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Abstract: The environmental burden is a global problem affecting the European Union. A comprehen-
sive analysis of the environmental burden is essential for creating strategies supporting sustainable
economic development. This study attempts to answer the question of why, despite the continuously
decreasing energy consumption of the EU, the environmental burden of this region is not substantially
decreasing. This study provides novel insights into this research area by integrating EU economic
dynamics and environmental efficiency indicators. In this study, we used the IPAT method. Before
the main analysis, the researcher conducted cross-sectional dependence, slope heterogeneity, and
Westerlund cointegration tests using the primary data. Based on the results, the EU member states
were classified into clusters, and a linear trend model analysis was carried out. The results show
that the total environmental load of the EU did not decrease significantly between 2012 and 2022.
The fact that the environmental burden remained at the same level is explained by the fact that there
were 16 member countries whose total environmental load increased but whose economic output
was lower during this time period. This was offset by 11 member countries with high economic out-
puts, whose total environmental load decreased. This study proved that GDP growth was the main
driving force maintaining the total environmental load at the same level. The EU should encourage
member states to continue to implement environmental protection rules to limit and eliminate costly
environmental burdens on their societies and economies. This study can be helpful to researchers,
political decision-makers, and experts working on environmental public policies for the EU.

Keywords: environmental load; European Union; IPAT model; clusters; linear trend model

1. Introduction

This study examined the effects of reducing the emissions of harmful substances
through technological development on environmental sustainability in European Union
member states between 2012 and 2022. The theoretical basis of this study is that current
information technology and digital revolution “greens” the economy by radically reducing
the specific raw material and energy demand of production. The consequence of this de-
crease is that a unit of GDP is produced with an ever-decreasing rate of harmful emissions.

Today, the relationship between humans and their environment is fundamentally
changing because information technology and digital transformation are causing techno-
logical, social, and lifestyle changes. It is not just the specific input demand of production
in various industries (energy, labor, etc.) that is constantly decreasing, but also the devel-
opment that occurs in all segments of the economy, which strengthens each other’s effect
(accelerator effect). The changes in the relationship between humans and their environ-
ment go beyond the traditional approach of technology-optimistic researchers, who, by
examining the effect mechanism of specific digital solutions from a technological point of
view, have concluded that there will be positive changes in terms of environmental impact
and sustainability [1–4].

Because of the advancements in the development of technologies, it is an increasingly
widely accepted belief in society that, in addition to external factors, the introduction
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and application of digital technologies can help reduce the environmental impact of GDP
production. One of the drivers of today’s technological development is digital transforma-
tion, which should be understood as the collective concept of new technological solutions
that change value-added production. The essential technologies of this digital transfor-
mation include cyber–physical systems, artificial intelligence, technology for generating
and analyzing large amounts of data, machine vision, 3D printing, and blockchain. These
essential technologies contribute significantly to the increase in the efficiency of production
and service processes, the rise in the level of satisfaction of needs, and the increase in the
value-added production (GDP) of national economies [5–12].

From the point of view of this research, the relationship between economic growth,
population, and the environmental burden of harmful emissions related to energy con-
sumption is noteworthy. The relationship between these variables is an important research
area of environmental economics [13–15].

The mitigation of the closeness of the relationship between the three independent vari-
ables of this study (GDP, population, technology), i.e., the improvement in the ratio of ad-
ditional consumption of raw materials and energy required for a unit of growth (and the
resulting harmful emissions), is ensured partly by technological development and partly
by system-level innovations. Because of the correlation between these three variables, it is
important to highlight some references examining these variables, as mentioned below [16–19].

The topic of this study and the results obtained from the collected and analyzed data
are significant given that the EU has set robust targets for environmental impact reduction.
There are five horizontal axes in the EU’s future environmental impact reduction policy,
which are interconnected and built upon each other. These axes are reducing greenhouse gas
emissions by 55%; reducing methane gas emissions by 30%; increasing share of renewable
energy by 40%; increasing energy efficiency by 32.5%; and achieving net-zero emissions in
terms of environmental impact by the year 2050.

The present study contributes to the literature on the environmental burden of energy
consumption in three ways. First, this is the first study to examine the impact of air
pollutants and greenhouse gas (GHG) emissions on environmental degradation in EU
member states and two other variables. Air pollutants and GHG emissions play a significant
role in global warming. Few studies have been published that link GDP production,
population size, and technology with environmental impact. Second, this study examined
the emissions of harmful substances from resource use, including the emissions of N2O,
CH4, HFC, PFC, SF6, and NF3 gases. Third, no analysis has yet been conducted on this
topic for the period 2012–2022 investigated in this study. This is a particular period because
it includes significantly restructured data due to the pandemic. The rest of this article is
structured as follows: Section 2 provides a review of the literature related to the research
topic. The data and method are presented in Section 3. The results are presented in Section 4.
The discussion based on the results is presented in Section 5, and Section 6 formulates the
conclusions and recommendations.

This study provides a comprehensive picture of the evolution of the EU’s environ-
mental burden for the period 2012–2022, aiming to assist decision-makers in promoting
ecological sustainability and environmental protection. The data were collected through
a meticulous and precise process and analyzed with a level of detail and accuracy ex-
ceeding that of previous research. This study provides unique insights for planning and
implementing EU environmental impact reduction policies more effectively.

2. Literature Review

The IPAT equation is a formula that has become a milestone in measuring human
environmental impacts when the population, consumption, and technological components
are the leading causes [20]. The IPAT equation used in this study is a conceptual framework
equation used to analyze the impact of human activities on the environment and show
the relationship between three factors and environmental load: population size, affluence,
and technological level. In this study, the technological level is defined in terms of the
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emissions of air pollutants and greenhouse gases, as it is an appropriate indicator that
contributes to the total environmental load. In the analysis, this study assumed that
the emissions of air pollutants and greenhouse gases will continuously decrease due to
technological development.

Technological development significantly impacts the emissions of air pollutants and
GHGs into the atmosphere through, for example, improvements in energy efficiency, the
increasing use of renewable energy sources, and the modernization of industrial processes.
This close relationship between technological development and air pollution justifies the
definition of the variable T in this way.

Another point is that there are many international and regional initiatives to measure
and monitor the emissions of air pollutants and GHGs, such as the UN Framework Conven-
tion on Climate Change (UNFCCC) and the EU Emissions Trading System (ETS). The data
from these initiatives are more reliable than other data sources, enabling robust analysis of
the EU’s total environmental burden.

The IPAT equation is widely known and provides an analytical framework with clear
conclusions regarding ecological efficiency.

The classic equation used in the field of environmental economics is as follows:

I = P × A × T (1)

where I (impact) is the total environmental burden (impact); P (population) is the number
of inhabitants; A (affluence) denotes the well-being of the population, which is expressed
as GDP per capita; and T (technology) is the environmentally friendly nature of technolog-
ical development, in which is the greenhouse effect per capita can be represented as the
emissions of greenhouse gases.

The variable T in the equation I = P × A × T indicates how resource-intensive the
production of GDP is. T also expresses the extent to which GDP has an environmental
impact on the goods and services used and the creation, transportation, and disposal of
such services. Improving efficiency can reduce resource intensity, lowering the T multiplier.
Because technology can influence environmental impact in many ways, researchers often
tailor the unit of T to the situation, to which the equation I = P × A × T is applied. For
example, in a situation where the effect of human activity on climate change is measured,
an appropriate unit of measure for T might be greenhouse gas emissions per capita.

The I = P × A × T formula, i.e., the IPAT equation, is excellent for analyzing the
trend in the environmental impact in the EU and its member states because it provides a
comprehensive picture of the effects of various factors. The equation breaks down the total
environmental load into three main components: population (P), economic affluence (A),
and technological efficiency (T). This approach allows us to examine the impact of popula-
tion growth, per capita economic activity, and technological change on the environment.
Due to its flexibility and applicability, the IPAT equation is widely recognized and used in
environmental research.

In recent years, researchers have used the IPAT equation and its extended model to
explore the impact of social development on environmental pressures [21–31].

3. Materials and Methods

Table 1 shows the values of the environmental load of the EU member states during
the period of 2012–2022. The values were calculated based on Eurostat data [32–34].

As a simple conceptual framework equation, IPAT has the following three characteris-
tics: First, it is simple and focuses on human factors such as population, economic affluence,
and technology. Second, it systematically analyzes the relationship between these human
factors and total environmental impact. Third, because of its reliability, the equation is
widely used to investigate environmental effects such as carbon dioxide emissions [35,36].

The aggregated data in Table 1 show that the EU’s total environmental load increased
slightly until 2019 and then decreased over the period under review. However, this decline
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was not linear, as, in 2020, a significant decline was experienced, likely due to the effects of
the COVID-19 pandemic.

Table 1. Values of the total environmental load (I) of EU member states (2012–2022).

Year/
Country 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2022/2012

(%)

BE 4164 4128 3987 4200 4183 4206 4403 4401 3764 4169 4002 96

BG 280 260 269 304 289 312 291 300 247 314 393 140

CZ 1947 1813 1872 2002 2107 2245 2366 2432 2160 2268 2214 114

DK 2574 2636 2489 2391 2582 2501 2644 2444 2130 2303 2257 88

DE 30,751 31,364 30,678 31,012 31,570 31,833 31,333 29,581 25,908 27,842 27,855 91

EE 224 265 275 247 290 322 347 274 189 217 227 101

IE 2387 2423 2564 3367 3410 3822 4037 4073 4133 4867 5178 217

EL 1895 1735 1721 1621 1551 1644 1601 1505 1161 1312 1453 77

ES 7033 6443 6503 6967 6847 7375 7474 7152 5168 5954 6465 92

FR 14,262 14,122 13,261 13,616 13,978 14,717 14,065 14,343 11,533 12,981 12,868 90

HR 239 221 212 229 242 278 262 273 231 271 317 133

IT 12,450 10,698 10,273 10,709 10,655 11,326 10,656 10,735 8844 10,719 11,187 90

CY 208 181 188 176 199 237 243 250 211 241 252 121

LV 74 88 132 125 109 100 149 125 136 172 208 281

LT 114 117 125 145 161 179 195 205 201 221 194 170

LU 1009 974 945 923 939 966 1001 1038 837 939 810 80

HU 580 571 588 643 676 729 772 808 702 784 782 135

MT 58 55 59 49 45 52 56 62 48 55 64 110

NL 8059 8022 7908 8281 8458 8490 8472 8331 7047 7568 7323 91

AT 2782 2769 2578 2701 2723 3028 3288 3323 3025 2548 2572 92

PL 3546 3505 3596 3811 4001 4349 4655 4829 4718 5194 5533 156

PT 1086 1081 1300 1119 1195 1715 1236 1192 933 937 999 92

RO 625 553 503 515 502 594 643 650 553 645 666 107

SI 229 227 232 315 345 361 372 342 308 339 337 147

SK 478 467 477 510 528 547 594 558 462 554 561 117

FI 1422 1658 1454 1510 1783 1822 2224 1930 1561 1933 1940 136

SE 152 39 39 123 210 428 698 716 528 186 284 187

EU 98,633 96,415 94,228 97,611 99,578 104,178 104,077 101,872 86,738 95,533 96,941 98

Note: when calculating the value of I, population (P) is calculated in millions of people, GDP per capita (A) in
thousands of euros, and air pollution and greenhouse gas emissions per capita (T) in tons. Source: own calculation.

3.1. Testing Data

Before performing the analyses, the following data tests were performed:

1. Pesaran CD (cross-sectional dependence) test:

CD =
√

2T/N(N − 1)
(
∑N−1

i=0 ∑N−1
j=i+1 × Pij

)
(2)

where Pij is the sample correlation coefficient of the residuals between cross-sections i
and j, N is the number of cross-sections, and T is the time dimension.

2. Breusch–Pagan (slope heterogeneity) test:

∆ =
√

N×
(

H − k/
√

2k
)

(3)

where H = 1/N ∑N
i=1 x (e′ix(I − Xi) (X′

i )
1X′

i )ei/δ2 k is the number of regressors, and ei
are the residuals.
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3. Westerlund cointegration test:

Gt= 1/N∑N
i=1ri, Gα= 1/N∑N

i=1αi (4)

where r, ri, and α, αi are the individual test statistics for each cross-section.

Table 2 shows the results of the calculations after processing 297 data.

Table 2. Data testing methods and results.

Test Method Number of
Data Points Test Result Significance

Level

Pesaran CD Test 297 0.2114 p < 0.05

Breusch–Pagan Test 297 0.2687 p < 0.05

Westerlund Cointegration Test 297 0.1223 p < 0.05
Source: own calculation.

3.1.1. Pesaran CD Test Result

The p-value of the Pesaran CD test is 0.2114, which is higher than the significance level
(0.05 for this study). This means there is not enough evidence to suggest the presence of
cross-sectional dependence in the data of the 27 EU member states between 2012 and 2022
(I). The lack of cross-sectional dependence also means that the data of individual member
states do not significantly influence each other’s data. In other words, based on the data,
the (I) values of the countries are independent of each other.

3.1.2. Breusch–Pagan Test Result

For the I values (the environmental burden), where I is defined as the product of the
countries’ population size (P), GDP per capita (A), and greenhouse gas emissions per capita
(T), the result of the Breusch–Pagan test indicates the following: since heteroskedasticity
is absent, the linear regression model that was applied to the I values can provide more
reliable and accurate estimates. There is also no heteroscedasticity in this model, which
confirms that the regression model results are reliable. It also follows from the model’s
reliability that the data used to examine the total environmental load of the EU member
states correctly represent reality without significant differences in the variance.

3.1.3. Westerlund Cointegration Test Result

The p-value of this test (0.1223) indicates no solid statistical evidence for cointegration
in the EU member states’ (I) data at the usual 0.05 significance level. In other words, based
on the data, we cannot say with certainty that there is a long-term equilibrium relationship
between the examined time series (the I values indicating the environmental load of the
EU member states). The test result also shows no solid statistical evidence that the total
environmental load of the EU member states is in a long-term equilibrium relationship
with each other. This means that each individual EU member state’s total environmental
load (I) follows a different long-term trend. From the result, it can be concluded that the
individual member states follow different paths regarding their environmental load.

Using second-generation econometric techniques (cross-sectional dependency, slope
heterogeneity, and Westerlund cointegration tests) to analyze the environmental burden of
the EU and its member states increases the accuracy and reliability of the results. These
procedures consider the interactions between the EU member states, country-by-country
differences, and temporal co-movements, thereby enabling a more precise exploration of
complex relationships and trends during the period of 2012–2022.
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4. Results
4.1. Results of Changes in Total Environmental Load (I) between 2012 and 2022

The data in the last column of Table 1 show the extent to which the I values of the EU
member states had changed by 2022 compared to the values in 2012. These are relevant
data, as they represent the changes in the total environmental load of the EU member states
compared to themselves in previous years and to other countries.

Data analysis was performed using the Shapiro–Wilk test. The results are as follows:
sample size (n): 27, average (x): 1.241111, median:1.10, sample standard deviation (S):
0.466149, sum of squares: 5.649667, b:2.142237, skewness: 1.856885, and excess kurto-
sis: 4.025723.

Figure 1 illustrates that the data with respect to the changes in the values of the EU
member states’ total environmental load (I) follow a normal distribution. This normal
distribution is a probability function that shows how the values of the evolution of the
variable I are distributed. A normal distribution is an arrangement of data from a given
population (in this case, I) where most values are concentrated in the middle of the range.
The further an I value is from the center of the range, the fewer cases it has. The central
part of the I distribution is located near the average, from which it follows that most of the
values expressing the change in the total environmental load of the EU member states are
grouped around the average.
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Figure 1 shows that the data is normally distributed.

4.2. Clusters of Changes in the Total Environmental Load (I) of EU Member States

The meaningful separation and grouping of data is an essential goal of many scientific
fields. Cluster analysis is a frequently used method for data mining, pattern recognition,
information retrieval, data compression, and computer graphics. Cluster analysis is not a
specific procedure but a grouping method that divides the original data into meaningful or
useful groups (clusters) depending on the desired end goal [37–42].

This subsection describes the analysis and interpretation of the arrangement of the EU
member states into five clusters based on the I values of environmental load (I = P × A × T).
During the analysis, this study took into account each country’s population size (P), GDP per
capita (A), and greenhouse gas emissions per capita (T). Based on the 2022/2012 ratio of the
I values calculated with the three independent variables, the algorithm created the clusters
shown in Figure 2. The results of the cluster analysis are as follows:
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Eleven EU member states were classified in the first cluster (with the change in the
values of I showing a decrease between 50 and 100 percent): Belgium, Denmark, Germany,
Greece, Spain, France, Italy, Luxembourg, the Netherlands, Portugal, and Austria.

These member states are characterized by the following independent variables in
the trend of their total environmental load (I): high population, high GDP per capita,
medium–high greenhouse gas emissions per capita, and high total environmental load
(except for Luxembourg).

These EU member states have a large population size (except for Luxembourg) and a
high economic output (GDP), which results in a significant environmental load (I). Their
high industrial and financial activities result in high per capita greenhouse gas emissions.

The second cluster (with the change in the values of I showing an increase between
0 and 50 percent) comprises 11 EU member states: Bulgaria, the Czech Republic, Estonia,
Croatia, Cyprus, Hungary, Malta, Romania, Slovenia, Slovakia, and Finland.

These member states are characterized by the following independent variables in
the trend of the values of their total environmental load (I): medium population; low–
medium GDP per capita; medium–high greenhouse gas emissions per capita; and high
total environmental load (except for Cyprus and Malta). These EU member states are
growing economies with a moderate environmental burden. Because of their economic
development and industrialization, their environmental impacts are significant but not as
high as in the case of the member states classified in Cluster 1.

The third cluster (with the change in the values of I showing an increase between
50 and 100 percent) includes three EU member states: Lithuania, Poland, and Sweden.
These member states are characterized by the following independent variables in the trend
of the values of their total environmental load (I): low–medium population; medium–
high GDP per capita; medium greenhouse gas emissions per capita (except for Sweden,
where the value of this variable is the lowest among the EU member states); and low total
environmental load.

These EU member states have a smaller population, but their economic performance
(except for Lithuania) is relatively high. Because of the smaller population, the environ-
mental burden is lower overall; however, because of the intensity of economic activity, it is
still significant in countries such as Poland.

The fourth cluster (with an increase of 200–250 percent in the change of the values of I)
includes only Ireland. This member state is characterized by the following independent
variables in the trend of the value of its total environmental load (I): low population; high
GDP per capita (second highest among the EU member states after Luxembourg); very
high greenhouse gas emissions per capita (highest among the EU member states); and
high total environmental load. With Ireland’s high economic performance and the highest
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greenhouse gas emissions per capita in the EU, its total environmental burden is the sixth
highest in the EU despite its low population.

Only Latvia was included in the fifth cluster (an increase of 250–300 percent in the
change in the values of I). This member state is characterized by the following independent
variables in the trend of its total environmental load (I): low population; low GDP per
capita (fourth lowest among the EU member states); medium greenhouse gas emissions
per capita (however, it has one of the highest growth rates in the EU, rising from 3.0 in 2012
to 8.0 by 2022); and low total environmental load.

Table 3 shows the clusters of EU member states.

Table 3. Characteristics of IPAT variables of clusters.

Cluster Serial
Number Cluster Countries Population (P) GDP per Capita (A) Pollutants per

Capita (T)
Total Environmental

Load (I)

1.
BE, DK, DE, EL, ES,
FR, IT, LU, NL, PT,

AT
high high average–high high (except for

Luxembourg)

2.
BG, CZ, EE, HR, CY,
HU, MT, RO, SI, SK,

FI
average low–average average–high high (except for

Cyprus and Malta)

3. LT, PL, SE low–average average–high average (except for
Sweden) low

4. IE low high high high

5. LV low low average low

Source: own table.

4.3. Linear Trend Model Analysis

The linear trend model equation is as follows:

It = α + βt + ϵt (5)

where It is the value of the environmental load (I) at a certain time point (year); α is the axis
section (intercept) of the equation, which shows the value of I when t = 0 (initial value); β is
the slope of the trend, which indicates how much the value of I changes every year; t is
time (years); and ϵt is the error term, which includes effects not explained by the model.

The linear trend model examines the relationship between the total environmental
load (I) and year for each EU member state. The model estimates each country’s intercept
and slope, indicating the initial value and the annual change.

Table 4 shows the results of the linear trend model test per EU member state.

Table 4. The trend of development of total environmental load (I) of each EU member state over time
(2012–2022).

Country Intercept (α) Slope (β) R-Squared p-Value

BE 4164.45 −15.91 0.022 0.669

BG 267.09 8.73 0.420 0.079

CZ 1905.18 32.45 0.715 0.004

DK 2590.45 18.00 0.286 0.183

DE 30,876.82 −307.64 0.653 0.010

EE 242.09 −0.55 0.001 0.970

IE 2797.27 273.18 0.879 0.001

EL 1722.00 −47.64 0.641 0.011

ES 6805.36 −37.27 0.224 0.250
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Table 4. Cont.

Country Intercept (α) Slope (β) R-Squared p-Value

FR 13,812.09 −78.18 0.498 0.045

HR 239.36 7.82 0.698 0.005

IT 11,122.64 21.27 0.017 0.717

CY 197.18 6.36 0.350 0.130

LV 102.45 7.45 0.572 0.024

LT 153.55 4.36 0.334 0.144

LU 978.18 −10.27 0.056 0.522

HU 597.82 18.64 0.780 0.001

MT 51.09 1.36 0.301 0.171

NL 8038.55 −13.64 0.047 0.556

AT 2782.00 −18.00 0.286 0.183

PL 3593.73 196.73 0.942 0.001

PT 1157.27 −20.36 0.134 0.412

RO 573.36 10.09 0.600 0.019

SI 280.64 5.36 0.322 0.156

SK 487.36 5.91 0.562 0.026

FI 1564.91 39.18 0.551 0.029

SE 257.55 5.91 0.102 0.469
Source: own table.

Based on the linear trend model, this study examined the trends in the I values of
each country over time. The intercept (α) shows the initial I value of a given country, while
the slope (β) indicates the rate of change over time. High R-squared values (for example,
for Ireland, Germany, and Poland) suggest that the time trends explain the variation in I
values well. Low p-values (e.g., for Ireland, Germany, and Poland) indicate a significant
relationship between time and I values. However, the time trends do not show a significant
relationship for several countries (e.g., Belgium, Estonia, and Luxembourg).

Based on the analysis of the linear trend model, the following conclusions can be made:
The negative slope (β) values indicate that the total environmental load decreased

during the examined period in the most developed EU member states (Belgium, Denmark,
Germany, Greece, Spain, France, Italy, Luxembourg, the Netherlands, Portugal, and Aus-
tria). For other member states, the value of I significantly increases with β and the p-values
with a variable intensity.

4.4. Analysis of the EU-Level Total Environmental Load (I) and Its Independent Variables

This subsection presents an analysis of the consolidated data of total environmental
load for all EU member states as a whole (Table 5), thereby enabling the identification of
larger-scale trends and correlations that are not necessarily visible at the level of individual
member states.

The following should be noted from the data shown in Figure 3. The population
(P) of the EU member states as a whole grew very slightly during this period, practically
stagnating. The GDP per capita (A) steadily increased. In 2012, the index value was 100.00,
which rose to 115.00 by 2022, showing an increase of 15%. In terms of environmental impact
(T), the environmental impact indicator decreased during the period. In 2012, the index
value was 100.00; by 2022, it had reduced to 86.00, representing a 14% decrease. The total
environmental load (I) decreased minimally during the period. In 2012, the index value
was 100.00; by 2022, it had reduced to 98.00, showing a decrease of 2%.
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Table 5. Values of the EU’s total environmental load (I) and its independent variables (P, A, and T)
(2012–2022).

Variables 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

P * 441 441 443 444 445 446 446 447 448 447 447

A ** 25,140 25,060 25,420 25,950 26,400 27,100 27,610 28,050 26,440 28,040 28,920

T *** 8.5 8.3 8.0 8.1 8.1 8.3 8.1 7.8 6.9 7.4 7.3

I **** 98,633 96,415 94,228 97,611 99,578 104,178 104,077 101,872 86,738 95,533 96,941

* million people; ** GDP per capita, thousand euros/capita/year; *** air pollutants and greenhouse gases per
person, thousand tons/person/year; **** calculated theoretical value. Source: own calculation.
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Figure 3 shows the values of one dependent and three independent variables of the
IPAT model.

5. Discussion

Based on the analyses, this study identified several significant results. The first finding
is with respect to the clustering separated the EU member states according to the degree
and direction (decrease or increase) of total environmental load during the period under
review. The results show that only the EU member states with high economic output and
environmental load decreased their total environmental load between 2012 and 2022.

Using the linear trend model analysis, this study examined the trends of each EU
member state’s total environmental load values over time. Based on this analysis, the EU
member states’ environmental load (I) decreased slightly between 2012 and 2022. According
to the results, the values of I decreased by an average of 0.2 percent per year, indicating that
the EU member states, in general, successfully reduced their environmental load during
this period. However, this decrease was only minimal.
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This study’s most significant result and conclusion is that the EU member states’
aggregated total environmental burden (I) decreased minimally, by only two percent,
during the period under review (see Table 1). Based on this result, it can be concluded
that the environmental load of the EU remained at the same level in 2022 compared
to 2012. As presented in Section 4.2, this study showed that the member states played
significantly different roles in their contribution to the fact that the EU’s environmental
load did not change significantly during the period under review. The total environmental
load decreased in 11 of the 27 member states and increased in 16 (see Figure 2). The value
of I remained at the same level, explained by the fact that there were 16 member countries
whose total environmental load increased but whose economic output was lower. This
was offset by 11 member states with high economic output, whose total environmental
load decreased.

Among the three independent variables (population, greenhouse gas emissions per
capita, and GDP per capita), the population did not significantly influence the total en-
vironmental load, as the population size practically did not change in the EU during the
examined period (2012 = 441 and 2022 = 447 million people).

Next, the roles of the two other independent variables were examined. First, I exam-
ined the role of air pollution and greenhouse gas (GHG) emissions per capita. One of the
most critical areas of action regarding climate change is the regulation of GHG emissions.
The EU has set the goal of achieving at least a 20 percent reduction in GHG emissions by
2020 and a 40 percent reduction by 2030 compared to the 1990 emission level, as well as
carbon neutrality by 2050.

Several studies have examined the role and significance of GHG emissions in the total
environmental load, with the most important findings of these studies being diverse [43–47].

GHG emissions have continuously decreased in the European Union due to the
permanent decrease in specific energy consumption. Improving energy efficiency will
reduce GHG emissions, help fight climate change, enhance air quality, and reduce the EU’s
dependence on fossil fuels [44,48–50].

Because of the decrease in specific energy consumption, air pollutants and greenhouse
gas emissions per capita also decreased in the EU member states (by 14.12 percent [34])
during the examined period. Consequently, this variable contributed to the reduction in
the value of total environmental load. Despite this, the total environmental load did not
decrease significantly in the EU member states during the period under review.

In addition to the population size remaining at the same level and the reduction in
GHG emissions, based on the IPAT’s arithmetic calculation, the total environmental load
could only stay at the same level if the GDP per capita increased robustly. The GDP per
capita was 25,110 euros in 2012 and 28,920 euros in 2022; the growth rate was 15.17 per-
cent [33]. This economic growth variable can be considered representative, reflecting the
economy’s ability to produce goods and services, which entails a significant environmental
burden. In addition, energy consumption is closely related to GDP output and population
growth, as both require energy. Theoretically, an increase in the value of these two variables
entails an increase in the total environmental load.

The most important result of this study is that, in addition to the unchanged population
size in the EU, as a result of the robust reduction in per capita air pollutant and greenhouse
gas emissions and the significant growth of GDP, the total environmental load did not
change significantly between 2012 and 2022. In summary, it can be concluded that the
main driving force behind the total environmental load remaining at the same level was
the growth of GDP in the EU during the examined period.

I will present some results from the literature, which have been investigated using
the variables of the IPAT equation. According to the research results, in most countries in
the ASEAN region, population growth and GDP growth were the main driving forces of
the increase in environmental load (CO2 emissions). Fossil fuels contributed significantly
to the increase in the environmental load (CO2 emissions). However, the increase in CO2
emissions was offset by the improved energy efficiency and carbon dioxide intensity of fossil
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energy [31]. A study combined the IPAT model and the ARDL model to analyze the impact
of GDP per capita, renewable energy consumption, urbanization, and unemployment on
greenhouse gas emissions. The results show that while GDP per capita and urbanization
increase the environmental load, renewable energy significantly reduces it [51].

Another study also used an improved version of the basic IPAT model. Exploring
the complex relationship between economic and energy indicators and environmental
outcomes, that study applied the STIRPAT model to analyze the environmental impact
of GDP, population dynamics, fossil fuels, renewable energy, and nuclear power in South
Korea. The study confirmed the results of previous research, showing that increases in GDP
and population growth in South Korea lead to higher CO2 emissions (higher environmental
load) and that the transition to renewable energy can reduce the ecological load of the
country [52].

A previous study applied the classic IPAT (impact–population–affluence–technology)
master equation to measure and compare trends in material-use efficiency in Taiwan with
other Asia-Pacific countries. That study found that the environmental burden was decou-
pled from economic growth. Regarding the decomposition analysis of the IPAT equation
and comparison with 38 other countries, Taiwan’s material-use efficiency did not perform
as well as GDP growth [53]. According to a 2020 study, energy-related variables such as
energy price and energy efficiency are also essential factors impacting the environmental
load. Furthermore, the IPAT model (a method of decomposing environmental impact (I)
into socio-economic variables: population (P), affluence (A), and technology (T)) suggests
that socio-demographic variables such as population and urbanization have an impact on
the non-linear relationship between income and emissions. In addition, the researchers
proved that an aging population reduces the emission level by 0.4 percent, whereas a
younger population increases it [54].

As with all research studies, this study has its limitations. Although technological
development (T) plays a role in reducing air pollutant and greenhouse gas emissions in
the EU (and all member states), this study did not carry out a detailed analysis of exactly
which technological changes (renewable energy sources, energy efficiency measures, etc.)
contributed most to the to decrease. The second limitation of this study is that the analysis
did not examine economic factors that could have influenced the changes in GDP per capita
(A) and T values. Factors such as economic recessions (e.g., due to pandemics) or booms
may have impacted the variables influencing the total environmental load (I). Another
limitation is that this study did not examine changes in the population composition due to
processes such as urbanization, demographic changes, or migration, which may also have
affected the total environmental load of the member states. The present analysis did not
examine regional differences either. Individual EU member states’ industrial structures and
environmental protection policies may have had different effects on the dependent variable
(I) and the independent variables (A, P, and T). Lastly, this study did not address the export
of GDP emissions. It may have happened that some EU member countries reduced their
emissions by transferring their production and environmental load to other countries. The
above-described limitations of this research may indicate new research directions.

6. Conclusions and Recommendations

This research aimed to provide a detailed and comprehensive analysis of changes in
the environmental impact of the EU and its member states during the period 2012–2022,
thus supporting the EU’s political decisions, its evaluation of the region’s technological
development, and its implementation of sustainable development goals. A secondary aim
of this study was to increase the knowledge of the scientific community and contribute to
more effective management of the environmental load.

Both positive and negative statements can be drawn from the study’s main results.
The impact of technological development should be considered positive since the reduction
in specific air pollutants and greenhouse gas emissions indicates that the environmental
regulations and technological developments introduced in the EU are effective. This has the
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beneficial effect of reducing the overall environmental load. The increase in GDP per capita
also has a positive impact, as the results show that the EU’s economic performance has
improved, which has generally led to a better quality of life and economic stability (except
in 2020). In addition to maintaining economic growth, it is possible to moderately reduce
environmental emissions in the EU, which is one of the goals of sustainable development.
The results suggest that EU environmental policies aimed at reducing environmental
emissions have been successful.

However, the fact that the total environmental load (I) practically did not change
despite the decrease in specific environmental emissions can be considered as negative.
This suggests that the increase in the amounts of products and services generated by the
growth of GDP offsets the reduction in pollution. This presents a challenge in achieving
the EU’s sustainability goals.

The study results show that the current economic growth model in the EU is not
necessarily compatible with long-term environmental sustainability. New innovative
approaches are needed for sustainable development if a decreasing environmental load
does not accompany the EU’s economic growth.

In the EU, the total environmental burden decreased marginally between 2012 and
2022; the correct term to characterize the state reached is stagnation. To make meaningful
progress, the EU must prioritize technological development and innovation that promotes
economic growth without increasing the environmental burden. Particular attention should
be paid to the development of green technologies and the circular economy, which enable
GDP growth without burdening the environment. The EU also needs to tighten current
environmental regulations further, especially regulations concerning pollutant and carbon
dioxide emissions. Investments in low-carbon technologies and measures to increase energy
efficiency must be supported.
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