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Abstract: The main research question addressed in the paper is related to the possibility of medium-
term forecasting of the public debts of the EU member states. The analysis focuses on a broad range
of indicators (macroeconomic, fiscal, monetary, global, and convergence) that influence the public
debt levels of the EU member states. A machine learning prediction model using random forest
regression was approbated with the empirical data. The algorithm was applied in two iterations—a
primary iteration with 33 indicators and a secondary iteration with the 8 most significant indicators in
terms of their influence and forecasting importance regarding the development of public debt across
the EU. The research identifies a change in the medium term (2023–2024) in the group of the four
most indebted EU member states, viz., that Spain will be replaced by France, which is an even more
systemic economy, and will thus increase the group’s share of the EU’s GDP. The results indicate
a logical scenario of rising interest rates with adverse effects for the fiscal imbalances, which will
require serious reforms in the public sector of the most indebted EU member states.

Keywords: debt-to-GDP ratio; machine learning; random forest regression; mid-term projection; EU
member states’ indebtedness

1. Introduction

The significant changes in economic processes in recent years, caused mainly by the
COVID-19 crisis, have led to record declines in production, an increase in government
spending, and the search for options to recover and compensate budget expenditure indica-
tors on a global and European scale. The spending of significant public resources to support
and compensate households and small and medium-sized businesses (Bezgin et al. 2022)
and to stabilize the financial markets has caused significant changes in government spend-
ing patterns in many countries around the world. Because of these facts, which increase
budget deficits, many governments have implemented measures to regulate the public
financial sector. The significant decline in economic activity has its negative effects in terms
of decreasing the national budget revenues and increasing government spending, which
analytically reached record levels. A number of analysts predicted a rapid recovery of
budget indicators ensuing the global pandemic. Globally, there was a relatively minor
recovery. In Europe, however, this did not happen in the literal sense of the processes due
to the military crisis in Ukraine, the subsequent European energy crisis, the shocks in macro
and microeconomic indicators, and the fiscal parameters (Prodanov and Naydenov 2020).
All this leads to significant fiscal anxiety caused by risks that can snowball and the search
for a compromise between stabilization and sustainability in the process related to the mon-
itoring and management of government obligations. In order to prevent fiscal problems
related to public deficit, in 1992, the EU established a set of criteria (Insee 2021) regarding
key economic indicators (such as the rule that government debt must not exceed 60% of
GDP), known as the Maastricht criteria.
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The main research problem addressed in the present paper is related to the possibility
for medium-term forecasting of government debt levels across the EU, based on the precise
machine learning algorithm. The key objective of the article is to identify the change in
the medium term (2023–2024) in the groups of EU member states in terms of government
indebtedness and to identify the potential countries with risk sustainability and risk non-
sustainability. The main contribution of the development is related to the application of
an advanced model of the type of machine learning of data—through which the potential
countries with risk neutral debt sustainability (Denmark, Romania, Estonia, Sweden,
and Luxembourg) and the problem countries (France, Portugal, Italy, and Greece) in the
European Union in a medium-term aspect until 2024. This could be a starting point for
the undertaking of new policies by the specific countries to ease fiscal measures or their
updating and strengthening, respectively.

The analysis differs from similar analyses performed in the past because it uses a
wide-ranging panel of data for all of the EU member states. The research method is based
on a machine learning algorithm (Geldiev et al. 2018) for analysing and forecasting the
public debt levels across the EU known as random forest regression. The results from
the approbation of the model with significant macroeconomic indicators contribute to the
scientific knowledge in this field.

2. A Review of the Literature Related to the Topic of Government Indebtedness

Government indebtedness and its long-term effects on the economy are the subject
of growing international research interest. This point covers a retrospective review of
the literature on the current research on the topic of EU sovereign debt. They are in-
vestigated by means of a multiple factor analysis of sovereign debt and EU rules and
policies. In this regard, current studies of the sovereign debt problem include the analysis
of Maltritz and Wüste (2014), who analysed the joint influence of fiscal rules with fiscal
councils and stock-flow adjustments. The results of their analysis show that there is a
significant influence of fiscal rules in conditions of financial difficulties. Mackiewicz-Łyziak
and Łyziak (2019) developed a new fiscal sustainability test to find that the response of
interest rate to debt may change the assessment of fiscal sustainability. The results of the
study prove that there is a high degree of risk in a number of EU economies, which is also
confirmed by other studies (Zahariev et al. 2021). Later on, the study of Albonico and
Tirelli (2020) examined the shocks that caused the 2008–2009 recession and the ensuing 2010
sovereign debt crisis due to excessive demand in the Eurozone (CORE) countries and a
slowdown in output growth in the peripheral (PIIGS) countries. The applied DSGE model
shows that the macroeconomic policy in the PIIGS countries should support lending and
improve the conditions for debt financing. Moreover, Sakuragawaa and Sakuragawa (2020)
investigated Japan’s fiscal sustainability by simulating Japan’s fiscal reaction function by
estimating the response of the primary surpluses to the past debt 23 countries of the Or-
ganization for Economic Co-operation and Development. They focused on the public
debt-to-GDP ratio, which establishes the possibility for achieving fiscal sustainability. The
study of Zahariev et al. (2020) examined in depth the intensity of the external and internal
factors that affect the public debt-to-GDP of Italy and Greece by constructing support
vector machines and, more specifically, support vector regression (Zahariev et al. 2022). The
paper of Posta (2021) proposed a primary surplus target zone model to interpret the public
debt crisis in the Eurozone and to explore the role of the primary surplus in preventing
speculative attacks against public debt. Caner et al. (2021) used a non-linear analysis
to investigate the effects of public and private debt on economic growth. One of their
main conclusions is that the true effect of individual debt is largely underestimated if
the interactive effect is omitted. In addition to debt concepts and European regulations,
Hauptmeier and Kamps (2022) re-examined the concept of the Stability and Growth Pact’s
debt rule in the context of fiscal policies. As a result of the study, the authors emphasized
the possibility of adjusting the parameters of the debt rule to an extent that would reduce
negative debt consequences considering the requirement for adjustment in countries with
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high debt levels and especially in countries with low economic growth and high inflation
levels. In his study, Ostrihon (2020) explored macroeconomic imbalances in terms of the
European Commission’s decisions to carry out in-depth reviews of countries that show
signs of macroeconomic imbalances. The research shows that the available indicators in
the procedure are adequately defined (including the normative value of the government
debt in the EU countries) and the potential factors that may be the basis of the decision to
issue warrants for in-depth macroeconomic review of certain countries. For the purposes
of achieving stability, risk tolerance, adequate economic environment, the efficiency, and
the effectiveness of the budget parameters of such countries should be considered. The
research focus of the review of the available literature on the subject shows significant
research interest and relevance for the debt issue. Although this brief review covers only
some of the available research publications on the topic, it presents an adequate overview
of recent research related to sovereign debt. For the purposes of the logical separation of
the literature review and their structuring, in the text in Section 3.1, a detailed literature
review related to the choice of variables is provided, and in Section 3.2, the applications of
the used model are identified for the purposes of its relevant application in relation to the
study of state indebtedness.

3. Description of Data and Research Methodology
3.1. Description of Data

Of critical importance for the reliability of the model is identifying an optimal set
of predictors. The starting point for the initial selection of variables are the unanimously
acknowledged theoretical relationships between the debt-to-GDP ratio and the influence
of the following groups of factors. These relationships can be generally illustrated by
specifying the ratio into the form bt−1

1+i
1+gt

− st (Heppke-Falk and Hüfner 2004), where bt

is debt-to-GDP at time t, i is the weighted average interest expenditure on public debt,
gt is GDP growth, and st represents the primary budget balance as a percentage of GDP.
Hence, fundamental to the indicator are the historically pursued policy intervention (mostly
neutral or expansionary) of the country under consideration in its economy (bt−1) and the
current fiscal planning (st). In turn, bt−1 and st are subject to business cycles, the structure
of the economy, and its sensitivity to changes in global growth. If the effects of fiscal policy
are isolated (st = 0), then changes in debt-to-GDP are limited to the ratio of the cost of debt
to growth ((1 + i)/(1 + gt). Hence, the analysis should take into account money and debt
market conditions, country-specific risk premia (Alexopoulou et al. 2010), and changes
in investors’ risk preferences in general. It is important to note that the modelling of bt is
complicated by the fact that the relations are, in most cases, two-sided, e.g., dynamics in
bt also affect economic development (Globan and Matošec 2016), and central bank policy
is sometimes contrary to the impact of fundamentals (e.g., a reduction in the cost of debt
when fiscal discipline is structurally deteriorating). In order to capture the impact of
the mentioned general relationships, we tested the impact of the following five groups
of factors:

• Macroeconomic: We used two measures of nominal GDP per capita (in national
currencies and in EUR) to assess the effect of changes in economic activity. The
structure of the economy (Roleders et al. 2022) and its susceptibility to external shocks
(Laktionova et al. 2019) is measured by means of the trade openness indicator. In
macroeconomic terms, the ability to repay existing government debt and the need for
new debt largely depends on the current account balance-to-GDP ratio and the gross
external debt-to-GDP ratio, respectively.

• Fiscal: In this group of factors, of primary importance is the fiscal balance-to-GDP ratio
indicator, as the budget balance is the main driver of debt changes (Em et al. 2022). The
importance in the burden of interest payments in relation to the size of the economy
and the potential capacity of the country to service its obligations are tested using
the interest payments on the public debt-to-GDP ratio indicator. On the other hand,
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we can measure the actual current debt burden for the budget using the Net interest-
payments-to-government-revenue ratio.

• Money and Bond Market rates: In order to measure the effect of changes in the
monetary policy of central banks and interbank liquidity (Prodanov et al. 2022a), we
tested (as a proxy) the short-term interest rates (Euribor, domestic money market
rates on different time bases—day−day, monthly, etc.). Another important factor is
the market’s assessment of the risk exposure of individual countries’ debt securities.
The 10-year maturity for each country compared with 10-year benchmark indicators
is revealed by the spread of the long-term interest rate for convergence purposes.
Another aspect that affects monetary policy is the rate of inflation, measured by the
inflation rates (HICP) indicator.

• Global: Global factors capture changes in investors’ risk aversion and investment
expectations. For this purpose, we used Euro area stock market volatility (monthly
average of EURO STOXX 50® volatility).

• Convergence: The degree of real convergence of the countries in the direction of
raising the standard of living is considered an indicator (proxy) related to country-
specific risks, credit ratings, and the country’s membership in a club of countries
with similar parameters. For this purpose, we included the indicators of income per
capita (in natural logarithm form), median values of nominal GDP per capita, and
current-account-balance-to-GDP ratio for each country.

The panel data cover the period from January 2000 to December 2021 for all 27 EU
member states. Monthly values were used and indicators that are published with lower
frequency (quarterly and yearly) were linearly interpolated to monthly values. Data were
taken from Eurostat and ECB statistics. As a result of a partial lack of input data with a
uniform presentation, Bulgaria was not included in the forecast part of the first iteration
of the model. The input data of the present study (before the linear interpolation when
needed) were based on the following indicators: EZS_1_1, average of the country’s 10-year
government bonds; GerS_1_2, relative to the yield of Germany’s 10-year bonds (hence this
value for Germany it is 0); EZstS_1_3, relative to short-term government securities of the
Euro area, 3-month rates for Euro area countries, and monthly data; DGDP_2, debt-to-GDP;
IPGDP_3, interest payments on the public debt-to-GDP ratio; FBGDP_4, fiscal-balance-to-
GDP ratio; CAGDP_5, current-account-balance-to-GDP ratio, the current account balance
for the quarter compared with GDP for the corresponding quarter; GEDGDP_6, gross-
external-debt-to-GDP ratio; IR_7, inflation rates; IPC_8, Ln (income per capita); ER_9,
exchange rates: TO_10, trade openness; STS_11, short-term spreads; EAMV_12, Euro
area stock market volatility; StrdEA_13_1, money market interest rates; Str3mEA_13_2,
money market interest rates, the monthly data day-to-day rate; STRDbC_13_3, the variable
3-month rates available for all countries, monthly data; STR3mbC_13_4 NEER_14, 3-month
rates for each individual country, and for those that joined the Eurozone, the indicator is
Euro area compared with the nominal effective exchange rate (NEER) of 42 trading partners
(industrial countries); GDPcapEUR_15_1, GDP_per CAP in Euro; 15_1; GDPcapNC_15_2,
GDP_per CAP in national currency 15_2; and NIPtGR_16, net interest expense as a per-
centage of budget revenue. In order to minimize the errors in the forecast values, the
forecasting model should be based on well-chosen indicators and their historical values.
The predictors that are used for model approbation are from groups of indicators that,
theoretically, influence the level of indebtedness. The survey was conducted within the
period of public disclosure of interim statistical data. As of the end of 2022, official statistics
for most of the indicators were still not available, which is why there was no forecast for
the period.

3.2. Description of Research Methodology

The random forest regression method is one of the most popular machine learning
data models applied to data classification and regression analysis, and for predicting the
future development of statistical series. Random forest regression is a supervised machine
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learning algorithm that combines multiple machine learning algorithms to produce more
accurate models. Practically, random forest regression works by actually constructing a
series of “trees” and averaging them. The methodology has its significant advantages over
other algorithms. These include the following (Ao et al. 2019): greater flexibility in data
learning, minimization of data errors, robustness of the algorithm, ability to efficiently
process data with large numbers of predictors, eliminate deviations located below the
average value of the predictions made, and feasibility in different aspects. At the same
time, the model is not perfect, and its shortcomings are related to the fact that the process of
developing “data forests” is slower than other algorithms; the initial data are presented in a
large volume, which can make their final presentation difficult. The algorithm development
process generally consists of creating a modelling sample, splitting the data into a modelling
and validation sample, applying the algorithm to the sample, and final application of the
model. Changes in the training samples lead to a significant change in the tree structure, as
seen in the final results, which will be actually presented in this paper. The inputs that can
be used to evaluate the model are the regression coefficients measuring the influence of
the specified predictors, in combination with measures of the statistical significance and
level of statistical error, such as mean absolute error (MAE), mean squared error (MSE),
root mean squared error (RMSE), explained variance score, max error, median absolute
error, and R2. Generally, MAE measures the sum of the absolute differences between
the actual and predicted results, MSE measures the average of the squares of the errors,
RMSE is the root-mean-square deviation of MSE, and explained variance score explains the
dispersion of prediction errors and actual values (the higher the value of the indicator, the
more adequate the model and the analysis performed) (Kharwal 2022). In addition to the
explained variance score (EVS), for evaluating the state of the analytical value model, we
also used the indicator for statistical expression of the relationship between the dependent
and independent variables. In terms of value, the indicator used the principle of EVS.

The process of constructing of the approbated random forest regression is illustrated
in Figure 1. The approbation of the random forest regression model demonstrated a
high degree of accuracy and a low variance (Dudek 2022). With its high efficiency and
flexibility of application, random forest regression is among the preferred machine learning
algorithms. In a practical aspect, the application of the methodology could be useful in a
number of fields. In particular, random forest regression has proven its effectiveness in
various research areas, such as reward forecasting (Eichinger and Mayer 2022), evaluating
the effects of macroprudential policy on real estate in Bulgaria (Prodanov et al. 2022b),
estimating the fluid flow in curved pipes (Ganesh et al. 2021), water resources research
(Tyralis et al. 2019), groundwater nitrate concentration modelling (Ouedraogo et al. 2019),
and alternative forecasting in institutional research (He et al. 2018).

In this study, random forest regression is used to determine the factor impact on the
indebtedness indicator, namely public debt-to-GDP in the EU member states, which will
give us a clear idea of the financial measures and policies effected by the member states. In
addition, country indicator forecasting is carried out in an attempt to identify countries
with potentially growing public debt-to-GDP, which could have a negative impact on
overall indebtedness in the established member state groups.
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Figure 1. Structuring the Random Forest Regression. Source: upgraded author’s model based on
initial findings of (TIBCO 2023).

4. Empirical Results from Model Approbation

Being one of the essential and highly applicable additive machine learning models,
random forest regression was used to determine the factor influence on sovereign indebt-
edness in terms of public debt-to-GDP ratio. The panel data were adapted for the purpose
of the study and subjected to cross-validation of the data. For the purpose of parameter
optimization, an additional test was performed on the validated sample. The process
included two iterations with Version 1.0 of the model to assess the combined relationship
of 33 indicators and with Version 2.0 to carry out a comparative test to determine the
factor influence of the first eight significant indicators dominating the first iteration. The
parameters of the two models can be defined as follows:

“#Final fit of random forest based on optimized params and cross validation on
entire sample with 33 factors (ver. 1.0)

model = RandomForestRegressor (n_estimators = 782, min_samples_split = 2,
min_samples_leaf = 1, max_features = ‘sqrt’, max_depth = 20, bootstrap = False,

random_state = 1)”
“#Final fit of random forest based on optimized params and cross validation on
entire sample with most significant eight factors (ver. 2.0)

model = RandomForestRegressor (n_estimators = 68, min_samples_split = 5,
min_samples_leaf = 2, max_features = ‘auto’, max_depth = 10, bootstrap = True,

random_state = 1)”
The model algorithms for optimization and cross validation performed in two itera-

tions were used to trace the factor influence of the parameters in relation to the dependent
variable (public debt-to-GDP) in the EU countries over the period January 2000 to Decem-
ber 2021, as shown in Figures 2 and 3 below. In the first iteration, we used a wide range
of independent variables with a direct or indirect influence on the dependent variable,
while in the second iteration, we used only the eight most significant factors from the
first iteration. The starting point for the initial selection of variables is the unanimously
acknowledged theoretical relationships between the debt-to-GDP ratio and the influence
of the analysed groups of factors. The indicators are ranked in descending order of their
influence weight in Figure 2.
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Figure 2. Random Forest Regression ver. 2.0—Parametric assessment of the factor influence of all
indicators on the government debt-to-GDP ratio. Source: Authors’ calculations.

The indicators ranked in terms of their importance for changes in the public debt of EU
member states are as follows: interest payments to public debt-to-GDP ratio (int_paym_to_
publdebt) of 16.89%; net interest expense as a percentage of budget revenue (net_ir_exp_to_
revenue) of 13.36%; the median value of the current account balance to GDP ratio (curr_acc_
to_gdp(median)) of 11.76%; the median value of the Gross Domestic Product per capita
(GDPcap(median)) of 7.96%; the income per capita (income_per_cpta_ln) of 6.3%, and trade
openness (trade_openness) of 6.12%. The remaining factors are important as well, but
have a significantly smaller degree of overall influence (less than 4%) on the dependent
variable. The results show that according to the model, the most significant influence on
the changes in the public debt-to-GDP are the focal and cointegration factors. Clearly, the
dynamics of government interest expenditure emerge as a stronger predictor, relative to
the raw monetary and market indicators.

To verify the model and its feasibility with different combinations of factors, a second
iteration was performed using the eight most significant indicators (as the factor influence
of the gross domestic product per capita in the national currency and in the Euro were
identical, the ratio of the fiscal-balance-to-GDP was selected as the eighth factor). Because of
the almost equal weight of GDPcapNC and GDPcapEUR (the difference being 0.0005 in the
first iteration), in the second iteration of the test, we added the next most significant factor
in terms of weight fisc_bal_to_gdp (0.0413). The results from the iteration with Version
2.0 of the model regarding the degree of factor influence are shown in Figure 3. Based on
the second test of the described algorithm, a logical shift was observed in the degree of
influence of the studied factors, while preserving the analytical value of the model.
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Figure 3. Random Forest Regression ver. 2.0—Parametric assessment of the factor influence of
selected indicators on the government debt-to-GDP ratio. Source: authors’ calculations.

The analysis of the available databases revealed a significant overall change in the
status of the debt-to-GDP indicator. The largest negative changes (i.e., increases in the
debt-to-GDP indicator) in retrospection were observed in Bulgaria, Estonia, Slovenia, and
Romania. More significant decreases were observed in Ireland, the Netherlands, Denmark,
Germany, and Malta. In this regard, the model foresees significant changes in the value of
this indicator in the following EU member states: excessive increases in Bulgaria, Ireland,
Malta, and Slovakia, and decreases in Spain, Belgium, Finland, Germany, Greece, and Italy.

According to the official statistics (up to 2021), iteration 2.0 of the model showed that
the rate of changes in the newly created group of countries with a significant negative trend
(i.e., Greece, Italy, Portugal, and France) varied between 13% and 16% on average for the pe-
riod of 2023–2024. This is mainly due to the stabilization of the socio-economic situation of
the countries after the significant impact of the COVID-19 pandemic (Zaharieva et al. 2022).
However, the values of the debt-to-GDP indicator remained significantly above the as-
sumed benchmark values for the EU. Should FPIG countries achieve a balance in the
influencing debt factors and adopt harmonized fiscal policies, their high debt levels would
not have a significant effect on the systematic risk of the EU as a whole.

According to the latest available Eurostat report (Euroindicators) of 23 January 2023
(Eurostat 2023) and the disclosed data regarding the government debt-to-GDP ratios, the
top-ranking country (Estonia) is expected to lower its rank to the third position after
Luxembourg and Sweden. Significant changes were found for the ranking of Bulgaria
(from the second position in 2022 to eleventh position in the ranking of all EU member
states) and Luxembourg, which assumed the leadership. According to the model, the
changes at the bottom of the ranking (in the group of the most indebted countries of Greece,
Italy, Portugal, and Spain) were also significant and imply that this group would comprise
Greece, Italy, Portugal, and France.

Table 1 shows the statistics of the tested random forest regression models. They clearly
show the statistical significance of both iterations (Versions 1.0 and Version 2.0) of the
model. A high degree of correspondence was observed in the model performed based on
the explained variance score—0.997546 (Ver. 1.0) and 0.992231 (Ver. 2.0). The significant
values of the mean absolute error (MAE), mean squared error (MSE), root mean squared
error (RMSE), and max error were explained by the variety of parameters used, which,
for the purposes of the study, did not have a significant relationship. The mean explained
variance calculated following the final parameter optimization based on cross-validation of
the full model at “Mean expl_variance: %.3f (%.3f) (scores.mean(), scores.std())” shows that
the model conforms to a degree approaching 100% for the purposes of achieving a solution
to the originally stated research problem.

Considering the statistics of the two models presented above and the high degree of
statistical significance obtained on the basis of algorithm and data optimization, a forecast
of the debt-to-GDP indicator of the EU countries was made for the next two calendar years,
which could be considered a period of economic and social recovery. Within this period,
each country needs to implement accurate and analytically substantiated measures aimed
to stabilize its fiscal indicators and its socio-economic position. Maintaining the level of
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the indicator within the required normative values is essential, both for the stability of the
country itself and for the sustainability of the European Union in general. This is why, in
order to determine which member states are likely to underperform in the coming years,
a forecast of the public debt-to-GDP indicator for each individual EU member state was
made (Appendix A). This gave us a clear idea of the expected trends for the sovereign debt
and the member states that should take additional measures to limit the risk related to
their government debt burden. In this regard, Figure 4 presents the average values of the
forecasted public debt-to-GDP ratios for the period of 2023–2024, ver. 1.0 (33 indicators).

Table 1. Model statistics. Source: authors’ calculations.

Statistics Values

Ver. 1.0 (33 Indicators) Ver. 2.0 (8 Indicators)

Mean Absolute Error (MAE): 0.973715 1.820823

Mean Squared Error (MSE): 3.138634 10.294671

Root Mean Squared Error (RMSE): 1.771619 3.208531

Explained Variance Score: 0.997546 0.992231

Max Error: 28.10818 27.173953

Median Absolute Error: 0.563978 1.026739

R2: 0.997545 ** 0.992228 *

Mean explained variance: 0.998 (0.000) ** 0.993 (0.000) *
Note: 10%, and 5%, significance levels are represented by the symbols *, **, respectively.

It is essential to note that due to the lack of data for some of the indicators for Bulgaria
(they are not subject to national and international monitoring), the model could not be
applied to our country. Despite the implemented optimizations in the algorithm, due to the
risk of inaccuracy in the results obtained in version 1.0, the south-eastern border country of
the EU was not included in the model, but was taken into account in the alternative version
2.0. The visualisation of the value of the convergence indicator for the next 24 months clearly
distinguished two strategically important clusters—risk-independent (high-performing
countries, marked with green circle in Figure 4), including Luxembourg, Denmark, Sweden,
Romania, and the Czech Republic, and risky countries (which in their estimated values
significantly exceed the maximum coefficient of 6o% and are positioned above the derived
linear trend, marked with red circle in Figure 4), including Greece, Italy, Portugal, and Spain.
The output of the estimated value was similar in version 2.0 (using the most significant
8 indicators from version 1.0), as shown in Figure 5. The results from this iteration show
that the risk-independent group comprised Luxembourg, Sweden, Estonia, Denmark,
and Romania (marked with green circle in Figure 5), while the group of countries at risk
comprised Greece, Italy, Portugal, and France (marked with red circle in Figure 5). These
results corresponded closely to a large body of previous research. They were of high
significance in the context of the research of Baum et al. (2013), who investigated the impact
of government debt on the per-capita growth rate of GDP. Their results suggest a non-linear
effect with a turning point of 90–100%, beyond which the debt-to-GDP ratio had a negative
impact on long-term growth.

Even more importantly, the study also reports that some of these effects started earlier
at ratios of around 70 to 80%. As can be observed in Figure 5, the group of countries revealed
as risky all corresponded to these two cases. This is especially worrying for France, as one
of the EU and Euro area core countries, because the lower economic performance of France
could hinder the entire EU GDP growth. There was another point of view to this problem
in light of the abovementioned study of Globan and Matošec (2016). They concluded that in
the quest for fiscal and financial stability it is more efficient to rely on greater GDP growth
than less debt growth, i.e., it is more fruitful to “increase the denominator” rather than to
“cut the numerator” of the debt-to-GDP ratio. From this point of view, evidently, when
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debt increases past a certain point, it is not only worsening the current and near future
financial position of the country, but it is undermining in the long term the most efficient
remedy against itself, which is GDP growth. This may put countries into a vicious circle,
where more debt leads to less growth, which in turn leads to even more debt and can
also create contagion effects (Kraft and Steffensen 2007) to other countries. In addition,
according to a study by De Bruyckere et al. (2013), the debt-to-GDP ratio was one of the
key country-specific drivers of the infamous bank-sovereign risk spillovers during the
European debt crisis. Huyugüzel Kışla et al. (2022) also studied the spillovers during the
European sovereign debt crisis and showed that a 1% increase in the debt-to-GDP ratio led
to a 7 basis points increase in the CDS spread of one country and 2 basis points in the other
countries with which the initial country is in close international trade relationships.
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5. Conclusions

Public debt financing is a policy tool that solves current fiscal imbalances but creates
medium-term (and often long-term) macroeconomic problems. The functioning of public
systems in a pandemic environment undoubtedly necessitated measures that temporarily
derogated the fiscal rules in the EU. In conditions of post-epidemic economic recovery, it
has logically become relevant to derive forecasts for the medium-term indebtedness of
the EU countries in conditions of several crises occurring simultaneously—shortage of
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energy resources, rising inflation levels, and the war in Ukraine. As a result of the analysis,
in the medium term (2023–2024), a change in the composition of the four most indebted
countries in the EU was identified, which transformed those in the worst four group. At
the other end of the spectrum is the DRESL group of risk-independent countries, which
includes Luxembourg, Sweden, Estonia, Denmark, and Romania. Which represents a
new introduction to the EU debt topic with a positive character. It counterbalances the
risky group of countries comprising Greece, Italy, Portugal, and France. The change in
the composition of the group of countries with the worst indebtedness indicators led to
negative effects, both for these countries and for the EU itself. The increase in the share
of countries with the worst indebtedness indicators, according to the model’s forecast,
is a factor that will increase systematic risk in the EU. The fact is that the derogation of
fiscal restrictions as a measure to combat the consequences of the pandemic led to the
accumulation of new debt. The fight against inflation objectively gives rise to increased
interest rates, which are directly borne by all economic operators.

Deteriorated debt reputation at the level of systemic economies has turned from a
studied problem into a typical feature of the EU. The medium-term forecast derived using
the applied methodology shows changes in the indebtedness ranking for more than half of
the member countries. At the same time, the discussion continues on the issue of whether
and to what extent the Maastricht fiscal criteria are objective criteria for fiscal discipline.
The political cycle in individual member states obviously provokes the process of the
accumulation of public debts. Servicing these debts will create a dire need for reform and
require governments to make unpopular austerity decisions. The outlined trend by the
learning machines algorithm and specifically random forest regression show their wide
field of application in deriving precise macroeconomic forecasts.
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