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Abstract

According to the data provided by Coface platform, there are almost 3.8 million registered companies in the Visegrad Group
(V4), with a significantly increased number of bankruptcies over the last years. Therefore, the main aim of this paper is to
identify stable key indicators that determine the financial condition of these companies, which is of crucial importance for
stakeholders and investors. To address this topic, we rely on the original dataset consisting of 145,638 company-years from the
V4 countries, covering six main sectors during the period of 2018-2021. We calculate 78 financial and non-financial ratios, and
we build a robust framework for the identification of the most important ones. Our framework relies on explainable machine
learning techniques followed by cross-country and cross-sectional comparisons of the indicators. The results reveal that most
of the non-financial indicators included in the analysis are important in assessing the financial condition of companies.

Keywords: random forest, GINI index, Shapley values, financial distress, COVID-19

1. Introduction

There is a very large number of enterprises that operate in the market, especially in the Visegrad Group
(V4), which disappear from the market for various reasons, including financial ones. Financial stand-
ing analysis allows companies and their business partners to be assessed by evaluating both financial
and non-financial indicators. The number of such indicators is also very large, affecting computational
power, interpretability and evaluation. Consequently, reducing their number to the most important ones
is of crucial importance. The selection of indicators should be limited to those that possess specific
characteristics, such as predictive and discriminative capabilities, as well as stability over time. This
last characteristic of indicators is gaining importance as repeated market crises demonstrate that only
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indicators that are characterized not only by predictive and discriminatory capabilities but, above all, by
stability over time are relevant. This implies that these indicators have the same capabilities regardless
of whether or not an economic crisis occurs.

The selection of indicators is typically made at the stage of building models for the prediction of
corporate bankruptcy. The most recognizable models worldwide include [5], [3], and [44]. On the other
hand, the models recognized in the V4 countries are the model of [35] (Poland), [40] (Czech Republic),
[20] (Hungary), [10] (Slovakia), and [30] (V4). The structure of these models differs, among others,
in the number of indicators analyzed and the number of final indicators selected for the model [62].
However, very little research has been done on the stability of the selected indicators. It often happens
that the models do not demonstrate the high accuracy in predicting bankruptcy claimed by their authors.
This issue is related to the selection of financial ratios to build such models.

The objective of this study is to examine the importance of ratios in the period before and during
COVID-19 and the entire period as (2018-2021). Specifically, the aim is to determine whether and which
indicators are important in the period under study. We use four concepts to define the importance of
the features (ratios). Three of them are related to the random forest classifier: the mean decrease in
Gini index, the mean decrease in accuracy, and the standard errors of the permutation-based importance
measure. The fourth one relies on the Shapley values.

To achieve the goal of the article, we formulate the following research questions:

e RQI1. What percentage of the analyzed indicators can be considered as reliable in terms of their

validity and stability over time?
e RQ2. Are there any repeatably (over time) reliable indicators in individual countries?
e RQ3. Are there any repeatably (over time) reliable indicators in individual sectors?
e RQ4. Are there any reliable non-financial indicators?

The paper is organized as follow. In section 2, we present basic related works. In section 3, we
develop the methodology proposed in our study. In section 4, we demonstrate the results of our analysis.
Then, in section 5, we compare the results from our methodology with those obtained from other relevant

studies and we provide a discussion. Section 6 concludes the article.

2. Literature review

The global and regional literature in this area offers a vast number of indicators and a rich variety of
selection methods [1, 62]. Indicator selection methods are typically used in developing bankruptcy pre-
diction methods [12]. Statistical methods are subject to numerous limitations, therefore, the methods for
indicator selection include a wide variety of techniques such as correlation analysis [2], t-test, stepwise,
principal component analysis and factor analysis [32] and Wilska-Lambda index [50]. On the other hand,
advanced methods used for bankruptcy prediction are not as limited as statistical methods and may em-
ploy other techniques, for example, grayscale image [24], gain ratio for selecting the most informative
ratios [11], genetic algorithm and recursive feature elimination [32]. Notably, the selection methods used
in the Visegrad Group countries (V4) also rely on a wide spectrum of techniques as presented in Table 1.
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Table 1. Review of selection methods

Study Sample Period Ratios Selection methods Important
ratios
[6] 3,120 CZ nd 5 GINI 5
[41] 1000 HU 2001-2012 17 t-test 7
[49] 66 PL nd 28 Information Value, GINI, 26
Vcramer
[7] 2,414 SK 2009-2013 5 ratios from Altman’s model 5
[39] 241,380 CZ 2005-2013 30 univariate analysis 6
[53] 33CZ 2013 12 maximum of accuracy 4
[64] 200 PL 2008-2013 64 normality test 5
[61] 20 PL 2007-2009 13 measure Ck 8
[70] 10,700 PL  2000-2012 64 DIS 0, random forrest 64
[17] 1,182 SK 2009-2014 102 stepwise 6
[26] 1,540 CZ 2011-2014 29 CART 5
[57] 1600 PL 20072016 5 normality test, correlation, t- 1
test
[69] nd 2009-2015 25 discriminant analysis 10
[67] 65,536 CZ 2008-2014 90 neural network 6
[4] 60 PL 2009-2013 42 correlation matrix, t-test 4
[21] 25 SK nd 12 expert decision 5
[27] 1,355 CZ 2011-2014 28 stepwise 5
[29] 74,957 SK  2012-2015 11 stepwise 6
[30] 449,781 V4 2015-2016 37 stepwise 13
[31] 1828 HU 2015-2016 28 principal component analy- 28
sis, Levenberg-Marquard al-
gorithm
[37] 1,280 SK 2014-2017 58 stepwise 6
[66] 62,533 SK 2015 14 stepwise 9
[13] 29,000 PL  2016-2017 37 CART, CHAID 3
[16] 163,546 V4 2015-2016 37 Likelihood ratio test, R 17
Square characteristics
[28] 4,420 CZ 2011-2015 35 stepwise 4
[42] 3370 HU 2001-2015 17 CHAID, stepwise 6
[43] 2996 HU 2007-2016 20 CHAID, stepwise 12
[19] 64,757 SK  2016-2018 14 stepwise 8
[22] 290 SK 2016 9 stepwise 5

Continue on next page
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Study Sample Period Ratios Selection methods Important
ratios

[25] 44 PL 2010-2015 20 correlation  matrix, Kol- 12
mogorov—Smirnov test,
Shapiro-Wilk test, Wilks’
Lambda test

[48] 3,679 PL 2018 22 genetic algorithms 19

[54] 343 SK 2016 9 stepwise 7

[56] 75,652 SK  2016-2018 11 stepwise nd

[59] 10,700 PL  2000-2012 64 Kolmogorov—Smirnov  test, 5
t-test, correlation matrix,
Wilks’ Lambda test, stepwise

[23] 444 SK 2016 11 none 11

[36] 351 CZ nd 14 stepwise 2

[51] 806 PL 2008-2010 21 t-test, chi-squared, correla- 9
tion matrix

[46] 667,582 V4 2016-2018 27 stepwise 7

[47] 667,582 V4 2016-2018 27 minimal set of predictors 2

[15] 75,649 SK  2018-2019 25 missing  values, multi- 9
collinearity

[45] 106,407 SK 2015-2019 46 feature importance 46

[60] 1500 V4 2009-2018 69 Kolmogorov—Smirnov test, t 7
test, Wilks’ Lambda test,
stepwise

[65] 20,693 V4 2020-2021 18 stepwise 14

By analyzing Table 1, it is noticeable that the most commonly used method for ratios selection is the
stepwise method. This is attributed to the fact that most models for corporate bankruptcy prediction were
built on the basis of statistical methods in the V4. In addition to the stepwise method, correlation matrix
and normality tests are also frequently used. On the other hand, there are selection methods such as GINI
index, random forest, neural network, CART, CHAID, and feature importance that are less frequently
used. Only one work concerns the COVID-19 period ([65]), but it does not take into account the time
before and uses the most popular stepwise method for ratios selection. It should also be noted that there
are few works taking into account large research samples ([30], [29], [66], [19], [56], [46], [65]), but
once again they rely on the most-established ratios selection method, i.e., stepwise.

Contrary to the aforementioned methods, our research has three key advantages. First, we apply four
feature importance concepts, using machine learning techniques, to select indicators, considering both
the financial and non-financial sectors (a total of 78 indicators were analyzed). Second, we analyze the
feature importance of the indicators in the period preceding and during the COVID-19 pandemic and over
the entire period (2018-2021). We consider countries and sectors in the analysis to examine the stability
of indicators over time. Third, we provide a large dataset of 145,638 firm-years covering the V4 (CZ,
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HU, PL, SK) from 2018 to 2021, that can be used to detect changes over time, country and sector. The
companies belong to six sectors: manufacturing, construction, retail and wholesale trade, transportation
and warehousing, and energy.

3. Methodology

In this article, we analyze the indicators for their stability over time. This multi-stage study covers
the Visegrad Group countries. First, we obtained financial statements of enterprises operating in the
Visegrad Group countries, broken down by country (CZ, HU, PL, SK) and as a whole (V4) as the sum
of individual enterprises from each country. In addition to the country breakdown, the analysis also
included a breakdown by sector: construction, manufacturing, wholesale and retail trade, transportation
and warehousing, and energy (biomass electric power generation, wind electric power generation, fossil
fuel electric power generation, hydroelectric power generation, and solar electric power generation).
Financial statements were obtained from the EMIS (Emerging Markets Information Service) database
(https://www.emis.com). Next, the study period was selected. Stability over time should encompass
various periods, including periods with and without any crisis. Therefore, the period 2018-2021 was
selected, which encompasses the period before COVID-19 (2018-2019) and during COVID-19 (2020-
2021). Additionally, indicators for the entire period (2018-2021) were also examined. The total research
sample is large and covers 145,638 company-years (see Table 3).

Then, 78 indicators were calculated for the research sample. These indicators belong to the following
groups: financial liquidity, profitability, turnover, debt, growth, company size, and a second group that
includes, among others, the form of business, the company’s period of existence, the sector in which it
operates, and the province in which it is registered (see Table 2). It is worth noting that the indicators
belonging to the last group take values from a nominal scale adopted for them. For example, the indicator
of the form of business can take values from a nominal scale of 1-4, where 1 means: joint-stock company,
2 means: limited liability company, 3 means: other limited liability company, and 4 means: limited joint-
stock partnership. The indicator that divides companies into two classes is the equity. Companies with
negative values of it are considered as (economically) bankrupt. Other researchers have also used negative
equity, among others, to group companies [35], [34], [7], [39], [13], [22], [56], [55], [15], [14].

In the next step, we selected the variable selection methods utilized in this research and therefore in our
analysis we use the notion of feature importance. Different concepts of feature importance are actively
developed in the framework of interpretable machine learning. The reader is referred to the recently
published book [38] for more details. We considered four concepts of the feature importance to select
ratios. Three concepts are related to the random forest classifier: the mean decrease in Gini index, the
mean decrease in accuracy, and the standard errors of the permutation-based importance measure. The
concept based on the Shapley values was considered as well. These concepts will be briefly discussed
below.

In the final step, we calculated the above-mentioned methods for the selected indicators over the an-
alyzed period. We define the indicator as stable over time when the indicator was among the 10 most
important indicators in the analyzed period (both before (2018-2019) and during the COVID-19 pan-
demic (2020-2021), as well as taking into account the entire 2018-2021 period) for at least one method.
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Table 2. The ratios considered in the analysis.

Legend: NP — net profit; TA — total assets; TS — total sales; TL — total liabilities; CA — current assets; I — inventories; LL —
long-term liabilities; log — logarithm; WC — working capital; CC — constant capital; SL — short-term liabilities; S — net sales;
C — cash; R —receivables; OE — operating expenses; D — depreciation; RE — retained earnings; E — equity; GP — gross profit;
FE - financial expenses; TC — total cost; FA — fixed assets; SC — share capital; OC — Operating cycle; CCC — cash conversion

cycle
No. Formula \ No. Formula No. Formula
X1 CA/CL X27 EBIT/E X53 (E-SO)/TA
X2 (CA-I)/CL X28 EBIT/TC X54 CC/TA
X3 (CA-I-R)/CL X29 EBIT/FE X55 CC/FA
X4 WC/TA X30 NP/1 X56 LL/E
X5 WC/FA X31 NP/FA X57 CA/TL
X6 WwC X32 EBITDA/FA X58 CL/TA
X7 WC/S X33 RE/TA X59 OE/CL
X8 WC/TL X34 GP/CL X60 OE/TL
X9 C/TA X35 RE/CL X61 log of TA
X10 Y'wC X36 SITA X62 log of S
X11 WC/E X37 (I*365)/S X63 log of (TA/GDP)
X12 EBIT/TL X38 (R*365)/S X64 S/Sn-1
X13 (GP+D)/TL X39 (CL*365)/S X65 TA/TA-1
X14 (NP+D)/TL X40 S/ X66 CA/CA-1
X15 (TL-C)/S X41 S/R X67 OP/OPn-1
X16 (TL-C)/EBITDA | X42 S/CL X68 NP/NPn-1
X17 (NP+D)/CL X43 S/FA X69 I/In-1
X18 NP/TA X44 OC (X37+X38) X70 R/Rn-1
X19 GP/TA X45 CCC (X37+X38-X39) | X71 CL/CLn-1
X20 EBIT/TA X46 CA/S X72 Industry by NAICS
X21 EBITDA/TA X47 C/S X73 Main sector
X22 NP/S X48 (I+R)/E X74 State
X23 GP/S X49 TL/TA X75 Number of Employees
X24 EBIT/S X50 E/TL X76 Legal Form
X25 EBITDA/S X51 E/TA X77  IncorporationDate ver. 1
X26 NP/E X52 E/FA X78 Incorporation Date ver. 2

For example, if X77 was selected as Ist in the pre-COVID-19 period, 5th in the COVID-19 period, and
10th for the entire 2018-2021 period, it was considered 1 for that method. If this occurred in every
method, it is marked as 4 in the tables, indicating that the indicator was selected by all methods. The
more methods used to identify a given indicator, the better. The results for countries as well as for sectors
are presented in graphs (2, 3,4, 5, 6,7, 8,9, 10, 11), and the symmetric results are presented in tables (4,
5,6,7,8,9, 10). A workflow diagram of the research is presented on the Figure 1.

Let us shortly recall all the used concepts of feature importance. Assume that the set of elements is
divided in m classes. Let the elements be randomly classified according to the distribution of classes.
The Gini index (Gini impurity) measures how often a randomly chosen element would be classified
incorrectly. It can be calculated as follows:

Definition 1 ([9]). The Gini impurity is

Gini=1-) p?, (1)
c=1

where p. is the probability of object to be classified into class c.
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Start | / Data import from EMIS (?alctulating
’ / indicators
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the importance
of indicators
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missing data

Selecting sta-
ble indicators

Stop

Figure 1. Workflow diagram of the research

The importance of a given feature with respect to the Gini index for a decision tree is equal to the
decrease of the index summed over all splits for which this feature is used [9]. Random forests average
the Gini index over all generated trees [8].

The mean decrease of accuracy is computed by permuting the original data. For each tree, the predic-
tion error rate is recorded. Then, the same is done after permuting each feature. The difference between
the two is the decrease of accuracy. Later, it is averaged over all the trees and normalized by the standard
deviation of the differences [33].

The standard errors of the permutation-based importance measure are computed in the same way as
the mean decrease of accuracy, but the standard error of regression is used instead of the prediction error
rate [33].

The Shapley values were introduced in [52] in a framework of coalitional game theory as a measure of
each player’s contribution to the gain of coalition. Let a function v(.S), that measures the gain for every

possible coalition S chosen from 7 players, be given.

Definition 2 ([52]). The Shapley value of the player i is

Shapley (i) = Z 5]t _n|!S| — U (U(S u{i}) — U(S))> (2)

SCN\{i}

where N denotes the set of all players, and the sum extends over all subsets of N not containing 1,
including the empty set.

The authors of the article [68] suggested to interpret the Shapley values as a contribution of individual
feature to data classification. In this interpretation the data features are the “players” and the gain function
v represents the model used for the target variable prediction. The Shapley values are interpreted as the
importance of the feature for prediction in the chosen model.

In our experiments we used the standard R implementation of the random forest [33]. For the Shapley
values the fastshap R package [18] was used. As a user-specified prediction wrapper we used the random
forest classifier. All the functions were used with the default parameterization. The code of the project
and sample dataset with user’s instruction are available on Gitlab!.

The structure of the data after preprocessing (we removed all records with missing information) is
presented in Table 3.

https://gitlab.com/adenisiuk/companies


https://gitlab.com/adenisiuk/companies

66 S. Tomeczak and A. Denisiuk

Table 3. Datasets statistics: b/a, where b is the number of bankrupt companies, a is the number of all records.

Country 2018 2019 2020 2021 all
cz 40/3778 28/3513 0/1763 0/725 68/9779
HU 289/15848  109/15114  15/15614  4/14730  417/61306
PL 652/11135  702/16190  297/12649  69/10776  1720/50750
SK 745/5695  728/5696  703/6317  671/6095  2847/23803

sum: 1726/36456  1567/40513 1015/36343 744/32326  5052/145638

4. Results

We used four methods: RFE, GINI, SD, and Shapley to assess the stability of the analyzed indicators over
the period 2019-2021. The sample consists of four countries (CZ, HU, PL, SK) and the V4 as a whole,
and six sectors (construction, manufacturing, wholesale and retail trade, transport and warehousing, and
energy). In Figures 7, 8, 9, 10, and 11 the first rows from the left present the results for the construction
and manufacturing sectors, while the second rows from the left present the wholesale and retail trade
sectors, and the third rows from the left present the transport and warehousing and energy sectors. We
focused on the time before and during COVID-19 (2018-2019), as well as the entire period (2018-2021).
The figures summarize the results for both countries and individual sectors for the analyzed period. The
treemaps show only those indicators that were able to distinguish companies both before and during the
COVID-19 pandemic, as well as throughout the entire period. The larger the shape with the indicator
number, the more frequently it appears in each method. The largest shapes reflect indicators appearing
in all methods.

4.1. The most common indicators for all sectors for each V4 country

4.1.1. The most common indicators for all sectors for CZ

Analyzing the significance of the indicators for the Czech Republic presented in Figure 2, it can be con-
cluded that only two indicators, X38 (number of days sales outstanding) and X41 (receivables turnover
ratio), are significant for all four selected methods. The fact that two indicators are turnover indicators
and refer to receivables means that timely collection of receivables is crucial for companies operating in
the Czech Republic. For the following indicators, their significance is demonstrated only for two meth-
ods (X35, X65, X67, X69, X70, X72 GINI and Shapley, X5, X36, X37, X39, X40, X42 RF and SD), and
for the remaining eight indicators only for one method (X17, X61 according to RF, X10, X53 according
to GINI, X58, X63 according to SD, X6, X33 according to Shapley).

4.1.2. The most common indicators for all sectors for HU

The results for Hungary presented in Figure 3 show that there are only four indicators, two of which are
the same as for the Czech Republic (X38, X41), and the other two are different: X35 and X62. The first
different indicator, the ratio of retained earnings to current liabilities (X35), is important because it refers
to the situation in which a company uses retained earnings to cover or finance current liabilities, such as
liabilities to suppliers, employee salaries, or other short-term loans. The second, company size (X62),
measures the size of the company as measured by revenue. It is worth noting that all four indicators
were selected using only one method. Indicators X38 and X41 were selected using the SD method, while
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X36
X41 X42 X70 X33 X61 X63

Figure 2. The most common indicators for all sectors for CZ.

indicators X35 and X63 were selected using the Sharpey method. Selecting indicators using only one
method may imply that these indicators may not be as important as those selected using all methods.

Figure 3. The most common indicators for all sectors for HU.

4.1.3. The most common indicators for all sectors for PL

In Poland, as in Hungary, no indicator was selected by all methods. However, compared to Hungary, five
indicators were selected using two methods instead of one (see Figure 4). The fixed assets to working
capital ratio (X5) was selected by RF and SD. It is a liquidity indicator, showing the degree to which
working capital covers a company’s fixed assets. Next, five indicators (X6, X76, X77, X78) were selected
by the GINI and by the Sharley method. The first of these is also an indicator of liquidity, the value of
working capital. The second concerns the legal form of the company. The last two concern the date of
incorporation, implying that the company’s age is important. The remaining ten indicators were selected
as key indicators using only one method: X50, X53 (by RF), X61, X62, X63 (by GINI), X37, X39, X40,
X42 (by SD), and X4 (by Sharpey).



68 S. Tomczak and A. Denisiuk
.
X76
x42

Figure 4. The most common indicators for all sectors for PL.

4.1.4. The most common indicators for all sectors for SK

Only eleven indicators are important for Slovakia, and for six of them, all methods indicate the same
results (see Figure 5). The working capital ratio (X6) belongs to the group of liquidity indicators. The
next three indicators are enterprise size indicators, measured by total assets (X61), revenue (X62), and
total assets relative to GDP (X63). The fifth indicator is an indicator of the legal form of the enterprise
(X76). The last indicator, X77, concerns the date of establishment of the company. Furthermore, X50
(according to the RF), X75, and X78 (according to Sharpey) proved crucial for one method.

X76 x77

Figure 5. The most common indicators for all sectors for SK.

4.1.5. The most common indicators for all sectors for V4

Only one indicator, X74, was identified as significant by all methods in the analyzed periods (see Figure
6), which indicates the importance of the company’s operating condition. Two indicators, X76 and
X77, were significant for three methods. Furthermore, only half of the methods identified the next four
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indicators as significant: X35, X72, X75, and X78 (according to Gini and Sharpey). The remaining
three indicators: X33, X45, and X53, were identified as key in assessing financial condition by only one
method.

Figure 6. The most common indicators for all sectors for V4.

4.2. The most common indicators for each sector for each V4 country
4.2.1. The most common indicators for each sector for the entire V4

Analyzing Figure 7, which presents the aggregate results for all V4 countries divided into six sectors,
reveals that some indicators are repeated regardless of sector. These include indicators X74 (the state in
which the company is registered) and X76 (the legal form of the enterprise). Only for these two indicators
the results of the methods are unambiguous, i.e., for each method in the periods 2018-2019, 2020-2021,
and the entire 2019-2021 period, these indicators were selected as key in assessing the financial condition
of V4 enterprises. It is worth noting that X77 (the date of company establishment) is also repeated for
most sectors, excluding wholesale trade and energy generation.

However, analyzing the selected indicators for individual sectors, the results are exactly the same; in
most cases, these two indicators were selected using four methods. In the wholesale sector, in addition
to the aforementioned indicators, there is another indicator, X61 (the logarithm of total assets). In the
wholesale sector, company size was also significant. For the transportation sector, in addition to the X74
and X76 indicators, the North American Industry Classification System (NAICS) industry index (X72)
is important. The NAICS index shows the various industries within this sector.

4.2.2. The most common indicators for each sector for CZ

The indicators for the Czech Republic apply only to five sectors and do not apply to the energy sector,
as there was no division into good and bad companies in this sector (see Figure 8). Furthermore, only
for the manufacturing and transportation and warehousing sectors all methods selected one different
indicator: X31 for the manufacturing sector and X35 for the transportation and warehousing sector. For
the manufacturing sector, the profitability of fixed assets is important, while for the transportation and
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Construction Manufacturing

X14

X7
X33 X13 X55 | X78 X61

Wholesale Retail trade

- 35
Transport and warehousing Energy

X77
X76

X76 X75 X45 | X53

-

Figure 7. The most common indicators for each sector for the entire V4.

warehousing sector, the ratio of retained earnings to current liabilities is important. On the other hand,
only three methods selected indicators for the construction, wholesale trade, and retail trade sectors. Two
indicators are important for the construction sector: X11 (working capital to equity ratio) without the
Gini index and X535 (fixed capital coverage ratio) without the RF index. Two indicators are also crucial
for the retail trade sector: X36 (total asset turnover) and X44 (operating cycle) without the Gini index.
Moreover, for wholesale trade, the key indicators are X3 (cash liquidity ratio), X17 (solvency ratio)
without the Gini index and X41 (receivables turnover ratio) without the RF ratio.

4.2.3. The most common indicators for each sector for HU

When analyzing the indicators selected for the Hungarian economy, it should be noted that only one indi-
cator was selected by all the methods for the energy sector (see Figure 9), namely X45 (cash conversion
cycle). Considering the cost of transitioning to green energy for the sector, this is justified. Another im-
portant indicator for this sector is X438, selected using three methods. This indicator measures the share
of inventories and receivables in equity. For the manufacturing sector, indicators were also selected using
three methods: X4 (working capital), X18 (ROA measured by net profit), X19 (ROA measured by gross
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X55
X43 X18 X40
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Transport and warehousing
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Figure 8. The most common indicators for each sector for CZ.

profit), and the previously mentioned X55. On the other hand, for the transportation and warehousing
sector, six indicators were selected using only one method.

4.2.4. The most common indicators for each sector for PL

When analyzing the most frequently selected indicators for individual sectors of the Polish economy, it
should be noted that only one indicator was selected for the transportation and warehousing sector, using
all methods (see Figure 10). This was already mentioned before X78 (date of company incorporation,
different classes than in X77). It is worth noting that X78 is also relevant for the following sectors: man-
ufacturing, wholesale trade (selected using three methods), and retail trade (selected using two methods).
For the manufacturing industry, the indicator selected using three methods is X5 (working capital to fixed
assets ratio). Furthermore, for the energy sector, the indicator X70 (receivables growth rate) is signifi-
cant, but selected using only two methods. Selecting indicators using only two methods may mean that
for these two sectors they are less relevant and less stable over time.

4.2.5. The most common indicators for each sector for SK

Unlike the other analyzed countries, sectoral indicators for Slovakia were selected using all available
methods (see Figure 11). These indicators often overlap between sectors. The core consists of four
indicators: X61, X62, X63, and X76. These were the indicators mentioned earlier. In addition, X6
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Construction Manufacturing

Wholesale Retail trade

Transport and warehousing Energy

Figure 9. The most common indicators for each sector for HU.

and X77 were selected for the construction, manufacturing, wholesale, and retail sectors. X75 was
selected for the manufacturing, wholesale, transportation and warehousing, and energy sectors. The final
indicator, X72, was selected for the energy sector.

4.3. The summary of the results

Table 4 presents a summary of selected indicators for individual countries and the entire Visegrad Group
(V4), without division into sectors. Tables 5, 6, 7, 8, 9, and 10 present selected indicators for individual
sectors and countries. The figures O to 4 in the tables indicate the selection of a given indicator by the
number of analyzed methods. For example, 4 means that the indicator was selected by all four analyzed
methods, and 0 means that it was not selected by any of the methods.

Nineteen of the seventy-eight analyzed indicators are presented in Table 4. It should be noted that
only X74 (the state in which the enterprise operates) was selected exclusively for the V4. The remaining
indicators were selected for at least two countries. Analyzing the results for individual countries, it should
be noted that for the Czech Republic, one indicator was selected using all methods: X38, the receivables
turnover ratio, which was also selected for Hungary, but only by one method. Hungary is the only country
with the smallest number of indicators, and they were selected by only one method. In addition to the
above-mentioned X38, X35 and X62 were also selected. The selected indicators were also included in
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Figure 10. The most common indicators for each sector for PL.

X72
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the list of key indicators for the Czech Republic and V4, and X62 was also included for Poland and
Slovakia. Furthermore, for both Poland and Hungary, no indicator was considered key by all methods.
The indicators selected for Poland are X5 (working capital coverage ratio) and X6 (working capital
value). For the Czech Republic, XS5 is also significant, but indicated by two methods. For Slovakia, six
indicators were selected using all methods: X6 (working capital), X61, X62, X63 (indicators measuring
company size), X76 (legal form of the company), and X77 (date of company establishment). The first
four are also relevant for the Czech Republic and Poland (without X62 for the Czech Republic, but for
Hungary), but found to be stable by fewer methods. In contrast, for the V4, only one indicator was
selected as key for all methods — X74. Furthermore, two indicators were identified as key for assessing
financial condition using three methods: X76 and X77. These indicators are also key for Slovakia and
Poland.

When analyzing indicators by sector, it should be noted that no single indicator was selected as key
for each sector in each country. The first sector analyzed is the construction sector (see table 5). For this
sector, only for Slovakia and the V4, indicators were selected using four methods. For the V4, these are
three indicators (X72, X74, X76), while for Slovakia there are six (X6, X61, X62, X63, X76, X77). Only
one indicator, X76, is repeated since it was selected using all methods and concerns the legal form of
business activity. For the V4, important indicators include, in addition to legal status, company location
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Figure 11. The most common indicators for each sector for SK.

and industry. For Slovakia, working capital, company size (measured in various ways), and company
lifespan are important. On the other hand, for the Czech Republic, only two indicators were selected
using three methods: X11 (working capital to equity) and X55 (fixed capital to fixed assets). Moreover,
in the case of Hungary and Poland, the selection of indicators can only be observed using at most half of
the methods.

The next sector analyzed is the manufacturing sector (see Table 6). For this sector, in addition to
Slovakia and the V4, indicators were also selected for the Czech Republic using four methods. For the
V4 and Slovakia, it is indicator X76, similarly to the construction sector. This is not the only indicator for
the V4, but of the nine remaining indicators, only this one was selected as important by all methods. In
the Czech Republic, there are also 10 indicators, and one was selected by four methods. This is X31 (net
profit to fixed assets), which was also selected for Hungary, but only by half of the methods. Furthermore,
for Hungary and Poland, there are 13 and 9 indicators, respectively. However, no indicator was selected
as key by all methods for the manufacturing sector, as was the case for the construction sector. Three-
quarters of the methods for Hungary selected X4, X18, X19, and X55 as key. For Poland, on the other
hand, these methods identified X5, X6, and X78 as key. Moreover, in the case of Slovakia, in addition
to the aforementioned X76, five more indicators were selected as important by all methods: X61, X62,
X63, X75, and X77. These are almost the same indicators as in the construction sector, except that X6
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Table 4. Summary of ratios for individual country

Ratios | CZ HU PL SK V4

X5 2 0 2 0 0
X6 1 0 2 4 0
X33 1 0 0 0 1
X35 2 1 0 0 2
X37 2 0 1 0 0
X38 4 1 0 0 0
X39 2 0 1 0 0
X40 2 0 1 0 0
X42 2 0 1 0 0
X50 0 0 1 2 0
X61 1 0 1 4 0
X62 0 1 1 4 0
X63 1 0 1 4 0
X72 2 0 0 0 2
X74 0 0 0 0 4
X75 0 0 0 2 2
X76 0 0 1 4 3
X177 0 0 1 4 3
X718 0 0 1 2 2

Table 5. Summary of ratios for individual country for construction sector.

Country X5 X6 X11 X13 X14 X31 X33 X35 X38 X39

V4 1 0 0 1 1 0 2 2 1 0
CZ 2 0 3 0 0 2 2 2 2 1
HU 0 0 0 2 0 2 0 0 0 0
PL 0 2 0 1 2 0 0 0 0 2
SK 0 4 0 0 0 0 0 1 0 0
Country X45 X55 X61 X62 X63 X72 X74 X75 X76 X77
V4 2 1 0 0 0 4 4 2 4 3
Cz 0 3 1 2 0 2 0 0 0 0
HU 0 0 0 0 0 0 0 0 0 0
PL 0 1 0 0 0 0 0 0 1 0
SK 1 0 4 4 4 2 0 3 4 4

has disappeared and in its place has appeared X75, which refers to the number of employees employed
in the enterprise.

The third sector analyzed is the wholesale trade sector (see table 7). As with the previously analyzed
sectors, only for Slovakia and the V4, indicators were selected using four methods. For Slovakia, the
same set of six indicators was used as for the manufacturing sector. For the V4, it is slightly different
but already well-known: X61 and X74. On the other hand, for the Czech Republic and Poland, one
indicator was selected: X41 (receivables turnover ratio) for the Czech Republic and X78 (enterprise life
expectancy indicator) for Poland. Furthermore, for Hungary, two of the four selected indicators, X6 and
X350, were also selected for other countries. X6 was selected for Slovakia and the V4, and X50 for the
Czech Republic and Poland. It is worth noting that the number of methods used to select these indicators
did not exceed three.

The fourth sector analyzed is retail trade (see Table 8). Unlike the previously analyzed sectors, only
for this sector a nearly identical set of variables was selected for Slovakia as for the construction sector.
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Table 6. Summary of ratios for individual country for manufacturing sector.

Country X4 X5 X6 X18 X19 X26 X31 X32 X34 X38

V4 0 0 1 0 1 0 0 0 1 0
Cz 0 0 0 2 2 1 4 2 2 2
HU 3 2 0 3 3 2 2 1 1 1
PL 1 3 3 0 0 0 0 0 0 1
SK 0 0 0 0 0 0 0 0 0 0
Country X39 X41 X55 X61 X62 X63 X75 X76 X77 X78
V4 0 0 0 2 1 2 2 4 3 2
CczZ 1 2 2 0 0 0 0 0 0 0
HU 2 2 3 1 0 0 0 0 0 0
PL 0 1 0 0 1 0 0 1 1 3
SK 0 0 0 4 4 4 4 4 4 2

Table 7. Summary of ratios for individual country for wholesale sector.

Country X6 X41 X42 X45 X50 X53 X61 X62

V4 2 0 0 1 0 1 4 2
Cz 0 3 0 0 1 0 1 0
HU 2 1 0 0 2 1 0 0
PL 0 0 1 0 1 0 0 2
SK 3 0 1 2 0 0 4 4
Country X63 X65 X72 X74 X75 X76 X77 X78
V4 3 0 2 4 2 3 0 2
Cz 1 2 2 0 0 0 0 0
HU 0 0 0 0 0 0 0 0
PL 0 2 0 0 0 1 2 3
SK 4 0 0 0 4 4 4 2

The difference lies in the X77 indicator, which was selected using only three methods. This indicator is
also significant for the V4, which was also selected using three methods. Furthermore, the X76 indicator
is also significant. It is worth noting that for the remaining countries, the X39 indicator (short-term
liabilities cycle indicator) is equally significant, having been selected by half of the methods for the
Czech Republic, Hungary, and Slovakia. The second such indicator is the X42 indicator (short-term
liabilities turnover indicator), which was also selected by two methods for the Czech Republic, Poland,
and Slovakia. It is very similar to the previous one; the difference is the swapping of the denominator
and numerator and the multiplication of the number of days.

Table 8. Summary of ratios for individual country for retail sector.

Country X5 X6 X13 X35 X38 X39 X40 X42 X45 X48

V4 0 0 0 2 0 0 0 1 1 0
CZ 1 1 2 0 1 2 1 2 0 2
HU 0 0 2 1 0 2 0 0 0 0
PL 2 1 0 0 1 2 1 2 0 1
SK 0 4 0 0 0 1 0 2 1 0
Country X50 X61 X62 X63 X69 X72 X75 X76 X77 X78
V4 1 0 1 0 0 1 1 3 3 2
CZ 2 1 0 1 2 1 0 0 1 0
HU 2 0 0 0 0 0 0 0 0 0
PL 0 0 1 1 1 0 0 1 1 2
SK 0 4 4 4 0 0 1 4 3 1



Selection of over time stability ratios... 77

Table 9. Summary of ratios for individual country for transport and warehousing sector.

Country X6 X41 X42 X45 X50 X53 X61 Xe62

V4 3 1 0 0 1 0 0 0
Cz 2 4 2 3 0 1 2 3
HU 0 1 0 0 0 1 1 0
PL 0 0 1 1 0 0 0 0
SK 0 0 0 0 1 2 0 0
Country X63 X65 X72 X74 X75 X76 X77 X78
V4 1 0 0 4 2 4 3 2
Cz 0 2 2 0 0 0 0 0
HU 0 1 1 0 0 0 0 0
PL 0 0 0 2 0 1 0 4
SK 4 0 0 2 3 4 4 0

The next sector analyzed is the transportation and warehousing sector (see Table 9). For this sector,
with the exception of Hungary, the indicators for the other countries were selected using all methods.
The core of these indicators is repeated across all sectors. For the V4, it is X76, for the Czech Republic
X41, and for Poland X78. For Slovakia, the set of indicators is slightly smaller and consists of three:
X63, X76, and X77. It is worth noting that for Hungary, the table contains five indicators. However, they
were selected using only one method.

The final sector analyzed is the energy sector (see Table 10). It can be said that this table contains
the smallest set of indicators of all the tables analyzed. It is also worth emphasizing that the Czech
Republic has zeros because, as mentioned earlier, it was not possible to divide the sample of companies
into healthy and unhealthy in this sector. Furthermore, Poland has one indicator, X70 (the short-term
liabilities growth rate), which was selected using half of the methods. For the remaining countries, the
indicators were selected using all four methods. The set for the V4 and Slovakia is standard, meaning it
includes the same indicators as those presented earlier. For Hungary, for the first time, an indicator was
selected using four methods: X45 (cash conversion cycle).

Table 10. Summary of ratios for individual country for energy sector.

Country X16 X45 X61 X62 X63 X70 X72 X74 X75 X76

V4 1 0 0 0 0 0 0 4 0 4
CZ 0 0 0 0 0 0 0 0 0 0
HU 2 4 0 0 0 2 0 0 0 0
PL 0 0 0 0 0 2 0 0 0 0
SK 0 0 4 4 4 0 4 0 4 4

Based on the obtained results, the research questions posed can be answered. First, of the 78 indi-
cators, 19 can be considered valid due to their validity and stability over time, representing 24% of the
indicators analyzed. Second, of the 19 indicators presented, 18 are repeated across countries. It is worth
noting that no indicator is repeated for all countries simultaneously; it is repeated for at most three coun-
tries. Third, as in the individual country analysis, there are valid indicators for individual sectors, but
no indicator is repeated for all countries simultaneously for each sector; it is repeated for at most three
countries. Fourth, most of the non-financial indicators included in the analysis appear together, indicating
that they are valid based on the obtained results.
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5. Discussion

The financial health of companies can be assessed using many indicators. However, useful are only those
that have ability to distinguish healthy and unhealthy companies and are stable over time. The study
focused on companies operating in post-communist countries such as the Czech Republic, Hungary,
Poland, and Slovakia, as well as across the whole Visegrad Group.

The analysis includes 78 financial and non-financial indicators. From the indicators analyzed, 19 can
be considered relevant for the analysis of individual countries. Six of them are non-financial indicators.
For the Czech Republic, the most important indicator is X38 (receivables turnover ratio), which was also
selected for Hungary. For Hungary, in addition to X38, there are X35 (retained profit to current liabilities)
and X62 (size of company). It is worth noting that only these three indicators were selected using a single
method. For Poland, these are X5 (working capital to fixed assets) and X6 (working capital). On the other
hand, for Slovakia, in addition to X6, there are X61 (size of company measured by total assets), X62
(enterprise size measured by net sales), X63 (size of company measured by total assets/GDP), X76 (legal
form), and X77 (incorporation date). The last two are non-financial indicators. In addition, non-financial
indicators such as X74 (State), X76 and X77 are also important for the entire V4.

On the other hand, 20 of them can be considered relevant for sector analysis. The indicators listed
above also seem crucial in this analysis. In addition, we can distinguish the following: X4 (working
capital to total assets), X11 (working capital to equity), X18 (net profit to total assets), X19 (gross profit
to total assets), X31 (net profit to fixed assets), X39 (payment term), X41 (receivables turnover ratio),
X42 (current liabilities turnover ratio), X45 (cash conversion cycle), X55 (fixed capital to fixed assets
ratio), X72 (industry by NAICS), X75 (number of employees), X78 (date of incorporation, version 2).

Table 11. Review of selection methods. Legend: E (GR) — equity growth ratios; OP — operating profit

Ratio [30] [16] [46] [47] [60] [65] current
research

TL/TA X X X X X
TL/R
E/TL
TL/E
TL/CF
NP+D/TL
GP/S
OP/S
NP/S
NP/A
NP/E
C/CL
CA-I/CL
CA/CL X X X X
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>
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Continue on next page



Selection of over time stability ratios... 79

Ratio [30] [16] [46] [47] [60] [65] current
research

R*365/S
CL*365/S X X
S/TA

I/S

LL/TA
WC/TA
C/TA

WC

OP/E
OP/TA
CA/TA
CL/TA
RE/TA
EBIT/FE
log of TA
(TL - C)/S
(CA-D/LL
NP/I

E/FA
LL/E

E (GR)
X72

X74

X175

X176

XT77

X78
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Table 11 summarizes the indicators important in studies on V4 enterprises and adds those repeated
from the current study, as well as important non-financial indicators. Only a few financial indicators
are considered important compared to other studies. These include indicators representing liquidity,
profitability, and company size, and two indicators of turnover. The company size indicator has also been
used in other studies on the V4 as one of the few non-financial indicators ([41]; [70]; [26]; [42]). Another
work that takes into account non-financial indicators is [45]. This work considers six non-financial
indicators: sector, region, size, legal form, and age, as well as indicator significance characteristics.
On the other hand, [51] found that a region with low risk and legal form is of significant importance.
Therefore, it is important to also consider non-financial variables when assessing the financial health of
enterprises.

When comparing the results obtained with other studies focused on V4 (Table 11), it should be noted
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that the current research differs in several respects. First, most studies focus on the use of statistical
methods to build bankruptcy prediction models, which results in the primary use of the stepwise method
as the primary method for selecting indicators. In our work, we use techniques from explainable machine
learning to select the most important indicators. Second, these studies use a significantly smaller number
of indicators analyzed. Typically, these are only financial indicators that do not take into account non-
financial aspects, with the exception of the enterprise size indicator. In our work, in addition to the
aforementioned enterprise size indicator, we also utilize a network of other indicators, most of which
were deemed important in our research. Third, studies consider a different study period, usually not
examining the stability of models over time, because they focus on two, or at most three, years, excluding
the period before and during the crisis, with the exception of the study [60], which considers more years.
In our paper, we consider the periods before and during the crisis.

It is also worth noting that no single indicator was identified as valid by all methods for every country
or sector. This is partially attributed to the methods used, the period of analysis, and differences between
countries and sectors. First, the definition of the indicator as stable over time, which is strict, has an
impact on the results, as validation of existing models has shown a noticeable decrease in performance
compared to the accuracy reported by the modelers ([63]; [58]). One reason for the decrease in model
accuracy may be the use of indicators that are unstable over time, which will change the discriminatory
power of the indicators used in a given model. Therefore, it is very important to study the stability of
indicators over time. Second, based on the adopted definition of stability and the methods used, few
indicators demonstrated stability over time, as recognized by all methods for both individual countries
and sectors. This was partially due to the unbalanced sample, as there is significant inequality between
healthy and unhealthy companies, both by country and by sector. This is due to data availability. Third,
there are differences between countries and sectors that affect the result. This means that not every
indicator can be considered to discriminate well healthy from unhealthy companies across all sectors and
V4 countries. It is important to investigate which indicators can be used to build models for the entire
V4. Research on this topic is ongoing, necessary and should be continued.

6. Conclusions

The main goal of this article was to select indicators based on their stability over time using machine
learning techniques to identify financial distress of companies. The article contributes to the literature on
forecasting corporate financial health in three ways. First, we utilize four feature importance concepts, us-
ing machine learning techniques, to select indicators, taking into account both financial and non-financial
factors (a total of 78 indicators were analyzed). Most studies used only a stepwise selection approach
and considered only financial indicators. However, most of the non-financial indicators included in the
analysis are significant based on the obtained results. Second, we analyze the importance of indicator
features in the periods before and during the COVID-19 pandemic, as well as throughout the entire period
(2018-2021). We consider countries and sectors in the analysis to examine the stability of indicators over
time. Only a small number of studies examine the stability of indicators over time. Third, we provide a
large dataset covering nearly 150,000 company-years records, covering the V4 countries (CZ, HU, PL,
SK) from 2018 to 2021. These companies belong to six sectors: manufacturing, construction, retail and
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wholesale trade, transportation and warehousing, and energy.

The results should be useful for managers, creditors, and investors, as key indicators were selected
for each V4 country and sector. Furthermore, these key indicators were found to be stable over time,
underscoring their importance and potential usefulness in predicting financial distress for companies,
especially when it comes to using non-financial indicators.

A potential limitation of this study is that it only considers the period 2018-2021, which covers the
situation before and during the COVID-19 crisis. A study that also includes other crises, such as the 2007
financial crisis, would allow comparisons of indicators between these periods. A second possible limita-
tion is the limited focus on the selection of indicators as a basis for building models covering countries
and sectors within the Visegrad Group. The third possible limitation is the uneven representation of data
across countries and sectors, but this is due to data unavailability. Taking first two limitations in mind,
future research could cover a much broader period that will also include the previous financial crises and
machine learning methods will also be used to build models that predict financial distress.
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