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ABSTRACT

This study aims to analyze comprehensively the impact of different economic and demographic factors, which
affect economic development, on environmental performance. In this context, the study considers the Envi-
ronmental Performance Index as the response variable, uses GDP per capita, tariff rate, tax burden, government
expenditure, inflation, unemployment, population, income tax rate, public debt, FDI inflow, and corporate tax
rate as the explanatory variables, examines 181 countries, performs a novel Super Learner (SL) algorithm, which
includes a total of six machine learning (ML) algorithms, and uses data for the years 2018, 2020, and 2022. The
results demonstrate that (i) the SL algorithm has a superior capacity with regard to other ML algorithms; (ii)
gross domestic product per capita is the most crucial factor in the environmental performance followed by tariff
rates, tax burden, government expenditure, and inflation, in order; (iii) among all, the corporate tax rate has the
lowest importance on the environmental performance followed by also foreign direct investment, public debt,
income tax rate, population, and unemployment; (iv) there are some critical thresholds, which imply that the
impact of the factors on the environmental performance change according to these barriers. Overall, the study
reveals the nonlinear impact of the variables on environmental performance as well as their relative importance
and critical threshold. Thus, the study provides policymakers valuable insights in re-formulating their envi-
ronmental policies to increase environmental performance. Accordingly, various policy options are discussed.

1. Introduction

a country is a crucial indicator of its responsibility toward mitigating
climate change, conserving natural resources, and safeguarding biodi-

In an era dominated by the urgent need to address environmental
challenges, evaluating a country’s environmental performance has
become a critical indicator of its dedication to sustainable practices. The
complex dynamics of climate change, resource exhaustion, and biodi-
versity loss have underscored the necessity of understanding the diverse
factors shaping a country’s ecological stance. Thus, understanding and
actively managing the factors influencing a country’s environmental
performance has become an important point for countries and policy-
makers (Kilic Depren et al., 2022; Kartal et al., 2023a).

The significance of a country’s environmental performance extends
beyond being only a measurement; it stands for a statement of a coun-
try’s commitment to sustainable development and the preservation of
the global ecosystem. In other words, the environmental performance of

versity (Hassan et al., 2023). A robust environmental performance re-
flects a country’s dedication to reducing its ecological footprint and
fostering practices that promote long-term ecological resilience.
Although a positive environmental performance is indicative of a
country’s commitment to international agreements and frameworks
aimed at addressing global environmental issues, the geographic con-
ditions may shape a country’s environmental baseline. Thus,
geographical factors (climate, topography, natural resources, etc.) have
been extensively important for a country. More specifically, it is
revealed that ecosystem productivity and biodiversity are linked to
geographic conditions, and they influence a country’s environmental
resilience and sustainability (Sala et al., 2000). However, it’s important
to note that environmental performance goes beyond geographic
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determinants.

According to the study of Pata et al. (2023a), it is emphasized the role
of governance, policy effectiveness, and international cooperation in
driving positive environmental outcomes. Countries with strong insti-
tutional frameworks and proactive policies tend to outperform others in
environmental sustainability, irrespective of their natural endowment.
Furthermore, empirical studies have demonstrated the impact of inter-
national agreements on environmental behavior. It is also emphasized
that countries participating in global environmental agreements exhibit
greater compliance and environmental performance, reflecting their
commitment to international cooperation (Rehman et al., 2023). Thus, it
can be said that countries that actively work towards achieving and
surpassing environmental targets demonstrate their role as responsible
global citizens, contributing to a collective effort to address climate
change and protect the planet’s delicate ecological balance.

From a socio-economic perspective, a high level of environmental
performance has tangible benefits for a country. It fosters a healthier and
more sustainable living environment for its citizens, leading to improved
public health and reduced healthcare costs associated with environ-
mental pollution (Shang et al., 2022; Yang et al., 2022). Furthermore, a
commitment to sustainable practices attracts businesses and in-
vestments as environmentally conscious industries and consumers
increasingly prioritize countries with a demonstrated commitment to
environmental management. The interplay between fiscal policies and
environmental results is a nuanced subject warranting exploration.
Recent studies indicate that countries with lower tariff rates on green
technologies and a more progressive tax burden tend to exhibit a more
favorable environment for sustainable development (Hao et al., 2021;
Sharif et al., 2023). Also, the allocation of government expenditure plays
a pivotal role in determining a country’s commitment to environmental
conservation and sustainable development (Zhang et al., 2017; Kocak
and Ulucak, 2019). In addition, population dynamics, GDP per capita,
unemployment, and inflation collectively contribute to the
socio-economic context influencing a country’s environmental stance.
Countries, that have a steadily increasing GDP per capita and lower
unemployment levels, tend to exhibit more robust environmental per-
formance metrics (Ullah et al., 2020; Ulussever et al., 2023). Finally, FDI
inflow represents a double-edged sword, capable of either bolstering or
compromising a country’s environmental objectives (Ullah et al., 2023).
Notably, countries receiving higher FDI inflows tend to experience an
increase in industrial emissions, but this impact can be mitigated by
stringent environmental regulations (Essandoh et al., 2020).

Governments are under more pressure to do better in terms of
environmental performance. According to the 2030 SDGs Agenda,
countries have a responsibility to educate their citizens about their
environmental policies for reducing pollution and managing natural
resources, thereby safeguarding the sustainability of their own countries
(United Nations, 2015). Therefore, environmental measurements are
necessary for governments to demonstrate the effectiveness of their
policies and programs, assess progress in terms of noticeable impacts
and improvements to environmental health, and ensure the relevance of
policy planning and decision-making processes.

To comprehensively evaluate the environmental performance of the
countries, Yale and Columbia Universities propose the EPI, which is
primarily based on a set of measures that are used to assess environ-
mental issues, such as pollution, natural resource management, envi-
ronmental health, ecosystem quality, and climate change (Wolf et al.,
2022). These indicators may include, among other things, water and air
quality, waste management, biodiversity, and forest conservation. The
2022 EPI Framework comprises 40 environmental performance in-
dicators distributed across 11 issue categories, which are further
aggregated into three overarching policy objectives. The weights
assigned to each category represent the percentage contribution to the
overall EPI score (Wolf et al., 2022). So, it is possible to compare the
environmental performance of various countries by using the EPI
because it allows them to evaluate countries’ environmental policies,
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identify areas of weakness, and facilitate reforms (Fu et al., 2020; Khan
et al., 2020). In addition to environmental performance, the EPI might
consider social and economic issues. This provides a thorough exami-
nation of environmental sustainability since environmental perfor-
mance can be influenced by many factors (e.g., social inequality,
poverty, and economic development). So, their inclusion in the assess-
ment is critical.

Considering the emergence of the EPI, the study aims to investigate
the impact of the various economic and demographic factors on the
environmental performance of the countries. In doing so, the study
considers the nonlinear impacts and potential thresholds. Also, the study
considers a large scope, including 181 countries, and applies a novel SL
algorithm. So, the study obtains a higher estimation capacity, de-
termines the relative importance of the effective factors on environ-
mental performance, and reveals the critical thresholds. In this way, the
study provides some contributions to the literature; (i) the study first
investigates the relationship between demographics and basic economic
indicators versus environmental performance; (ii) instead of using CO5
emissions, ecological footprint, PMy s, or load capacity factor as an in-
dicator of the environment, the EPI, which is a much more compre-
hensive indicator consisting of 40 different environmental performance
indicators, is used; (iii) the SL approach, which is a novel ensemble ML
model, is applied to improve the robustness of the fundamental ML
approaches; (iv) rather than examining any single country, the study
analyzes a total of 181 countries by using data for the years 2018, 2020,
and 2022.

Section 2 constructs the theoretical background and reviews the
literature. Section 3 presents the dataset and overview of the method-
ology. The findings obtained are presented in Section 4. Finally, Section
5 presents the conclusion, policy implications, and further research.

2. Theoretical framework and literature review

Within the existing body of literature, several studies have endeav-
ored to investigate the interconnection between environmental perfor-
mance and explanatory indicators covering macro/microeconomic
dynamics or energy consumption. These analytical studies typically
involve economic indicators, political uncertainties, and the produc-
tion/consumption metrics of different energy sources. Notably, extant
literature conventionally employs COy emissions as the primary indi-
cator for measuring environmental performance (e.g., Saidi and Omri,
2020; Bekun, 2024). Also, later studies have used either ecological
footprint (e.g., Kartal and Pata, 2023; Dam et al., 2024) or load capacity
factor (e.g., Kartal et al., 2023b; Lin and Ullah, 2024). Different from
such studies, this study adopts a distinctive approach by employing the
EPI as a more comprehensive metric for the environment. Consequently,
the analytical framework integrates a holistic index that allows for a
nuanced examination of environmental performance across its multi-
faceted dimensions.

2.1. Theoretical framework

The EKC hypotheses serve as the primary foundation for this study’s
theoretical framework (Grossman and Krueger, 1991). The EKC is a
theoretical framework that explores the relationship between environ-
mental degradation and economic development. The curve suggests
that, initially, as a country experiences economic growth, environmental
quality deteriorates. However, beyond a certain income threshold,
environmental degradation begins to decrease as economic develop-
ment progresses. Hence, it becomes evident that a robust correlation
exists between economic growth and environmental performance.

Various economic indicators, including those related to fiscal policy,
taxation, government spending, population dynamics, and economic
performance, play crucial roles in shaping the trajectory of the EKC
(Hashmi and Alam, 2019; Yuelan et al., 2022; Pata et al., 2023b; Ade-
koya et al., 2024). In light of these studies emphasizing the EKC theory,



M.T. Kartal et al.

variables about fiscal policy, taxation, government spending, population
dynamics, and economic performance are also included as explanatory
factors in analyzing the EPI.

2.2. Literature review

2.2.1. Economic growth, public debt, and environment

Although focusing solely on economic growth can lead to serious
consequences, countries have often prioritized economic efficiency over
the needs of the environment (Khan et al., 2021a; Shittu et al., 2021). As
countries become wealthier, the influence of individualism becomes
more intense than the GDP per capita impact. Improvements in the GDP
per capita lead to better environmental performance (Kumar et al.,
2019). Chowdhury and Islam (2017) investigate the relationship be-
tween EPI and the GDP growth in BRICS countries and the results show a
negative relationship between EPI and GDP growth. Pimonenko et al.
(2018) conduct a study, that finds a strong correlation between GDP and
EPI, indicating that a policy aimed at eco-friendly economic growth can
help to improve both economic and environmental performance. Li et al.
(2021) provide evidence of the factors that influence the EPI in Asian
countries and define an insignificant positive impact of GDP on the EPI.
Also, there are up-to-date studies (e.g., Dedeoglu et al., 2021; Khan
et al.,, 2021b) that examine economic growth and environmental per-
formance relationship using different approaches and the impact of
economic growth on the environment differs from country to country.

In addition, a few studies have explored the relationship between
public debt and the environment. This is because the relationship be-
tween public debt and environmental performance is complex and
difficult to determine. Various factors, such as economic growth,
resource allocation, and governance mechanisms influence this rela-
tionship. Environmental regulatory programs are often hindered due to
budget deficits and the growth of public debt (Fodha and Seegmuller,
2014). It is observed that countries with better environmental perfor-
mance are associated with public debt (Clootens, 2017; Ulman et al.,
2021).

2.2.2. Foreign direct investment and environment

The impact of FDI inflows on environmental performance has been a
subject of ongoing debate. The lack of consensus on this matter can be
attributed to the complex nature of the relationship between FDI and the
environment (Hao et al., 2020; Xie et al., 2023). FDI has been found to
have a positive and significant impact on environmental performance in
developed countries. However, in developing countries, the impact of
FDI on environmental performance may be either insignificant or
negative. Furthermore, it is imperative to note that the impact of FDI on
environmental performance in developed countries manifests hetero-
geneity when analyzed across various quantiles of environmental per-
formance (Li et al., 2019).

2.2.3. Inflation, unemployment, and environment

Although studies on the relationship between inflation and the
environment are limited, some findings about it are available. Inflation
is generally considered an economic indicator and may have indirect
impacts on the environment. Specifically, high inflation can reduce
consumer purchasing power, decrease demand for goods, and hurt
future investment expenditures. Also, an increase in prices can diminish
the purchasing power of government expenditures. In such a case, the
government may increase its spending, resulting in a decrease in de-
mand for goods. Consequently, all these factors reduce aggregate de-
mand and generally improve environmental performance (Ahmad et al.,
2021). These findings contradict the study of Chambers (2011), who
claims that macroeconomic instability has a positive impact on envi-
ronmental pollution.

Unemployment is also an essential determinant that affects people’s
health and the environment (Xin et al., 2023). Kashem and Rahman
(2020) make an effort to introduce a new concept, the EPC, to explain
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the relationship between unemployment and the environment and
define a negative correlation between pollution and unemployment in
30 industrialized countries. Scholars posit that the adoption of viable
technological solutions holds the potential to mitigate pollution while
concurrently preserving or enhancing employment rates within the
economy. In the studies by Anser et al. (2021) and Ng et al. (2022), the
authors provide evidence for the negative relationship between unem-
ployment and the environment under the EPC scope.

2.2.4. Population and environment

The rapid growth of the world population is often cited as a major
driver of environmental degradation. Studies conducted by Kumar et al.
(2019), Raza et al. (2021), Le and Hoang (2022) and Stoian et al. (2022)
have found that an increase in population causes a degradation impact
on the environment. However, population size alone is not the sole
determinant of environmental performance. Other non-economic fac-
tors, such as lifestyle, consumption patterns, technological advance-
ment, and environmental policies also play important roles. Fu et al.
(2020) argue that population growth can promote environmental per-
formance by improving living standards, increasing educational levels,
and raising environmental awareness.

3. Methods
3.1. Data

The study aims to model the EPI by considering a set of explanatory
variables. In this context, data is collected from two fundamental data
sources, which are Heritage (2023) and Yale Center for Environmental
Law and Policy (2023) for explanatory variables and EPI, in order. Since
the EPI is measured bi-annually, the aggregated dataset is prepared for
2018, 2020, and 2022. For each year, there are 181 countries’ data. So,
the details of the variables are given in Table 1.

There are 533 observations in the data set, but there are missing data
on some explanatory variables due to the inability to collect data. More
specifically, ~4% of the total data is missing, which means only 24
observations. For this reason, the percentage of missing data is less than
5%, listwise deletion is applied following the literature (Mirzaei et al.,
2022; Liu et al., 2024), and a total of 509 data are included in the
analysis. According to the studies in the literature, it can be reached
accurate outcomes with this number of observations (Ramezan et al.,
2021; Rajput et al., 2023). To mitigate the potential issue of overfitting
in the modeling, the dataset is divided into two sub-sets (i) the training
set, which consists of 70% by encompassing 373 data, and (ii) the testing
set, which comprises the remaining 30% by encompassing 136 data.
Furthermore, a 10-fold cross-validation procedure is implemented to

Table 1
Variables.
Symbol  Definition Unit Source
EPI Environmental Index Yale Center for Environmental
Performance Index" (0-100) Law & Policy (2023)
TR Tariff Rate % Heritage (2023)
ITR Income Tax Rate %
CTR Corporate Tax Rate %
TB Tax Burden % of GDP
GE Government % of GDP
Expenditure
POP Population Millions
GDPPP GDP per Capita UsD
UN Unemployment %
INF Inflation %
FDI FDI Inflow Million
USD

PUBD Public Debt % of GDP

Notes.
# Denotes the response variable.
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ensure the robustness and reliability of the results (Kili¢c Depren and
Depren, 2021).

3.2. EPI framework

The EPI is a methodology covering 40 environmental indicators
within 11 dimensions to provide a data-driven single index value
(ranging from O to 100) presenting the sustainability level of a country
(Wolf et al., 2022). These 11 dimensions and their weights are Climate
Change Mitigation (38%), Biodiversity & Habitat (18%), Air Quality
(11%), Ecosystem Services (8%), Fisheries (5%), Sanitation & Drinking
Water (5%), Acid Rain (4%), Agriculture (4%), Water Resources (3%),
Heavy Metals (2%), and Waste Management (2%). In addition, the EPI
value is calculated for approximately 180 countries each year by using
the environmental indicators in the aforementioned dimensions, which
are presented in Appendix 1 in detail.

Although the primary focus of the EPI is on environmental indicators
(such as CO5 Growth Rate, GHG Emissions per Capita, PM; 5 Exposure,
Unsafe Drinking Water, Wastewater Treatment, etc.), it considers the
interdependence of social, economic, and environmental aspects in
determining sustainability. In addition, there are no factors about the
social and economic issues in the calculation of the EPI directly. The
presence of economic and social issues in the EPI reflects a recognition
that larger societal and economic factors frequently influence environ-
mental results. For example, factors such as income inequality, access to
education and healthcare, and employment opportunities can impact a
population’s environmental awareness, behavior, and ability to adopt
sustainable practices. The EPI aims to provide a comprehensive evalu-
ation of a country’s environmental performance, taking into consider-
ation that environmental sustainability is linked to social and economic
well-being. Therefore, it doesn’t ignore social and economic concerns.
Instead, it recognizes sustainability’s complexity and the importance of
integrated strategies to effectively tackle environmental problems.

The ranking of the EPI in 2022 for 180 countries is visualized in
Fig. 1.

In the EPI ranking, countries are colored from green to red indicating
the best performer to the worst performer countries regarding envi-
ronmental performance, respectively. Based on the EPI ranking in 2022,
Denmark, United Kingdom, and Finland are in the top 3 places with
values of 77.9, 77.7, and 76.5, respectively. Besides, India, Myanmar,
and Vietnam are in the bottom 3 places with values of 18.9, 19.4, and
20.1, respectively. In this methodology, higher values of EPI represent
better environmental performance while lower values of EPI represent

I
1 36 72

Fig. 1. EPI 2022 Scores of countries.
Source: EPI 2022 Technical Report (Wolf et al., 2022)
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worse environmental performance.

3.3. Empirical methodology

The empirical methodology of the study consists of six steps as dis-
played in Fig. 2.

In the first step, the basic distributional characteristics of the data,
such as mean, median, quartiles, and standard deviations, are given in
detail. Six different ML algorithms are employed in the second step.
These algorithms are CART, RF, XGB, GBM, SVM, and k-NN. Performing
the SL algorithm (Van der Laan et al., 2007; Van der Laan and Rose,
2011), which is an ensemble model combining more than one different
ML algorithm, is the third step of the methodology. The SL algorithm
follows a structured procedure consisting of seven key steps. Initially,
the dataset is divided into training and testing sets to facilitate model
evaluation. Subsequently, six distinct base learners are trained on the
training data. The test set predictions from each base learner are saved
for further analysis. To assess model performance, these predictions are
evaluated using the test dataset. Next, a meta-model is employed to
derive optimal weights based on the test set predictions. Following this,
the base learners are re-trained on the entire training dataset, and their
predictions are saved. Finally, the SL combines these predictions using
the calculated weights to generate the final ensemble prediction. This
systematic approach ensures that the SL leverages the strengths of
diverse base learners and effectively integrates their predictions to
enhance overall performance. Comparing the model performance met-
rics and visualizing the actual vs predicted observations of the best
model are the fourth and fifth steps of the methodology. The sixth step
explores the determination of the most important to less important
variables.

3.4. Model performance criteria

The MAE, the RMSE, and the R? are used to assess the performance of
ML algorithms as formulated in Egs. (1)-(3):

11 ~
RMSE = EE (.Yi—)’i)2 @
i=1

1< ~
MAE:;Z\M—)’J 2
i=1

¥
4
IS
108 144 180
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Step 1: Step 2: Step 3:
Preliminary Analysis ML Algorithms SL Algorithm
\/
Step 4: Step 5: Step 6:
Model Performance —>  Actual vs Predicted Variable Importance
Metrics Values Comparison Analysis
Fig. 2. The steps of empirical methodology.
Z": S right-skewed distribution, whereas CTR has a left-skewed distribution.
RE_q1_ 0i=¥) @) All variables except EPI and ITR have a leptokurtic distribution.
; i =)

In the context of a test set with n samples, where y; represents the
actual values and y; represents the predicted values, lower RMSE, and
MAE values suggest reduced error levels, indicating greater accuracy
(Willmott and Matsuura, 2005). The fitting effectiveness improves as the
R? value approaches 1.

4. Results
4.1. Preliminary Statistics

The basic distributional characteristics are visualized in Fig. 3. Also,
the central tendency and variation statistics and tests for normal dis-

4.2. Results of ML algorithms

In predicting the EPI and identifying the influential factors on the EPI
with the greatest impact, a comprehensive analysis is conducted by
employing a novel SL algorithm, which includes a total of six distinct ML
algorithms. In the first step, the efficacy of each ML algorithm is assessed
by using a set of goodness-of-fit metrics, and the obtained results are
presented in Table 2, enabling a comparative analysis across the algo-
rithms employed in this study.

Table 2
Performance metrics of ML algorithms.

R i ML Train Set Test Set
tribution are presented. Algorithm 2 2
EPI differs from 9.3 to 99.3 with a mean value of 49.3 and the median R RMSE MAE R RMSE MAE
value of 46.4. Also, the coefficient of variation CV statistics of EPI is RF 60.29%  13.1025  10.4838  80.22%  9.5086 8.0254
relatively low. In general, CV values for each variable are at a high level, GBM 58.87%  13.1708 = 10.8981  80.21%  9.4715 8.0472
. . L . . XGB 58.23%  13.3542  10.6012  73.53%  10.8141  9.0247
which means that many outliers exist in the variables. According to NN 46.35% 150082 123821  72.62% 109926  9.1731
skewness, kurtosis statistics, and Kolmogorov-Smirnov test results, it can CART 45.21%  15.4422  12.4519  52.67%  14.5269  12.1069
be said that all variables do not meet the normal distribution assump- SVM 43.72%  18.9052  14.5926  67.58%  17.8521  14.3441
tion. Likewise, TR, GE, POP, GDPPP, UN, INF, FDI, and PUBD have a
120 %0 70 60 70 130 350 14 s 100 500 350
70 ° ° 8 3 9 o
100 ° 60 ° - . 60 ° 120 . 300 12 ° 30 H - 400. B 300 .
&0 s0 © ° ° g 6 o ° :
a0 a0 o . 20 § 0. | o 0§ ol ® 00 200 °
60 a0 0 3
30 30 60 150 o 60. 15 “w| 2 00 10§
Al | B8 ; - 1 i
ol 8 20 20 a0 w00 § o 10 B 0§ o ¥ 00
° S H
20 36, é 10 10 10 20 50 é 20 s [ 1;) % 10 . s0
o 0 o o o 0 o o 0 0 10 20 o
EPI TR ITR CTR TB GE POP GDPPP UN INF FDI  PUBD
Minimum 9.3 0.0 0.0 0.0 1.0 10.1 0.1 651.9 0.0 -2.7  -115300.0 0.0
O, 336 2.5 20.0 20.0 13.9 23.0 2.5 1186.6 4.1 0.9 1282 372
Median (Qs,) — 46.4 5.4 30.0 25.0 20.5 314 9.5 12553.9 6.2 2.4 873.0 523
O, 620 9.6 35.0 30.0 20.1 39.4 206 28933.3 10.0 4.8 3877.0  76.0
Maximum — 99.3 67.7 60.0 50.0 59.6 125.7 327.4 1304751 314 88.2  391104.0 304.1
Mean  49.3 6.5 28.7 23.8 21.8 32.6 26.4 19855.6 7.9 4.5 6801.4  61.1
Standard Deviation — 20.8 5.5 13.1 8.9 10.3 13.3 46.0 21174.2 5.7 8.0 28068.7 37.9
Coefficient of Variation 42.2 84.0 45.8 37.3 47.2 40.9 174.3 106.6 72.8 180.2 412.7 2.1
Skewness 0.5 3.3 0.2 -0.5 0.4 2.2 3.4 19 15 5.1 8.2 2.1
Kurtosis ~ -0.4 208 -0.3 0.8 -0.4 11.7 13.8 4.8 2.3 37.1 03.8 7.7
Kolmogorov-Simirnov 0.1 0.1 0.1 0.1 0.1 0.1 0.4 0.2 0.1 0.5 0.3 0.1
pvalue  0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000  0.000

Fig. 3. Preliminary statistics and Box-jenkins plots.
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The 10-fold cross-validation approach (resampling) is used to find
the optimal parameters of the models used and the best parameters are
determined based on the RMSE, MAE, and R? statistics. Different values
of mtry ranging from 2 to 12 are explored in the RF, and the optimal
parameter value is determined as 7. In GBM, shrinkage is held constant
at 0.1, interaction.depth and n.trees parameters range from 1 to 3, and
from 50 to 150, respectively. The optimal values used for the model are
n.trees = 50, interaction.depth = 3, shrinkage = 0.1. The XGB uses 5
different parameters: eta (from 0.3 to 0.4), max_depth (from 1 to 3),
colsample_bytree (from 0.6 to 0.8), subsample (from 0.50 to 1.00), and
nrounds (from 50 to 150). Optimum parameters are determined as eta =
0.3, max_depth = 2, colsample bytree = 0.8, subsample = 1, and
nrounds = 50. In k-NN, three parameters need to be optimized, which
are kmax (from 5 to 9), distance (held constant at 2), and kernel (held at
optimal). As a result, the optimum value of kmax is determined as 9. In
CART, different values of cp ranging from 0.01 to 0.5 are examined and
the optimal value is determined as 0.0673. Finally, in SVM, degree,
scale, and C parameters ranging from 1 to 3, from 0.001 to 0.100, and
from 0.25 to 1.00 are explored, respectively. The optimal values of these
parameters are determined as degree = 1, scale = 0.001, and C = 0.5.

The RF algorithm demonstrates the highest R? value and the lowest
RMSE and MAE statistics in the training set. Conversely, the SVM al-
gorithm exhibits the lowest R? value and the highest RMSE and MAE
statistics in the same set. These results indicate that the RF algorithm is
the most effective in capturing the variation observed in the EPI. How-
ever, it is worth noting that the R? value of 60.29% obtained in the
training set falls below the desired level for robust model performance.

In the second step, a novel SL algorithm is employed to enhance the
model’s predictive capabilities. The performance metrics of the SL al-
gorithm are presented in Table 3.

Table 3 provides an overview of the model performance metrics for
both the training and testing sets utilizing the SL algorithm. The results
indicate that the RF, GBM, and XGB algorithms significantly contribute
to the performance of the SL algorithm, whereas SVM has a minor
impact and the CART and k-NN algorithms have no impact. More spe-
cifically, by calculating the predicted values of the SL algorithm as a
weighted average of the predicted values from RF, GBM, XGB, and SVM,
with corresponding weights of 51.7%, 30.6%, 17.1%, and 0.6%,
respectively, it is evident that a robust and reliable model can be
established. This weighted combination of algorithms results in notable
improvements, as indicated by the substantial increase in the R? values
from 60.29% achieved by the RF algorithm to 92.28% with the SL al-
gorithm. Furthermore, the SL algorithm yields relatively lower RMSE
and MAE statistics compared to each algorithm.

Additionally, in the testing set, the Rz, RMSE, and MAE values of the
SL algorithm demonstrate acceptable levels of model interpretability
and performance. To sum up, it is revealed that higher R? and lower
RMSE and MAE statistics are reached by using the SL algorithm. In other
words, the SL algorithm outperforms each algorithm.

4.3. Variable importance

Through the implementation of variable importance analysis, the
relative influence of explanatory factors on the EPI is determined. Since
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the nature of the machine learning algorithms, variable importance
analysis is used to determine the statistically significant variables
affecting the response variable rather than the classical significance
statistics (Mizumoto, 2023). This analysis enables the determination of
the factors ranked in order of importance about their impacts on the EPI.
Table 4 presents the variable importance results.

The weighted importance metrics represent the weighted average of
the importance measures derived from each ML algorithm. In turn, the
relative weighted importance is a measure that designates 100 as the
most influential factor within the weighted importance metric. It is
calculated by determining the relative importance measure accordingly.

Once the variable importance analysis outcomes are obtained sepa-
rately with RF, XGB, GBM, and SVM algorithms, the order of importance
can be differentiated. As a result, what is important is to interpret the
variable importance according to the results of the SL algorithm, which
is the best model. Based on the relative importance measures presented
in Table 4, the factors with the greatest impact on the EPI are GDPPP,
TR, TB, GE, and INF, respectively. These factors are deemed to play the
most substantial role in the EPI. Conversely, some other factors, such as
UN, POP, ITR, PUBD, FDI, and CTR exhibit statistically significant im-
pacts on EPI, but their relative importance is quite lower. Consequently,
policymakers should prioritize their efforts and focus on GDPPP, TR, TB,
GE, and INF as key factors in their endeavors to enhance environmental
performance.

Fig. 4 provides a visualization of the bivariate relationships between
variables.

The x-axis implies the standardized values of the relevant factors,
while the y-axis represents the predicted values obtained from the SL
model for the EPL It becomes evident that TB, GE, GDPPP, and FDI have
the potential to positively influence EPI. Nevertheless, there exist sig-
nificant thresholds, which are calculated by the SL algorithm, at which
the impact of these factors on EPI changes considerably. These thresh-
olds are determined as 11.5, 18.9, 19,855.5, and 6800.1 for TB, GE,
GDPPP, and FD], respectively. In contrast to the relationships observed
with TR, ITR, and CTR, the relationships between UN versus EPI exhibit
an "n-shaped" distribution. Conversely, EPI experiences a decrease as
CTR increases.

Critical thresholds exist that alter the relationship between EPI and
the respective factors. In other words, Thresholds find the values of the
explanatory variables that change the response variable value at a sta-
tistically significant level and are calculated with the SL algorithm. More
specifically, thresholds are obtained with the plotmo function in the R
program. When the values of TR are lower than or equal to 13.7, a
negative correlation is observed between EPI and TR. Conversely, while
values exceed this threshold, a positive correlation is obvious. A similar
relationship is observed between ITR and EPI, with a critical threshold of
30.1. Analyzing the relationship between CTR and EPI, it is apparent
that when CTR values are lower than the average, the impact on EPI is
not significant. However, while values surpass the average, EPI experi-
ences a significant decrease as CTR values increase.

Finally, the visual analysis shows that the one-point increase (or
decrease) in the explanatory variable causes more than (or less than)
one-point change in the response variable, which means that there is a
non-linear relationship between the response and explanatory variables

Table 3
Performance metrics of the SL algorithm.
SL Risk Coef. Train Set Test Set
R? RMSE MAE R? RMSE MAE
CART 216.8 0.0% 92.28% 6.3942 5.1528 79.98% 9.6689 8.2842
RF 170.1 51.7%
XGB 196.1 17.1%
GBM 174.9 30.6%
SVM 222.8 0.6%

k-NN 258.2 0.0%
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Table 4

Relative and weighted importance Output.
Variable SL RF XGB GBM SVM

Weighted Relative Importance Weighted Importance 51.7% 17.1% 30.6% 0.6%

GDPPP 100.000 83.476 100.000 100.000 46.971 50.423
TR 39.822 33.242 41.738 28.683 21.618 23.855
TB 24.151 20.161 23.310 27.470 10.702 22.842
GE 11.437 9.547 10.782 11.815 6.052 16.700
INF 10.387 8.671 9.181 10.857 4.795 100.040
UN 9.713 8.108 7.172 14.954 5.158 44.089
POP 5.202 4.342 5.434 3.255 2.919 13.854
ITR 2.474 2.066 3.614 0.090 0.090 25.689
PUBD 2.384 1.990 2.543 2.548 0.752 1.600
FDI 2.298 1.919 2.776 1.226 0.718 9.004
CTR 0.602 0.503 0.060 0.932 0.593 21.783

Pred. EPI

Pred. EPI

Pred. EPI

Pred. EPI

Pred. EPI

Pred. EPI

Pred. EPI

Pred. EPI

Pred. EPI

INF FDI

Pred. EPI

Pred. EPI

Fig. 4. Bivariate relationship between variables and significant thresholds.
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100.0
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0.0 20.0 40.0 60.0 80.0 100.0
(b)

Fig. 5. Actual versus predicted values of SL algorithm.
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as well. Also, the models used in the study are defined as non-linear
models in ML approaches.

In the final analysis, Fig. 5 depicts the visualization of the actual
values and predicted values derived from the SL algorithm.

The x-axis corresponds to the actual values, while the y-axis repre-
sents the predicted values. It is clear that all observations in both the
training and testing datasets closely align with the 45-degree line. This
alignment signifies proximity between the actual and predicted values.
Therefore, it can be inferred that the model effectively captures and
explains the variation observed in the EPI In addition, actual versus
predicted values scatter plots for each ML algorithm for train and test
datasets are given in Figs. 6-7.

It can be revealed that the gap between actual versus predicted
values obtained by the SL, RF, XGB, GBM, and k-NN is relatively small,
while in the CART and SVM actual and predicted values are far from
each other. The main reason for these results may be that the CART and
SVM algorithms are based on binary split and hyperplane division,
respectively; these algorithms may not effectively capture the complex
relationship as in ensemble models such as RF, XGB, and GBM, even if
parameter tuning is applied (Tatsat et al., 2020).

5. Conclusion, policy implications, and further research
5.1. Conclusion

By considering the increasing impact of the environment on hu-
mankind, the study aims to analyze the impact of a set of explanatory
factors (e.g., tariff rate, income tax rate, corporate tax rate, tax burden,
government expenditure, population, GDPPP, unemployment, inflation,
FDI inflow, and public debt) on the EPI through the utilization of ML
algorithms. In line with the aim of the study, a comprehensive dataset is
compiled by incorporating information from two distinct data sources.
Furthermore, a novel SL algorithm, which includes a total of six ML
algorithms, is employed to effectively model the EPI and investigate its
relationship with the aforementioned factors.

To address the issue of overfitting, the dataset is divided into two
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subsets: 70% for training samples and 30% for testing samples. Addi-
tionally, a 10-fold cross-validation technique is implemented for each
ML model to establish a robust model. Initially, each ML algorithm is
applied individually, and statistical metrics (e.g., R%, RMSE, and MAE)
are computed. The results indicate that the RF algorithm achieves better
Rz, RMSE, and MAE values, while the SVM exhibits the poorest Rz,
RMSE, and MAE statistics within the training set. However, the perfor-
mance metrics of each model on the test set are insufficient for
conclusive interpretation. Consequently, an ensemble model called the
SL algorithm is employed to obtain a robust model. The SL algorithm
surpasses the performance of all ML algorithms utilized. Furthermore,
both the goodness-of-fit statistics for the train and test sets demonstrate
significant accuracy. Notably, the predicted values of the SL algorithm
are derived by computing a weighted average of the predicted values
generated by the RF, GBM, XGB, and SVM models. The corresponding
weights assigned to each model are 51.2%, 31.3%, 17.0%, and 0.7%,
respectively.

5.2. Policy implications

According to the feature importance analysis, which shows the most
influencing factors on the response variable, it is shown that the top five
important factors that help policymakers to improve EPI are GDPPP, TR,
TB, GE, and INF. In addition, it is also revealed that UN, POP, ITR, PUBD,
FDI, and CTR have a significant impact on the EPI. Based on the study of
Nie et al. (2022), it is revealed that economic and revenue growth hurt
environmental performance metrics. Contrary to the results obtained by
Nie et al. (2022) and Wang and Li (2021) show that the EPI metric de-
creases with the increase in GDPPP. In this study, similar to the study of
Wang and Li (2021), it is shown that there is a positive correlation be-
tween GDPPP and EPI. On the other hand, this study shows that the
higher level of GDP growth may cause a deterioration impact on the EPI.
These results reveal that policymakers should consider economic growth
to create a ready-to-action plan for improving environmental perfor-
mance. The economic growth and GDPPP should be kept under control
and measures should be taken to prevent uncontrolled growth.

Super Learner

80
60
40

20

Extreme Gradient Boosting

o 20 40 60 80 100

k-Nearest Neighbours

Classification & Regression Tree

(] 20 40 60 80 100 o 20 40

Random Forest

60 80 100 o 20 40 60 80 100

Support Vector Machines

Fig. 6. Actual versus predicted values for train dataset.
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Fig. 7. Actual versus predicted values for test dataset.

The findings of this study highlight the tariff rate as the second most
influential factor affecting the EPI. Consistent with existing literature, it
is demonstrated that an increase in the tariff rate leads to a significant
deterioration in the EPI. This observation aligns with the results
emphasized in the study conducted by Kou et al. (2001), where it is
shown that tariff limits and barriers exert a noteworthy negative impact
on environmental performance metrics. Based on these results, policy-
makers should consider implementing tariff limits or cuts, especially for
renewable energy sources and raw materials, to decrease CO, emissions
and improve environmental performance. Implementation of measures
such as tariff limits or cuts in these areas can contribute to improving
environmental performance and fostering sustainable practices.

The tax burden, income tax, and corporate tax are frequently
emphasized factors affecting environmental performance in the litera-
ture. Therefore, it is suggested that tax burden, income tax, and corpo-
rate tax rate should be fully- or partially exempted to encourage high
technology-based innovation firms to produce, also it is shown that
environmental tax has a great impact on decreasing CO, emissions as
well (Ulucak et al., 2020; Esen et al., 2021; Wolde-Rufael and
Mulat-Weldemeskel, 2021; Usman et al., 2022). The government should
reconsider the aforementioned taxes to improve the EPI. In this study, it
is shown that an increase in tax burden and income tax rate causes an
increase in EPI while an increase in corporate tax rate causes a decrease
in EPL. Thus, policymakers should consider decreasing corporate tax
rates and improving tax burden and income tax to improve EPI.

In the extant literature, it is shown that government expenditure and
inflation have a significant impact on environmental performance
(Sadeh et al., 2020; Rahman et al., 2022). In line with the literature, this
study shows that there is a positive correlation between government
expenditure and EPI while the relationship between inflation and EPI is
negative. Moreover, in this study, it is revealed that the impact of gov-
ernment expenditure on EPI has a linear structure. Also, especially
investing in renewable energy and R&D cause an increase in EPI (Wol-
de-Rufael and Mulat-Weldemeskel, 2021; Dogan et al., 2022). On the
other hand, a high level of inflation causes a low level of environmental
performance. Thus, it is suggested that policymakers should focus on

how to invest in renewable and green energy sources to improve envi-
ronmental performance.

Also, policymakers should encourage foreign investors to increase
the amount of foreign direct investments that can be used in R&D,
renewable energy, and green energy sources. In addition, they should
create action plans to decline inflation as well.

In the study of Xin et al. (2023), it is revealed that the impact of
urbanization, unemployment rates, and population density versus per
capita COo, which is used as an environmental quality metric is linear.
Contrary to the study of Xin et al. (2023), this study shows that the
relationship between population and unemployment versus EPI is sig-
nificant and has a non-linear structure. Therefore, it can be suggested
that policymakers should keep the unemployment rate at a minimum
level. In addition, it is an issue that should be kept in mind the high
unemployment rate hurts environmental metrics in the long run.

Similar to the relationship between unemployment versus EPI, the
impact of population on EPI is non-linear. However, the impact of the
population should be interpreted with the quality of waste management
together (Jahn, 1998; UNDP, 2019; Nastase et al., 2019). Thus, it is
suggested that policymakers should include a high-level waste man-
agement plan in the development plans of the country because low-level
waste management causes a low-level environmental performance.

5.3. Limitations and further research

Although the study provides many policy recommendations, there
are also some limitations. First, different ML or deep learning ap-
proaches can be included in the SL approaches to increase the model
accuracy. Second, an up-to-date dataset can be used when it is shared
with the public to compare the improvement of the model. Third,
different environmental metrics, such as COy emissions, ecological
footprint, and load capacity factor, can be used as environmental proxies
to bring different perspectives.
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