita index 0.775 0.050 0.818 0.000 
Hajdu and Virág 0.075 0.900 0.979 0.021 
Hajdu and Virág – logit 0.900 0.050 0.713 0.287 
Šorins and Voronova 0.975 0 0.890 0.110 
Merkevicius 0.975 0 0.721 0.279 
2factor_1 0.100 0.875 0.982 0.015 
2factor_2 0.600 0 0 0.969 
2factor_3 0.025 0.950 1.000 0.000 
Stoškus 0.350 0.600 0.426 0.574 
Genriha and Voronova 0.300 0.700 0.997 0.000 
R model 0.850 0.150 0.867 0.121 

Source: Author. 

 
 Incorrect classification in case of defaulted companies is connected with the 
approaches of Hajdu and Virág, two factor model in versions 1 and 3, Stoškus, 
Genriha and Voronova (all previously mentioned included in Table 3), Holda in 
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version 1 and 2, Gajdka and Stoda in both versions, PAN-C, PAN-D, Wierzba in 
both versions and Pogodzinka and Sojak (all previously mentioned included in 
Table 4). Low reliability in this sub-group is also connected with approaches by 
Appenzeller and Szarec and Sojak and Stawicki. A detailed analysis based on the 
ROC curves could be applied to the approaches by Altman, IN99, IN01, IN05, 
Doucha, Grünwald, Kralicek Quick Test, Bonita index, Hajdu and Virág in logit 
version, Šorins and Voronova, Merkevicius, two factor model in version 2, 
R model (all previously mentioned included in Table 3), Hadasik, Prusak in both 
versions, from the PAN family approaches E, F, G, Poznanski, D1, D2, D3 and 
D4 (all previously mentioned included in Table 4). 
 Incorrect classification in case of defaulted companies is connected with ap-
proaches of the two factor model in version 2, Stoškus (Table 3), D1 and D4 
(Table 4). Low reliability in this sub-group is also connected with the approaches 
of IN99 and Doucha. 
 The results for both sub-groups can be summarized as follows. Further evalua-
tion is appropriate for the approaches Altman, IN01, IN05, Kralicek Quick Test, 
Prusak in both versions, from the family PAN models PAN-E, PAN-F and PAN-G, 
Poznanski, D2, D3, Hajdu and Virág in logit version, Šorins and Voronova, 
Merkevicius, R model, Grünwald and Bonita index. 
 
T a b l e  4  

The Explaining Power of the Verified Polish Models  

Model 

Defaulted entities Non-defaulted entities 

Reliability Type I Error Reliability Type II Error 

Hadasik 0.750 0.200 0.895 0.105 
Holda1 0 0.975 1.000 0 
Holda2 0 0.975 1.000 0 
Gajdka and Stoda 1 0.125 0.825 0.979 0.021 
Gajdka and Stoda 2 0.050 0.500 0.874 0.095 
Prusak 1 0.875 0.050 0.710 0.090 
Prusak 2 0.950 0 0.651 0.118 
PAN-C 0.350 0.525 0.985 0 
PAN-D 0.300 0.6 0.985 0 
PAN-E 0.800 0.125 0.974 0.010 
PAN-F 0.875 0.100 0.982 0.018 
PAN-G 0.850 0.125 0.967 0.033 
Wierzba 1 0.400 0.550 1.000 0 
Wierzba 2 0.325 0.625 1.000 0 
Poznanski 0.825 0.125 0.938 0.062 
D1 0.975 0.025 0.541 0.459 
D2 0.850 0.100 0.838 0.162 
D3 0.900 0.050 0.718 0.282 
D4 0.900 0.050 0.541 0.459 
Appenzeller and Szarzec 0.500 0.325 0.928 0.015 
Pogodzinka and Sojak 0.100 0.675 1.000 0 
Sojak and Stawicki 0.550 0.050 0.815 0.059 

Source: Author. 
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 The approaches predicting corporate financial distress chosen according to 
the results in Tables 3 and 4 are evaluated using the ROC Curve and its appro-
priate AuROC coefficient. The statistical program SPSS is used for this determi-
nation. The final results are shown in Table 5. The arrangement of the models is in 
the descending order: from the largest to the smallest area. All evaluated models 
provide better results than Random Model (coin flip) because the area is larger 
than 0.5. For all verified models the value of AuROC coefficient is higher than 
0.8 and their explaining power is therefore high. 
 
T a b l e  5 

AuROC Values for Models with Low Type I and II Erro r  

Results Models Area 
Std. errora Asymptotic sig.b 

95% Confidence interval 

Lower Upper 

Merkevicius 0.994 0.004 0 0.985 1 
PAN-E 0.989 0.007 0 0.974 1 
Šorins 0.989 0.006 0 0.978 1 
IN01 0.987 0.011 0 0.965 1 
IN05 0.987 0.011 0 0.965 1 
PAN-F 0.986 0.008 0 0.970 1 
Grünwald 0.984 0.007 0 0.972 0.997 
Prusak 2 0.982 0.012 0 0.959 1 
Bonita 0.982 0.017 0 0.949 1 
Altman 0.980 0.010 0 0.961 0.999 
PAN-G 0.978 0.012 0 0.955 1 
D3 0.974 0.009 0 0.957 0.991 
Kralicek 0.969 0.016 0 0.937 1 
Prusak 1 0.964 0.023 0 0.919 1 
Poznanski 0.964 0.017 0 0.930 0.998 
D2 0.953 0.017 0 0.919 0.986 
R model 0.919 0.025 0 0.869 0.969 
Doucha 0.848 0.050 0 0.751 0.945 
Hajdu and Virág 0.839 0.020 0 0.800 0.878 

Note: a.Under the nonparametric assumption; b. Null hypothesis: true area = 0.5.  

Source: Author. 

 
 The used data samples are strictly polarized due to the definition of surveyed 
entities described in part 3.4. The critical value of any area under the ROC Curve 
is usually stated as 0.8 but according to the strict polarization the critical value 
should be moved. If it is shifted to 0.9 boundary then the models created by 
Doucha and Hajdu and Virág in logit version do not have enough explanatory 
power. The paper should have solved two connected research questions which 
can be answered right now.  
 The first question was focused on the verification of explanatory power or the 
accuracy of already existing models predicting financial distress. There were 
tested 40 different models' formulas. The research confirmed that there are some 
approaches predicting financial distress which can be used nowadays although 
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they have been created in the past. These models are still sufficient for decision 
making and prediction. The question 2 stemmed from the first question. Its aim 
was to evaluate which models are the best or in other words which have the 
highest accuracy and therefore could be recommended for practical use. The 
approaches are displayed in Table 5 and we especially recommend approaches 
whose AuROC coefficient exceeds 0.9. 
 
 
4.  Discussion 
 
 This paper answered the research questions introduced in part 3.1. The first 
question was focused on the appropriate accuracy of prediction models. The part 
Results confirmed that there are many approaches used for predicting corporate 
financial distress which have enough explanatory power. This means that these 
approaches can be used nowadays for the decision making. These approaches are 
specifically Merkevicius, PAN-E, Šorins, IN01, IN05, PAN-F, Grünwald, Prusak 
2, Bonita, Altman, PAN-G, D3, Kralicek, Prusak 1, Poznanski, D2 and R model. 
These mentioned models were not created in the same economic, political and 
geographical conditions. There are Czech approaches, as well as Polish or Baltic 
tools accompanied by models created in developed countries. This is the case of 
Bonita Index, Altman and Kralicek in this sample. It can be summarized that the 
country of origin does not determine the model's quality. The values of AuROC 
coefficient exceeded 0.9 in our data sample. These approaches predicting finan-
cial distress were able to explain at least 90% of studied entities. These results 
enable us to conclude a debate about the necessity of the new models' construc-
tion. There is no need of a new prediction model because there are plenty of 
models with high accuracy and explanatory power for our purposes. 
 In spite of answering the research question many other issues are opened. It is 
impossible to conclude the debate that there are no better approaches. Plenty of 
tools predicting distress were not published because of the institutions' know-
how. There is a high probability that some models were not discovered although 
they were published, but in insignificant sources or national languages. The 
common critique is that models created in the developed countries should not be 
used for the Czech Republic and other transition countries because of different 
conditions. This paper reacts to this critique and verifies many approaches creat-
ed in transition economies which have similar historical, economic and political 
development as the Czech Republic. 
 The models predicting financial distress can never function for all verified 
cases because they are not a physical law and they work on probabilistic roots. 
Still we would like to ask a question why some prediction approaches have 
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significantly higher accuracy than others. It has been proven by the research on 
previous pages. The model's success or in more scientific words reliability and 
accuracy is set up already during the creation phase. The explanatory power of 
every analysis or created model generally depends on the data quality and quan-
tity. It is almost impossible to construct a reliable model predicting financial 
distress using only 10 business cases and even from very different entrepreneuri-
al branches. It is not usual that authors publish the samples size and many veri-
fied models above were not retaken from original sources. The used data should 
be representative in terms of size, industry branch, geographical area or owner-
ship relationships of statistical units (in our case businesses). The models' con-
struction methods should be used adequately. The researchers should respect 
limitations, statistical requirements etc. It is impossible to come to a conclusion 
if all these conditions were fully met during the creation phase. On the other 
hand a comparison of an applied statistical method will not bring serious differ-
ences because discriminant analysis and logit or probit are based on the same 
statistical assumptions and therefore they provide comparable results. The main 
difference between discriminant analysis and logit (probit) is just in user inter-
pretation. Discriminant analysis is verified due to the evaluation table and logit is 
verified as a probability of occurring the state of the world. Last thinking could 
be about the models' variables. It may be surprising but the most reliable models 
are based on general financial ratios such as return on assets, total leverage 
or liquidity working with net working capital. On the other hand many Polish 
models use very specific ratios based on inventories and they fail for the Czech 
data. It can be caused by the non-representative data used for the model's crea-
tion, specifics of some industry branches or specific development of inventories 
management in the Polish enterprises. This paragraph has contained qualified 
considerations which can be further discussed and even published but with their 
verification based on data it will not be achievable. 
 
 
Conclusion 
 

 This paper focused on the verification of approaches predicting corporate fi-
nancial distress. The explanatory power (or accuracy) of these approaches was 
evaluated. Four dozens of these tools were verified in case of the industry branch 
CZ-NACE 25, Manufacture of fabricated metal products, except machinery and 
equipment. This industry branch had a significant number of enterprises under 
insolvency proposals during the last global economic crisis in the Czech Republic. 
Statistically significant data samples were tested by approaches as Type I Error, 
Type II Error, ROC Curves and their related AuROC coefficients. This paper 
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confirms that there are models predicting financial distress which have high ac-
curacy and their practical use is recommended. These approaches are specifically 
Merkevicius, PAN-E, Šorins, IN01, IN05, PAN-F, Grünwald, Prusak 2, Bonita, 
Altman, PAN-G, D3, Kralicek, Prusak 1, Poznanski, D2 and R model. 
 It is necessary to emphasize that the models predicting corporate financial dis-
tress should provide quick and inexpensive recommendations. On the one hand 
they can help in decision making and strategy creation but on the other hand they 
should not be used as the only tool. These models cannot operate at 100% because 
they are not a physical law. They will be always only a simplification of the reality. 
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