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ABSTRACT

Objective: The main objective of the study is to analyse the impact of the economic crisis caused
by the COVID-19 pandemic on the forecasting of corporate bankruptcy in Poland. The analysis
verifies the accuracy of models used to make forecasts and examines the determinants of corporate
bankruptcy before and after the pandemic.

Research Design & Methods: The study used financial data from 121,000 companies for
the 2015-2022 period. Five variable selection methods, eight classification methods and 1,000
different random learning and testing samples were used to perform the study.

Findings: The results indicate different determinants of corporate bankruptcy before and after
the outbreak of the COVID-19 pandemic. Models constructed and tested before the pandemic had
lower classification accuracy than models constructed and tested after the outbreak.
Implications/Recommendations: The results confirm the need to reconstruct and test models
for forecasting corporate bankruptcy during periods of dynamic changes in capital markets, such
as those triggered by the COVID-19 pandemic.
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Contribution: The considerations presented in the article deepen knowledge of the impact of the
economic crisis on the forecasting of corporate bankruptcy in Poland. To date, no research has
been conducted with such a wide range of research methodology used in the context of the crisis
caused by the COVID-19 pandemic.

Article type: original article.

Keywords: bankruptcy forecasting, crisis, COVID-19, machine learning.

JEL Classification: C38, C53, G33.

1. Introduction

The COVID-19 pandemic affected almost the entire world. According to the
WHO, it contributed to more than 775 million illnesses and more than 7 million
deaths worldwide (WHO, 2024). In response to its high dynamics, governments in
most countries decided to impose numerous restrictions. Their goal was to limit
the spread of the disease by limiting human contact. Numerous studies confirm
that this goal was achieved, as indicated by a reduction in the number of infected
people and deaths during this period (Cho, 2020; Lai et al., 2020; Mitze et al., 2020;
Chernozhukov, Kasahara & Schrimpf, 2021). In addition to the positive impact of
lockdowns on human health, the literature also contains many studies emphasising
the negative impact of the introduced restrictions. Restrictions on the movement
of people, resulting in reduced demand, disruptions in supply chains, and bans on
business in many sectors of the economy contributed to the economic crisis. There
are studies whose authors present the impact of lockdowns on the health of the
entire economy (Coccia, 2020; Kanitkar, 2020; Ke & Hsiao, 2022). There are also
a number of studies on the impact of the pandemic and related economic crisis on
the financial health of companies. Thus, for example, Gopalakrishnan, Jacob, and
Mohapatra (2022) indicate that COVID-19 and related lockdowns contributed to an
increase in corporate indebtedness and that the propensity to incur debt depended
on the severity of the restrictions imposed in the country. On the other hand, Shen
et al. (2020) and Makni (2023) argue in their study that the COVID-19 pandemic
significantly contributed to a decline in both investment and corporate earnings.
Qin et al. (2020) indicate that the prevailing global situation caused an increase
in the level of cash at the disposal of companies, while Ke (2022) indicates in his
analysis that companies experienced an increase in the cost of equity capital during
the period under review.

In order to mitigate the negative impact of the economic crisis on the finan-
cial health of companies, the governments of many countries decided to intervene
by providing financial support to companies. Its absence would result in a drastic
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increase in the number of bankruptcies (Gourinchas et al., 2020). The literature
emphasises that the economic crisis resulting from the pandemic is also associated
with dynamic legislative changes, changes in financial reporting rules, or more
intensive use of earnings management tools by companies. All this means that the
effectiveness of models predicting corporate bankruptcy may change. Research on
the impact of the economic crisis on the quality of forecasting models does not
allow drawing clear conclusions about the direction of these changes.

Thus, one can find studies whose authors indicate that the economic crisis has
no effect on the effectiveness of models predicting corporate bankruptcy. Nam
and Jinn (2000), using a logit model and a sample of 142 companies, examined
the impact of the Asian crisis on the process of forecasting corporate bankruptcy.
The constructed model and the obtained results allowed them to conclude that
the economic crisis did not have a direct impact on the probability of bankruptcy.
The companies against which bankruptcy was declared had been characterised by
poor financial condition long before the crisis. Thus, on this basis, it can be assumed
that the currency crisis itself was also the result of the long-term poor financial
condition of Korean companies.

At the same time, it is possible to identify in the literature only a few studies,
where the results indicate that the accuracy of forecasting models is higher after
the outbreak of the economic crisis. Thus, Almamy, Aston and Ngwa (2016), using
a discriminant model and a sample of 1,090 companies from the UK, compared
the accuracy of forecasts made before, during and after the global financial crisis
(2007-2008). The results showed that the accuracy of forecasts made before the
crisis was 15.1 to 15.9 percentage points (p.p.) worse than the results obtained during
the crisis and 17.1 to 20 p.p. worse than the results obtained after the economic
crisis. Similar results were also obtained by Liu er al. (2022). Like their predeces-
sors, they also compared the quality of models predicting bankruptcy before and
after the onset of the global financial crisis. The objects of the study were compa-
nies from seven countries in Western Europe. Seven machine-learning methods
and three sampling methods were used. The quality of the models turned out to be
higher for those constructed after the outbreak of the crisis than those built during
the crisis.

The issue of the impact of the economic crisis on forecasting corporate
bankruptcy was also addressed by Papik and Papikova (2023), who studied the
COVID-19 pandemic period. They formulated conclusions contrary to the previ-
ously presented studies. The study was based on financial data of more than 90,000
companies operating in Slovakia from 2015-2019. Three classification methods
were used: CatBoost, LightGBM and XGBoost. When constructing the models,
it was decided to distinguish two pre-crisis periods, i.e., before the outbreak of the
COVID-19 pandemic (2018-2019) and the crisis period (2020). The obtained results
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confirm that the quality of the forecasting models was lower for the economic crisis
period. This was particularly evident for forecasts with a one-year horizon.

In the literature, one can find many studies whose authors attempt to forecast
the bankruptcy of companies in Poland. Various classification methods are used for
this purpose and the constructed models concern both the whole economy and its
individual industries (Hadasik, 1998; Korol & Prusak, 2005; Hotda, 2006; Pociecha
et al.,2014; Herman & Lach, 2024). There are also studies whose authors attempt
to identify the main causes of bankruptcies in Poland. In light of the literature and
their own research, Hotda and Strojny (2019) indicate that the causes of business
bankruptcies in Poland have changed with socio-economic changes. At the begin-
ning of the transformation, the predominant causes were mainly external, resulting
from the macroeconomic situation of the country, e.g., market downturn, increasing
domestic and foreign competition or a decline in demand. Over the years, however,
the situation has changed. The authors point out that the causes of bankruptcy today
should be found primarily within the organisation. They indicate as the main reason
for bankruptcy the weakness of management, which results, for example, in overin-
vestment, poor company strategy, inadequate cooperation with the contractor.

The primary purpose of the study was to analyse the impact of the economic
crisis caused by the COVID-19 pandemic on the forecasting of corporate bank-
ruptey in Poland. As indicated above, there are few studies related to the issue at
hand and only one of them deals with the crisis caused by the SARS-CoV-2 virus.
The conclusions of the described analyses are not unequivocal. In the conducted
analysis, the accuracy of models which were used to make predictions constructed
and tested both before and after the outbreak of the COVID-19 pandemic was veri-
fied. Unlike the studies presented above, the analysis considered and compared the
quality of eight machine-learning methods, while the comparison itself was made
on the basis of 1,000 random learning and testing samples. The use of such an
approach makes the obtained results robust — independent of the methodology and
test sample. The second objective of the study is to compare the determinants of
company bankruptcy in the periods in question. In contrast to the study by Papik
and Papikova (2023) five methods of variable selection were used for this purpose.
The results of the study also allowed answering the question of which classification
methods — ensemble or individual — proved more effective in predicting the bank-
ruptcy of companies before and after the outbreak of the COVID-19 pandemic. This
issue was not addressed in the studies presented earlier.

2. Methodology

Conducting an empirical study required gathering an adequate research sample
of enterprises against which the relevant court had issued a decision to declare
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corporate bankruptcy (denoted as “bankrupts” in the study) and enterprises oper-
ating in the economy in good financial condition (hereinafter denoted as “healthy”).
Two data sources were used to obtain information on enterprises that were declared
bankrupt during the period under study: The Official Journal of the Court and
Economic Monitor and the public portal National Debt Register. In this way,
it was possible to draw 1,000 enterprises against which bankruptcy was declared
— 500 against which bankruptcy was declared in the 2016-2019 period (before
the outbreak of the pandemic) and 500 where the court decision took place in the
2020-2023 period (after the outbreak of the pandemic). After removing observations
for which there were data gaps and outliers, the study was left with 946 bankrupt
companies. The financial retrieved statements were always for the year preceding
the court’s decision to declare bankruptcy. In addition, for the purpose of empirical
analysis, a database of 120,000 financial statements of companies that efficiently
operated in the market during the period under study was collected. Table 1 shows
the number of financial statements included in the study from consecutive years of
analysis.

Table 1. Number of Bankruptcy and Healthy Companies per Year

Year of Financial Statements Bankrupts Healthy
2015 99 2,523
2016 115 6,824
2017 146 24,104
2018 125 26,549
2019 152 10,947
2020 112 16,288
2021 95 19,482
2022 102 13,283

Source: own study.

Table 2, in turn, presents information on the size of assets and sales revenue of
the companies in the research sample.

Table 2. Number of Companies Included in the Survey According to the Size of Assets
and Sales Revenue

Range (PLN Million) Size of Assets Sales Revenue
0-9.99 82,673 77,321
10-19.99 13,075 15,486
20-29.99 8,135 7,298
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Table 2 cnt’d
Range (PLN Million) Size of Assets Sales Revenue

30-39.99 4,928 4422
40-49.99 1,777 2,922
50-59.99 1,253 2,143
60-69.99 928 1,513
70-79.99 766 1,081
80-89.99 604 909
90-99.99 490 732

> 100 6,317 7,119

Source: own study.

Assets of 68% of the surveyed companies, while sales revenues of 64% of the enti-
ties did not exceed the size of PLN 10 million.

Based on the constructed dataset, the values of 21 financial ratios were calcu-
lated representing the basic areas of companies’ activities, i.e., profitability, oper-
ating efficiency, liquidity and capital structure (Table 3).

Table 3. Financial Ratios Used in the Study

Category Financial Ratio Formula
Profitability Return on assets (ROA) (%) Net profit/assets
Return on equity (ROE) (%) Net profit/total equity
Return on sales (ROS) (%) Net profit/net sales
Operating margin (%) Operating profit/net sales
Return on capital employed (%) EBIT /(assets — current liabilities)
Efficiency Inventory turnover (days) Inventories /net sales x 365
Trade receivable turnover (days) Receivables/net sales x 365
Total asset turnover Net sales/assets
Trade payables turnover (Cost + inventory)/trade payables
Working capital turnover Net sales/(current assets — current
liabilities)
Liquidity Current ratio Current assets/current liabilities

Quick ratio

Current assets — inventories) /short-
-term liabilities

Cash ratio

(Working assets — inventories —
receivables)/short-term liabilities
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Table 3 cnt’d
Category Financial Ratio Formula

Capital structure | Debt ratio (%) Total liabilities /total assets
Debt to equity ratio (%) Total liabilities /shareholder’s equity
Cash to total assets (%) Cash/assets
Trade receivables to total assets (%) Trade receivables/assets
Inventories to total assets (%) Inventories/assets
Fixed assets to total assets (%) Fixed assets/assets
Current liabilities to total liabi- Current liabilities /total liabilities
lities (%)
Equity to assets ratio (%) Equity/assets

Source: own study.

The following five variable selection methods were used to construct business
bankruptcy forecasting models:

— filter-based methods: using entropy (Peng, Long & Ding, 2005), Mann-
-Whitney statistics (Mann & Whitney, 1947) and the ReliefF algorithm (Kira
& Rendell, 1992),

— a method based on model selection (wrappers) — a stepwise “progressive”
method (Miller, 1984), which was based on a discriminant function and a criterion
for improving classification accuracy,

—amethod that is an integral part of the learning algorithm (embedded methods):
based on the Gini index.

In the following analysis these methods are labelled as, respectively: “entropy,”
“Whitney,” “relief,” “stepwise” and “Gini.” Corporate bankruptcy forecasting
models were constructed based on eight classification methods. These were: four
individual methods, i.e., the k-nearest neighbours method (Guo et al., 2003), the
support vector machines (Cortes & Vapnik, 1995), neural networks (Rumelhart,
Hinton & Williams, 1986), logistic regression (Berkson, 1944) and four ensemble
methods, i.e. random forests (Breiman, 2001), the bagging algorithm (Breiman,
1996), and two gradient enhancement methods: Extreme Gradient Boosting (Chen
& Guestrin, 2016) and Light Gradient-boosting Machine (Ke et al., 2019). These
methods are denoted hereafter as “KNN,” “SVM,” “network,” “logistic,” “forest,”
“bagging,” “XGBoost” and “LightGBM,” respectively. Table 4 shows the main
assumptions made using the above-mentioned methods. The study did not optimise
the values of the parameters listed below as the purpose of the study is not to obtain
the best possible forecasting model, but to compare the accuracy of the classification
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of models predicting the bankruptcy of companies before and after the outbreak of
the COVID-19 pandemic.

In the study itself, each model for predicting corporate bankruptcy, both before
and after the pandemic outbreak, was constructed and tested on the basis of
a drawn, balanced sample, consisting of 450 bankrupt companies and 450 viable
entities. The inclusion of an unbalanced sample often results in a significant dete-
rioration in the obtained classification accuracy, especially for a smaller sample.
In the case of an unbalanced sample, it could be necessary to solve this problem,
for example, by means of a specific sampling method. However, its choice could,
in turn, have a major impact on the results obtained in the study (Veganzones
& Séverin, 2018).

Table 4. Assumptions Made for Each Classification Method

Method Assumptions

KNN k optimised using cross-validation, maximum number of nearest
neighbours: 30

SVM Kernel function: radial

Network One hidden layer, number of neurons: the average of the number
of neurons of the input and output layers

Logistic Decision threshold: 0.5

Forest Number of trees: 1,000, number of variables drawn: 5

Bagging Number of iterations: 1,000

XGBoost Number of iterations: 1,000, eta: 0.1

LightGBM Number of iterations: 1,000, eta: 0.1

Source: own study.

The empirical study was conducted using a custom web application with
a graphical user interface made in the R environment, to be used in the future for
any multidimensional object classification problem.

3. Results and Analysis

At the outset of the study, it was verified whether the surveyed companies
differed in terms of their financial health, described by the above-mentioned
financial indicators, before and after the outbreak of the COVID-19 pandemic.
The financial indicators did not follow a normal distribution. For this reason, the
nonparametric Mann-Whitney test was used for comparative analysis. The corre-
sponding results are shown in Tables 5 and 6.
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Table 5. Comparative Analysis of Selected Financial Indicators for the Studied Groups

before the Pandemic Outbreak

51

Financial Ratio Indication Median Z-statistic | p value
Bankrupts| Healthy

Return on assets (ROA) (%) X1 -23.64 4.63 -27.09 0.00
Return on equity (ROE) (%) X2 23.19 16.68 1.73 0.08
Return on sales (ROS) (%) X3 -18.00 2.58 -26.29 0.00
Operating margin (%) X4 -14.56 3.59 —2491 0.00
Return on capital employed (%) X5 6.65 15.60 -3.19 0.00
Inventory turnover X6 14.61 5.55 6.44 0.00
Trade receivable turnover X7 39.38 38.45 1.58 0.11
Total asset turnover X8 1.56 1.89 271 0.01
Trade payables turnover X9 0.00 0.03 -9.37 0.00
Working capital turnover X10 -1.08 3.76 -16.06 0.00
Current ratio XI1 0.55 1.52 -23.70 0.00
Quick ratio X12 0.37 1.20 —2293 0.00
Cash ratio X13 0.01 0.13 -15.36 0.00
Debt ratio (%) X14 25.06 0.70 14.70 0.00
Debt to equity ratio (%) X15 0.00 0.00 -10.69 0.00
Cash to total assets (%) X16 1.44 544 -8.06 0.00
Trade receivables to total assets (%) X17 18.89 20.12 -0.91 0.36
Inventories to total assets (%) X18 5.90 2.80 4.57 0.00
Fixed assets to total assets (%) X19 10.25 6.62 3.38 0.00
Current liabilities to total liabilities (%) X20 98.46 100.00 -1.95 0.06
Equity to assets ratio (%) X21 -14.29 41.67 -23.46 0.00
Notes: Z-statistic — the value of the test statistic for the U Mann-Whitney test.
Source: own compilation based on data from the EMIS professional database.
Table 6. Comparative Analysis of Selected Financial Indicators for Study Groups
after the Pandemic Outbreak

Financial Ratio Indication Median Z-statistic | p value

Bankrupts| Healthy

Return on assets (ROA) (%) X1 -24.11 7.35 -26.90 0.00
Return on equity (ROE) (%) X2 28.58 21.56 2.85 0.00
Return on sales (ROS) (%) X3 -22.83 3.79 -25.46 0.00
Operating margin (%) X4 —-18.58 479 —23.88 0.00
Return on capital employed (%) X5 12.64 20.05 -1.96 0.05
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Table 6 cnt’d
Financial Ratio Indication Median Z-statistic | p value
Bankrupts | Healthy

Inventory turnover X6 773 5.66 1.52 0.13
Trade receivable turnover X7 37.00 35.08 2.29 0.02
Total asset turnover X8 1.14 2.01 -8.01 0.00
Trade payables turnover X9 0.00 0.00 -10.05 0.00
Working capital turnover X10 -0.35 4.00 -19.32 0.00
Current ratio X11 0.46 1.68 -26.52 0.00
Quick ratio X12 0.31 1.31 2494 0.00
Cash ratio X13 0.00 0.16 -17.75 0.00
Debt ratio (%) X14 32.26 278 16.13 0.00
Debt to equity ratio (%) X15 —14.72 0.75 -18.13 0.00
Cash to total assets (%) X16 0.51 6.42 —11.00 0.00
Trade receivables to total assets (%) X17 17.06 18.78 -1.24 0.21
Inventories to total assets (%) X18 2.66 2.98 -0.54 0.59
Fixed assets to total assets (%) X19 6.70 490 2.86 0.00
Current liabilities to total liabilities (%) X20 99.63 99.62 0.58 0.56
Equity to assets ratio (%) X21 —42.70 45.44 2778 0.00

Notes: Z-statistic — the value of the test statistic for the U Mann-Whitney test.
Source: own compilation based on data from the EMIS professional database.

Based on the results presented in Tables 5-6, it can be concluded that in the
period before the outbreak of the pandemic, only for four financial indicators (X2,
X7, X17 and X20) the surveyed companies (at a significance level of 0.05) do not
differ significantly in terms of financial health. Similarly, after the outbreak of the
pandemic, such a situation occurs four times — for indicators X6, X17, X18 and X20.
Healthy companies are characterised in most cases by a higher value of profita-
bility indicators and liquidity of operations than bankrupts. In the case of bankrupt
entities, one can see a decrease in the value of the aforementioned indicators in
the studied periods, while profitability and liquidity for healthy companies increase
after the outbreak of the pandemic. Thus, the differences between the medians of
the used indicators for healthy and sick companies are in most cases higher after the
outbreak of the pandemic than before 2020. This may indicate that the COVID-19
pandemic and the related economic crisis caused the difference between the finan-
cial condition in the studied groups of companies to increase significantly, and the
financial indicators themselves gained discriminatory power.
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In order to construct models for forecasting corporate bankruptcy, the eight clas-
sification methods mentioned earlier were used. In the case of individual classifiers:
the k-nearest neighbours, the support vector machines, neural networks and logistic
regression, the variables for the models were selected using filter-based selection
methods (entropy, Whitney, relief) and the stepwise method. For ensemble classi-
fiers, i.e., random forests, the bagging algorithm and gradient enhancement methods,
the methods integral to the learning algorithm and based on the Gini index were
used. In this way, results were obtained for 20 combinations: a classification method
— a variable selection method. This procedure is intended to test the robustness
of the results of the study to the research methodology used. The construction
of a classification model for the period before and after the pandemic outbreak
requires the division of the available research sample into a learning sample and
a test sample. In all the carried out analyses, it was determined that 1,000 times 450
economically viable (healthy) enterprises and 450 bankrupt enterprises are drawn
at random, and then the objects are randomly divided with a ratio of 75:25 into
a learning sample and a test sample. For each draw, a learning sample was used
to select variables using the methods described earlier. Based on these financial
indicators, predictive models were constructed, the quality of which was checked
on the basis of test samples. Figure 1 shows the validity of each financial indi-
cator by area of business operation. The validity was assessed based on the average
frequency of selection of financial indicators into the model using the four methods
of variable selection presented earlier (entropy, Whitney, relief and stepwise). Based
on the results, it can be concluded that the models constructed before and after the
outbreak of the COVID-19 pandemic differ in the validity of financial indicators
that describe different areas of the company’s operations. For all the presented
methods of variable selection, the importance of profitability indicators decreases
after the outbreak of the pandemic. On the other hand, in the case of 3 out of the
4 methods, the importance of indicators included in the groups responsible for oper-
ational efficiency and financial structure increases during the studied period. In the
case of indicators responsible for liquidity, no clear conclusion can be drawn as to
the direction of change.

The next stage of the study compared the average (for 1,000 iterations) classifica-
tion accuracy obtained for models:

— constructed and tested before the pandemic outbreak (before—before),

— constructed and tested after the pandemic outbreak (after—after),

— constructed before the pandemic outbreak and tested on observations from
after the pandemic outbreak (before—after).
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Fig. 1. Mean Frequency of Selection of Financial Indicators Representing Different Areas
of Company Operations in Classification Models before and after the COVID-19 Pandemic
Outbreak

Source: own compilation based on data from the EMIS professional database.

Tables 7-9 show the average value of global accuracy indices, accuracy for
healthy companies, and accuracy for companies declared bankrupt.

Table 7. Average Global Classification Accuracy Obtained for Models Constructed and Tested
before and after the Pandemic Outbreak

Classification S\Z: a{;ﬁ?}; Before— | After—after | Before— H-statistics Sstlagtrllsfflg:rlli’
Method Method before (%) (%) after (%) Differences
Forest Gini 827 85.8 849 732.8 all of them
Bagging Gini 81.1 85.1 84.0 1,004.8 all of them
XGBoost Gini 82.3 849 83.2 505.1 all of them
LightGBM Gini 82.6 85.1 833 4877 all of them
KNN Entropy 77.6 81.0 79.8 638.1 all of them
SVM Entropy 79.3 81.3 81.2 302.3 1-2; 1-3
Network Entropy 79.6 83.5 82.0 852.8 all of them
Logistic Entropy 79.0 82.1 82.0 585.6 1-2; 1-3
KNN Whitney 78.0 81.3 80.1 616.7 all of them
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Table 7 cnt’d
Classification SVe 2121;?(1; Before— | After—after | Before— H-statistics SStlagtrllslgiZﬂi/
Method Method before (%) (%) after (%) Differences
SVM Whitney 79.6 819 81.4 381.7 all of them
Network Whitney 79.8 83.9 82.3 930.4 all of them
Logistic Whitney 79.4 82.7 823 655.3 all of them
KNN RelieF 723 72.6 74.8 143.2 all of them
SVM RelieF 77.1 77.6 79.6 242.8 all of them
Network RelieF 777 789 81.1 400.8 all of them
Logistic RelieF 759 76.4 79.9 4441 all of them
KNN Stepwise 759 78.8 78.6 383.7 1-2;1-3
SVM Stepwise 715 76.7 80.1 218.0 all of them
Network Stepwise 79.0 81.3 81.8 408.4 all of them
Logistic Stepwise 717 79.2 809 283.5 all of them

Notes: H-statistics — the value of the test statistic for the Kruskal-Wallis test.

Source: own compilation based on data from the EMIS professional database.

Table 8. Average Classification Accuracy for Healthy Companies Obtained for Models
Constructed and Tested before and after the Pandemic Outbreak

Classification SVe 21121;?(1; Before— | After—after | Before— H-statistics SStlagt;Sl;(;zﬂi/
Method Method before (%) (%) after (%) Differences
Forest Gini 82.3 85.0 84.5 279.1 all of them
Bagging Gini 80.8 837 834 276.6 1-2;1-3
XGBoost Gini 822 849 839 268.4 all of them
LightGBM Gini 82.4 85.0 84.2 259.5 all of them
KNN Entropy 71.5 824 80.7 6249 all of them
SVM Entropy 857 86.2 87.8 137.6 all of them
Network Entropy 79.0 84.1 82.0 448.5 all of them
Logistic Entropy 83.2 87.5 859 336.4 all of them
KNN Whitney 78.1 82.6 81.2 569.8 all of them
SVM Whitney 86.2 88.0 88.2 167.3 1-2;1-3
Network Whitney 79.2 84.7 82.5 546.6 all of them
Logistic Whitney 827 87.6 85.5 398.6 all of them
KNN RelieF 73.6 73.1 76.4 1477 1-3;2-3
SVM RelieF 814 76.4 84.0 525.8 all of them
Network RelieF 76.6 79.7 80.0 160.5 1-2; 1-3
Logistic RelieF 79.5 72.0 82.3 424.5 all of them
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Table 8 cnt’d
Classification SVe 2}:;?3; Before— | After—after | Before— H-statistics Sétlagt;sltfllzilg
Method Method before (%) (%) after (%) Differences
KNN Stepwise 759 80.2 794 4242 all of them
SVM Stepwise 80.3 72.1 83.1 293.1 all of them
Network Stepwise 78.3 81.1 81.7 183.3 all of them
Logistic Stepwise 789 77.8 82.0 93.6 1-3;2-3

Notes: H-statistics — the value of the test statistic for the Kruskal-Wallis test.

Source: own compilation based on data from the EMIS professional database.

Table 9. Average Classification Accuracy for Companies Declared Bankrupt Obtained
for Models Constructed and Tested before and after the Pandemic Outbreak

Clal\s/lsification S\; tﬁli)(]; Before— | After—after | Before— H-statistics Sstiagtlllsitflizzlg
ethod Method before (%) (%) after (%) Differences
Forest Gini 83.1 86.6 85.3 449.5 all of them
Bagging Gini 81.3 86.5 84.5 7384 all of them
XGBoost Gini 824 84.8 82.4 265.1 1-2;2-3

LightGBM Gini 82.7 85.1 82.4 300.2 1-2;2-3

KNN Entropy 777 79.6 789 105.1 all of them
SVM Entropy 729 76.3 74.6 228.6 all of them
Network Entropy 80.2 83.0 81.9 1459 all of them
Logistic Entropy 74.8 76.7 78.1 160.0 all of them
KNN Whitney 78.0 80.0 79.0 103.5 all of them
SVM Whitney 73.0 759 74.6 179.6 all of them
Network Whitney 80.5 83.2 82.1 140.2 all of them
Logistic Whitney 76.1 77.8 79.1 196.1 all of them
KNN RelieF 709 72.0 73.3 71.5 all of them
SVM RelieF 72.8 78.8 75.2 4679 all of them
Network RelieF 78.8 78.2 82.3 163.7 1-3; 2-3

Logistic RelieF 724 80.9 71.5 579.0 all of them
KNN Stepwise 759 77.3 779 713 1-2; 1-3

SVM Stepwise 747 81.3 710 4159 all of them
Network Stepwise 79.8 81.5 81.8 62.7 1-2;1-3

Logistic Stepwise 76.5 80.5 797 221.2 all of them

Notes: H-statistics — the value of the test statistic for the Kruskal-Wallis test.

Source: own compilation based on data from the EMIS professional database.
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As can be seen in Table 7, for each (except SVM + stepwise) method used,
the average global classification accuracy is higher for models constructed and
tested after the pandemic outbreak than for models constructed and tested before
the COVID-19 pandemic. These differences are always statistically significant.
The maximum is as high as 4.1 p.p. Similarly, for models constructed before the
pandemic outbreak and tested afterwards, the classification accuracy is always
higher than when they were tested before the analysed event.

Analysing separately the accuracy of the classification of efficient enterprises
(Table 8) and those declared bankrupt (Table 9), it should be noted that the situa-
tion is similar. This time, however, it is clear that the values in question are more
differentiated. In the case of enterprises against which bankruptcy was declared,
the average difference between the classification accuracy of models built and
constructed after the outbreak of the pandemic and those for which construction
and testing takes place before this event is 3.1 p.p. In the case of smoothly operating
companies, the difference in question is lower and amounts to only 1.5 p.p. On this
basis, it can be concluded that the different performance of forecasting models built
before and after the outbreak of the pandemic is much more due to the difference in
the accuracy of forecasting bankrupt companies.

The analysis of Tables 7-9 also allows us to draw interesting conclusions about
the comparison of the classification quality of the used research methods. In the
case of the level of average global relevance and the relevance of enterprises against
which bankruptcy was declared, the ensemble methods: random forest, XGBoost,
LightGBM, and the bagging algorithm consistently occupy the top four places.
In the case of the classification of fit enterprises, support vector machines and
logistic regression dominate.

4. Discussion

Two main conclusions can be drawn from the study. The first concerns the deter-
minants of corporate bankruptcy in Poland. After the outbreak of the pandemic,
profitability indicators lose importance, while financial indicators describing the
area of operational efficiency and financial structure of companies gain. The results
are similar to those obtained by Papik and Papikova (2023), who also indicated that
the economic crisis causes a decline in the importance of profitability indicators and
a much greater importance of leverage ratios. The second conclusion concerns the
predictive ability of the models. For the most part, models constructed and tested
before the pandemic outbreak have worse classification accuracy than those built
on the same sample but tested after the pandemic outbreak and those constructed
and tested after the pandemic outbreak. The results are analogous to those obtained
by Almamy, Aston and Ngwa (2016) and Liu et al. (2022). They found that the
accuracy of forecasting models is higher after an economic crisis outbreak as well.
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The results of the study differ significantly from those obtained by Nam and Jinn
(2000) and Papik and Papikové (2023), who indicated that the economic crisis has
no effect or a positive effect on the quality of the forecasts made.

Bankruptcy forecasting models are crucial from the perspective of many stake-
holders. Correct and early enough detection of companies’ financial problems is
crucial from the point of view of investors and creditors, who can thus reduce their
losses (Srebro et al., 2021). As mentioned earlier, among the most frequently cited
causes of corporate bankruptcy in Poland in recent years is poor management.
An effective forecasting model can be a very helpful tool for enterprise managers.
Managers who are alerted to impending problems could intervene well in advance
and implement appropriate corrective measures in the enterprise. The results
obtained in the study indicate that an effective forecasting model requires that the
existence of an economic crisis be taken into account in its construction. As a result,
the re-estimated model will be constructed on the basis of a different set of financial
indicators and will achieve higher classification accuracy.

The first limitation of the study conducted was the period from which the finan-
cial statements of the surveyed companies originated. The horizon of the study
was divided into two periods: before the outbreak of the pandemic and the related
economic crisis, as well as after the outbreak. It was valuable to investigate what
would happen to the models for forecasting corporate bankruptcy after the crisis
resulting from the pandemic, how long the observed regularities would be present
in the models for forecasting corporate bankruptcy. This is impossible due to the
macroeconomic environment of Polish companies, resulting, among other things,
from Russia’s triggering of a full-scale war in Ukraine. Its effect was, among other
consequences, a very high level of inflation and interest rates, which affected all
companies severely.

The second limitation of the survey is the drawn research sample. The compa-
nies surveyed operated in various, often very different, industries of the economy.
It would be worthwhile again, with a more extensive research sample, to conduct
a similar survey separately, for individual industries of the economy. Taking into
account industry specifics would make the observed relationships very inter-
esting and valuable from the point of view of the survey recipients. The survey, as
mentioned in the description of the research sample, focused on small businesses.
It would be interesting to perform the analysis exclusively for large companies oper-
ating in the market. It seems that larger companies, by their established position in
the market, are less exposed to macroeconomic changes. Thus, it would seem inter-
esting to ask whether, in fact, for such entities, the observed correlations regarding
bankruptcy forecasting would be repeated.
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5. Conclusions

An empirical study was conducted based on a sample of 1,000 enterprises against
which bankruptcy was declared in 20162023 and 120,000 efficient enterprises.
The primary objective of the study was to analyse the impact of the economic crisis
caused by the COVID-19 pandemic on the forecasting of corporate bankruptcy in
Poland. To achieve it, five variable selection methods, eight classification methods
and 1,000 random learning and testing samples were used.

The results of the study allow us to conclude that the determinants of corpo-
rate bankruptcy are different in the two studied periods. Taking into account the
obtained results, it can be concluded that the accuracy of models for forecasting
corporate bankruptcy differs depending on whether they were constructed and
tested before or after the outbreak of the pandemic. The greater predictive ability
of the models after the pandemic outbreak may be due to the fact that during this
period, the difference between the financial condition of companies declared bank-
rupt and those operating efficiently in the market was greater than it was before the
pandemic. Based on the results, it can also be concluded that ensemble methods
have higher global accuracy and classification accuracy for bankrupt companies
than individual methods. This is observed for both models constructed on data
before and after the pandemic outbreak.
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