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Development: A Comparative Study of Bosnia and Herzegovina, Croatia,
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Abstract: The growing need for reducing CO,emissions in the context of sustainable
development has intensified the search for efficient analytical approaches to understand
and manage emission drivers. In this paper, three machine learning models were
developed using multiple linear regression for the countries of Bosnia and Herzegovina,
Croatia and Slovenia. Renewable energy consumption, PM, s air pollution, GDP per
capita, foreign direct investment, urban population, forest area, and total population
were used as inputs in the models, while CO, emissions for the period from 2000 to 2020
were used as outputs. The developed models for all three countries have good
performance, with R*values of 91,34%, 77,91%, and 77,20% respectively. For Bosnia
and Herzegovina urban population increases COjemission, while renewable energy
consumption and forest area decrease CO, emission. In Croatia PM, s was the most
influential factor that increases COyemission.In Slovenia population growth decreases
CO, emissions, whileGDP per capita increases CO, emissions. Also, hypothesis testing
for differences between means was performed for all variables between all three
countries. The findings showed that for almost all variables there were statistically
significant differences in mean differences between all countries. Regarding CO,
emission there are not enough statistical evidence that Bosnia and Herzegovina have
higher CO, emissions than Croatia, while both Bosnia and Herzegovina, and Croatia
have significantly higher CO, emissions than Slovenia. This research shows the potential
of machine learning models as tools for data-driven policymaking in the transition
towards Industry 5.0 and a sustainable industrial future.

Keywords: CO, emission, sustainability, machine learning, multiple linear regression,
hypothesis tests

1. Introduction

The increase in greenhouse gas (GHG) emissions, primarily caused by human
activities, is responsible for global warming and climate change, which is why
the urgent action is needed to avoid potentially irreversible damage to the
environment [1]. Climate change is a global problem whose consequences
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negatively affect humanity, biodiversity, terrestrial and marine ecosystems, but
also peace and security [2]. The effects of climate change call for strengthening
global responses with mitigation and adaptation actions to keep a global
temperature rise below 2,0 degrees Celsius above pre-industrial levels and to
pursue efforts to limit the temperature increase even further to 1,5 degrees
Celsius, as set out in the Paris Agreement goals [2, 3]. The number of countries,
cities, businesses and other institutions pledging to achieve net zero emissions
grows constantly. However, the transition to a net-zero world is considered to be
one of the greatest challenges as it requires the complete transformation of how
the population produce, consume, and move about [4].

Under the EU Climate Law, the European Green Deal aims to make Europe the
first climate-neutral continent by 2050, starting with the aim to reduce GHG
emissions by at least 55% by 2030 compared to 1990 levels [5].EU aims to
achieve climate goals and encourage transition in both EU and non-EU countries
by introducing different measures through its legislation and mechanisms such
as EU Emissions Trading System (ETS) and Carbon Border Adjustment
Mechanism (CBAM). ‘Fit for 55° package of legislation introduces reforms
across all sectors of the EU’s economy with measures for promoting zero-
emission mobility, developing a net-zero industry, building a clean energy
system based on renewable energy sources (RES), renovating buildings for
energy efficiency, restoring nature and enabling biodiversity, all to accelerate the
transition towards climate neutrality [5]. An important instrument for achieving
EU climate goals in a cost-effective way is the EU ETS. As the world’s first
carbon market that currently operates in all EU countries, Iceland, Liechtenstein
and Norway, and is linked to the Swiss ETS, EU ETS collects revenue that must
be used to support the green transition by investing in renewable energy, energy
efficiency, improvements and low-carbon technologies that help reduce
emissions [6]. From 2026, EU will also apply the CBAM to prevent the risk of
“carbon leakage” from countries with less stringent climate policies than in the
EU. With CBAM, EU aims to put a fair price on the GHG emissions emitted
during the production of carbon intensive goods and ensure that the carbon price
of imports is equivalent to the carbon price of domestic production [7].

Total GHG emissions are the sum of emissions of various gases, but the most
dominant one is carbon dioxide (CO,). Total CO, emissions accounted for
74,89% of total GHG emissions in 2023 and amounted to 41,42 billion tons in
the same year [8, 9].In advanced economiesCO,emissions decrease, while in
most emergingmarkets and developing economies CO2 emissions continue to
grow, but more slowly due to a rise in clean energy deployment[10].

246



Mirza Pasi¢, Nejra Biber: Machine Learning Modelling of CO, Emissions for Sustainable Development:
A Comparative Study of Bosnia and Herzegovina, Croatia, and Slovenia
The divergence in emissions trends between different regions has led many
organizations and researchers to explore the factors influencing CO,and overall
GHG emissions and their impact on sustainable development.Authors in [11]
focused on analyzing the effects of GDP, renewable energy, household energy
consumption and waste on the GHG emissions and found a positive relationship
between real GDP, household energy consumption and waste generation and
GHG emissions, while the share of renewable energy turned out to be slightly
negative.The impact of artificial intelligence (Al), economic growth, FDI,
energy consumption, and urbanization on CO,emissions was investigated in
[12]. The analysis showed that Al positively correlates with CO,reduction, while
GDP growth, energy consumption, FDI, and wurbanization intensify
CO,emissions. Authors in [13] investigated the relationship between economic
growth and CO, emissions worldwide using a multilevel model that
accommodates interactions between fixed and random effects related to GDP
and CO,emissions. The results of the analysis showed a positive relationship
between economic development and CO, emissions.

Because the precise forecasting plays an important role in regulating reductions
in CO, emissions, the authors in [14] developed four machine learning
algorithms to estimate CO, emissions based on the data on different energy
sources that impact CO, emissions.In [15] authors did bibliographic analysis and
content review to analyze the how using machine learning can be used in order
to reduce CO,emissions in construction. The research showed that different
machine learning model were used such as artificial neural networks, genetic
algorithms, regression models, support vector machines, and decision trees, were
used to predict CO, emissions and to optimize sustainable construction.Study
[16] used machine learning methods gradient boosting machine, support vector
machines, random forest, extreme gradient boosting to predict city-level CO,
emissions throughout China. The authors concluded that their findings can be
used to create carbon footprint maps.The authors in [17] used Al and machine
learning to predict CO, emissions in the near and far future, and different models
were created to analyze CO, emission during and after COVID-19 pandemic.

In [18] the effects of economic growth, industrial structure, urbanization,
investments in research and development, use of foreign capital, and energy
consumption on C0,emissions using machine learning algorithms was analyzed.
The results showed the importance of region-specific industrialization and an
optimal urbanization range as well as an increased research and development
and foreign capital investment in green technologies to support the reductions in
CO,emissions, while sustaining economic growth. Magazzino et al. [19] did a
study in which authors did a machine learning approach to analyze solar and
wind energy production, coal consumption, GDP, and CO,emissions. This
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research was done to analyzeCO, emissions for China, India, and USA and it
was concluded that India has a potential for increased CO, emissions. USA and
China demonstrate a stronger potential for achieving sustainability than
India.Authors used machine learning methods such as adaptive boosted support
vector machines (SVR) and Adaptive boosted Gaussian process (GPR) to predict
loading of CO,in the solvent phase. In this research temperature, solution
concentration, CO, particle pressure, amino acid salt molecular weight, melting
point of amino acid salt, molecular weight of cation were used as inputs, while
loading of CO, in the solvent phase was used as output [20].Linear regression
approach was used in [21] to explore the relationship between CO, emissions,
energy use, GDP, and population. The findings of this case study showed a long-
run equilibrium relationship from these factors to CO, emissions, and that an
increase of 1% in energy use, GDP and population leads to an increase of 0,58%,
0,73%, and 1,30% in CO,emissions, respectively. A comparison of conventional
linear regression model and linear regression model with fuzzy numbers was
done in [22] to predict CO, emissions, using data on CO,emissions, fuel mix,
transportation, GDP, and population. The results showed that multiple linear
regression performed better in predicting CO,emissions.

Previously analysed research show that machine learning and artificial
intelligence methods are effective tools for predicting CO, emissions, enabling a
better understanding of the factors contributing to emissions and the
identification of strategies to reduce them. Technologies such as automation, the
Internet of Things (IoT), big data, Al and machine learning, associated with
Industry 4,0, allowed industries to achieve higher levels of efficiency and
productivity. However, even though the embracement of Industry 4,0 led to
considerable improvements in performances, the industries globally are
embracing the concepts of Industry 5.0 which emphasizes collaboration between
humans and machines to achieve more flexible, adaptable, and sustainable
systems. Industry 5.0 focuses more on sustainable practices to optimize resource
use and lower environmental impacts, and on achieving more inclusive and
responsible industrial practices [23]. This is in line with the global goals to
reduce emissions and promote environmental sustainability.

In [24] authors identified 16 interdependent functions through which Industry
5.0 contributes to sustainability. Authors also emphasized that experts suggested
that Industry 5.0 has been developed as a complement to Industry 4,0 to address
social and environmental challenges brought by the digital transformation.
Energy efficiency and renewable energy in Industry 5.0 and digital industrial
revolution from the perspective of sustainability was analyzed in [25], while the
need for mass personalization for sustainability and Industry 5.0 builds upon
Industry 4,0 by introducing a human-centric approach that promotes greater
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resilience and sustainability [26]. In [27] principal component regression
machine learning model was used to predict levels of heavy metals like lead,
zinc, nickel, arsenic, and cadmium, analyze the environmental data, and dealing
with the variability in environmental data. Authors suggest that machine learning
methods and decision analytics should be incorporated with resilient and human-
centered approach in order to be aligned with goals of Industry 5.0. Research
[28] aimed to address major challenges of the integration of human-centered Al
methodology relevant to circular economy and Industry 5.0.
Various machine learning methods were used forprediction and analysis ofCO,
emissions, and that in the context of Industry 5.0 where sustainability and the
application of advanced technologies such as machine learning are key
principles, the importance of this approach should be further emphasized. The
aim of this research was to develop machine learning linear regression models
for the countries of Bosnia and Herzegovina, Croatia, and Slovenia, as well as to
analyze the impact of different statistically significant variables for each country
individually. Also, hypothesis tests were performed to analyze the differences
between means of all variables used in this research between each country. The
structure of the paper is as follows: after the introduction, materials and methods
are presented in Section 2. The results and discussion are given in Section 3.
Finally, Section 4 presents the conclusion of the research with recommendations
for future research.

2. Materials and Methods

In this research average yearly values from 2000 to 2020 were used for the
countries of Bosnia and Herzegovina (BIH), Croatia (CRO) and Slovenia
(SVN). Multiple linear regression models with backward analysis were
developed for all three countries where:
e renewable energy consumption (% of total final energy consumption) —
REC,

e PMj, s air pollution (mean annual exposure [%]) —PM; s,

e  GDP per capita (current USS$) — GDPpc,

e foreign direct investment, net inflows (BoP, current US$) — FDI,

e urban population (% of total population) — UP,

e forest area [km?]- FA, and

e total population — TP,
were used as independent variables, while CO, emissions (total) excluding
LULUCF (MtCO2e) —C0O, emissionswas used as dependent variable.Also,

hypothesis tests for the differences between two means for all variables between
BIH, CRO and SVN were done.
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2.1. Data

The data for this research were collected from World Bank [29]. Data for all
variables were shown in Figure 1, Figure 2 and Figure3 for BiH, Croatia and
Slovenia respectively.

From Figure 1 it can be seen that renewable energy consumption were
increasing in years 2018, 2019 and 2020, while the values of PM,swere
decreasing throughout the years. GDP per capita and urban population were
increasing, while the total population was decreasing for Bosnia and
Herzegovina.
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Figure 1. Scatter plots of all variables for Bosnia and Herzegovina for the
period from 2000 to 2020
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From Figure 2 it can be seen that the values of renewable energy consumption,

GDP per capita, urban population and forest were increasing, while for Croatia

the values of PM, s, total population, and CO, emissions were decreasing over
the time period of 2000 — 2020.
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Figure 2. Scatter plots of all variables for Croatia for the period from 2000 to

2020

Figure 3 shows that for Slovenia renewable energy consumption, GDP per
capita, urban population, and total population were increasing, whilePM, 5 and
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CO,emissions were decreasing through the years. Forest area was increasing
until 2016 when it started decreasing until 2020.
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Figure 3. Scatter plots of all variables for Slovenia for the period from 2000 to
2020

Based on the Figure 1, Figure 2, and Figure 3 it is evident that the same
variables show different trends for Bosnia and Herzegovina, Croatia and
Slovenia, with some variables showing increasing while others showing a
decreasing pattern over the years.

2.2 Multiple Linear Regression

In this research multiple linear regression with backward elimination was done.
Due to the large differences in the order of magnitude among the variables, data
were standardized to reduce potential numerical instability and to make the
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coefficients of linear regression easier to interpret. Data were analyzed using

multiple linear regression modelsshown in equation (1) with the level of
significance o= 0,05.

Kk
Jj=bo + Z bix;; (1)
=1

where:

k — number of independent variables,

y, — predicted value of dependent variable (j = 1, ..., n),
n — number of samples,

by, —intercept,

b; — regression coefficients (i = 1, ..., k).

Significance tests were carried out for each stage of the backward regression
analysis in order to provide statistical evidence regarding the independent
variables that significantly contribute to the prediction of theCO, emissions.
Variance Inflation Factor (VIF) was used to determine potential presence of
multicollinearity between all significant independent variables. This calculation
of VIF is shown in equation (2), where VIF value lower than 10 indicates that
there is no multicollinearity between the significant independent variables[30].

1
VIF = ——
1— R? )

where:

R? —coefficient of determination when the i" independent variable is regressed
against all other independent variables.

In order to identify the most impactful independent variable,standardized
regression coefficients can be calculated as shown in equation (3).

oS,
ist SxL. l (3)
where:
i — i*" independent variable (i = 1, ...k),
b;s; — standardized regression coefficient,
Sx; — standard deviation of it" independent variable,

sy — standard deviations of dependent variable.

As standardized values of all variables were used in this study, calculated
regression coefficients are standardized regression coefficients.
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For each country, multiple linear regression model using backward elimination
was evaluated using coefficient of determination(R?)and mean squared error
(MSE) as shown in equation (4) and equation (5) respectively.

2
R2=1_Z?=1(Yj_yj)2 (4)
2y - 3)
where:
9, — predicted value of dependent variable (j = 1, ..., n),
yj — actual value of dependent variable,

n — number of samples.

n
1
MSE = ;Z(yj -9) (3)
=1

where:

9, — predicted value of dependent variable (j = 1, ..., n),
yj — actual value of dependent variable,

n — number of samples.

2.2.Hypothesis tests for the differences between two means for all variables
between Bosnia and Herzegovina, Croatia and Slovenia

Hypothesis tests for the differences between two means for all variables were
done in order to analyze whether there were differences between the means of
the same variable for three countries, BIH, CRO, and SVN. Since in this
research yearly average values have been used and the analyzed period is from
2000 to 2020, there are 20 samples per variable for each country. Since
population standard deviations are unknown, the t — testwas applied to test the
difference between means. To determine whether to use t-test that assumes
equal variances (pooled variance t — test) or the one that does not, F — testwas
performed to assess whether the variances between two samples are different.
The F statistic (Fs;q¢ ) is calculated as shown in equation (6):
st
Fstar = g (6)

where s and s2 are the sample variances of the two groups (with s#>s2 ).

If the F — testshows that the variances are not significantly different, the pooled
variance t — test is applied. The t-statistic (tg,.) for the pooled variance
version is calculated by equation (7):
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X=X
tstat = 1 1 (7)
S« =4 =

P ni + n2

where s, is pooled variance calculated by equation (8):

Sp:\/(nl—l)-slz+(n2—1)-s§ ®)

ng+n, —2

If the F — testshowed unequal variances, then the ty;,,was calculated as shown
in equation (9):
. )
stat — 51 > (9)

5145
ny nz

3. Results and Discussion

In this research multiple linear regression models with backward elimination
were created for all three countries, Bosnia and Herzegovina, Croatia, and
Slovenia. Renewable energy consumption (% of total final energy consumption)

(REC), PM, 5 air pollution (mean annual exposure [ﬁ]) (PM,5), GDP per

capita (current US$) (GDPpc), foreign direct investment, net inflows (BoP,
current US$) (FDI),urban population (% of total population) (UP), forest area
[km?] (FA), and total population (TP), were used as independent variables,
whileCO, emissions (total) excluding LULUCF (Mt CO2e)(C0O,) was used as
dependent variable. The aim of creating these models was to analyse which
independent variables are statistically significant in the models and to analyse
the impact of statistically significant variables on models’ output CO, emissions
for each country individually.

Also, hypothesis tests for the differences between two means for all variables
between BIH, CRO and SVN were done. Since in this research there were 20
samples for each variable, first F — test was performed to analyze the difference
between variances for each variable, and after that t — test was done.
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3.1.Analysis of developed linear regression models with backward elimination
for each country

Developed linear regression models for Bosnia and Herzegovina, Croatia, and
Slovenia are shown in equations (10 — 12) respectively. Since the variables were
of different orders of magnitude, their values were standardized prior to
developing the linear regression model and thus standardized regression
coefficients were obtained. Standardized coefficients indicate how many
standard deviations the dependent variable changes when an independent
variable changes by one standard deviation. Independent variables with the
largest standardized coefficients in absolute terms have the greatest influence on
the dependent variable.

1.1 COZ BIH — _0,317 ) RECBIH + 1,514 ) UPBIH - 0,551 ' FABIH (10)
COZ CRO = 0,813 " PMZ,S CRO + 0,355 * FDICRO (11)

C02,5 SVN = 0,573 " GDPpC - 1,24’0 " PTSLO (12)

SVN

From equations (10 — 12) it can be seen that for all three countries different
independent variables are statistically significant. These models demonstrate that
the analysis of carbon emissions in the context of transitioning from Industry 4,0
to Industry 5.0 must be considered individually for each country, as the context
is highly complex. Equation (10) for BIH shows that UP has the greatest
influence on CO, emissions, indicating that as UP increases, CO, emissions also
increase. Increase in values of REC and FA lead to decrease in CO, emissions,
showing that BIH should focus more on renewable energy consumption and
increase of forest area in order to achieve decarbonization and CO,emission
reduction.In CRO, equation (11), PM, s is the most influential variable with
highest value of standardized coefficient, where higher levels of this pollutant
are associated with increased CO, emissions. Equation (12) in the case of SVN,
shows that PTis the most important variable and that higher PT values are
associated with lower CO, emissions. Additionally, GDPpc is positively
associated with CO,emissions. It is interesting to notice that for SVN with the
increase of population CO,emissions decrease.

Table 1 shows that the models have high performances, withhighR? values and
low MSE. Among all statistically significant variables across the models, the
VIF is low, indicating that there is no multicollinearity among the input
variables.
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Table 1.Summary of linear regression models for BIH, CRO and SVN

Variable Country St. Coef t—value p—value VIF R? MSE

REC -0,317 -2,85 0,011 2,43
UP BIH 1,514 10,20 0,000 4,32 91,34% 0,319
FA -0,551 -3,06 0,007 6,37
PM; s 0,813 7,34 0,000 1
CRO 77,91% 0,495
FDI 0,335 3,03 0,007 1
GDPpc 0,573 3,25 0,004 2,46
SVN 77,20% 0,503
PT -1,240 -7,03 0,000 2,46

3.2.Hypothesis tests for the differences between two means between each
country

Hypothesis tests for the differences between the means of all variables between
Bosnia and Herzegovina, Croatia, and Slovenia were conducted. Given that each
variable consisted of 20 samples, F — test was first performed to examine
whether variances were different. Depending on the outcome of the F — test,
either t — test assuming equal variances or t — test assuming unequal variances
were applied to assess the differences in means. The proposed hypotheses for
F — test are shown in equations (13 — 15).

Ho: Shin = Séro 13
12 Hl: Sé”‘] * SERO ( )

b2 o2
Hy: ng = S.SZ‘VN (14)
Hi:Sgin # Ssyn

L2 2
Ho:S¢ro = SSun

(15)

o2 2
Hi:S¢ro # SSyn

Tables 2 — 4 show results of F — test for differences of variances between all
countries, BIH — CRO, BIH — SVN, and CRO — SVN respectively, where Table
2, Table 3, and Table 4 show decisions for proposed hypotheses in equation
(13), equation (14), and equation (15) respectively.
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Table 2.F-test results — BIH vs. CRO

Variabl

p

e SBin séro Fstae value Ferie  Decision
REC 4781 11,51 4,155 0,001 2,12 Reject H,
PM,s 14,84 7,02 2,114 0,051 i’lz B: not reject
GDPpc 24810 1,16107 4,676 0,001 2,12 Reject H,
FDE 14510 i’gfg 51’77 0,000 i’lz Reject H,
UP 4,12 1,5 2,755 0,014 3’12 Reject H,
PT  9,89-101° igfo 4,825 0,000 i’lz Reject H,
FA ;141 7.2 9510221 4546 0,001 3’12 Reject H,
Co, 1337 4,94 2,709 0,015 2,12 Reject H,
Table 3.F-test results — BIH vs. SVN
;/ariabl SEim s$vn Fstat Ii value Ferir  Decision
REC 4781 3,68 (1)2’98 0.000 2’12 Reject H,
PM,s 14,84 5.92 2,507 0.023 3’12 Reject H,
GDPpc 24810  2,77-107 ;1’17 0.000 2,12 Reject H,
FDE  14510Y ‘1‘06177 3,215 0.006 2’12 Reject H,
UP 412 1,95 2,115 0.051 i’lz 2: not reject
PT 989101 12410 ;9'56 0.000 2’12 Reject H,
FA ;141 172 928415 ‘1‘9'96 0.000 3’12 Reject H,
Co, 1337 2,02 6.620  0.000 2,12 Reject H,
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Table 4.F-test results — CRO vs. SVN

Variabl ..
e SgRo SSZVN Fstar Ii value Fepip  Decision
REC 1151 3,68 3,124 0.007 2’12 Reject H,
PM,s 7,02 5.92 1,186 0.353 2,12 Do notreject
: 4 H,
GDPpc 1,16107 2,77-107 2,390  0.029 3’12 Reject H,
171 4,67 2.12 .
FDE 1018 1017 3,664  0.003 4 Reject Hy
UP 15 1,95 1302 0.280 2,12 Do notreject
4 H,
2.05- Lo 1649 2.12 .
PT 1010 1,24-10 0 0.000 4 Reject Hy
FA 2510221 2284.15 (1)0'99 0.000 i’ 12 Reject H,
co, 494 2,02 2444 0.026 3’12 Reject H,

In Tables 2 — 4 where the decision was to ‘Do not reject Hy’, t — test assuming
equal variances was done, otherwise t — test assuming non-equal variances was
performed. From Tables 5 — 7 the results from performed t — test between all
countries can be seen.

From Table 5 it can be seen that there is enough statistical evidence to conclude
that CRO has higher REC, GDPpc, FDI, UP, and PT, while BIH has higher
PM, s and FA. Also, there is not enough statistical evidence to conclude that
BIH has higher CO,emissions than CRO. Although the null hypothesis for CO,
emissions was not rejected, as it was seen in equations (9) and (10) different
independent variables are statistically significant in the final linear regression
forCO, emissions predictions showing the complexity of this problem for each
country individually.

Table 6 shows results of t- test of differences between means of all variables
for BIH and SVN. There is enough statistical evidence to conclude that BIH has
higher PM, 5, PT, FA and CO, emissions than SVN, while SVN has higher
GDPpc, FDI, and UP than BIH. Also, there is not enough statistical evidence to
conclude that BIH has higher REC than SVN.
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Table 5.t-test results — BIH vs. CRO

Varia
ble

UprH

Ucro

Hypothesis

— stat — value — crit

p

t

Decision

REC

PM,; 5

GDPpc

FDI

Uup

PT

FA

co,

21,63

34,97

4080,
87

5,32
108

45,60

3,80-
10°

21330
,32

20,31

28,59

21,45

12172
,27

2,08
10°

55,28

4,22-
10°

19142
,41

20,04

Hy: Ucro
—Upin <0
Hi: Ucro
— Upi >0
Ho: Upin
— Ucro <0
Hy: ppiy
— Ucro > 0
Hy: tcro
—Upig <0
Hy:ucro
— gy >0
Hy: Ucro
—Upin <0
Hy: ficro
— Upn >0
Hy: Ucro
—ppin <0
Hi: tcro
— Upia >0
Ho: ficro
—ppin <0
Hi: pcro
— Upi >0
Ho: Upin
— Ucro =0
Hy:upiy
— Ucro > 0
Ho: Upin
— Ucro <0
Hy: gy
— Ucro > 0

4,139

13,25

9,881

5,211

18,72

5,654

26,87

0,295

0,000

0,000

0,000

0,000

0,000

0,000

0,000

0,385

1,699

1,684

1,701

1,714

1,692

1,701

1,701

1,692

Reject H,

RejectH,

Reject H

Reject Hy

Reject H,

Reject Hy

Reject H

Do not
reject Hy
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Table 6. t-test results — BIH vs. SVN

Varia t p t

ble Hpin  Msyn  Hypothesis _ stat —value — crit D9SN
Ho: ppin
19,54 —Hsyn =0 Do not
REC 21,63 3 Hy: g 1,332 0,098 1,714 reject Hy
— Usyn >0
Ho: Upin
19,13 —Hsyw=0 15093 .
PM,s 34,97 0 Hy: g 3 0,000 1,691 RejectH,
—tsyny >0
Hy: psyn
4080, 20842 —Wpim =0 13,97 .
GDPpc ’7 51 Hy: sy 6 0,000 1,711 Reject Hy
— g >0
Ho: hsyn
532- 9,04  —Hem =0 .
FDI 106 198 Hemen 2182 0018 1,696 Reject Hy
— Upin >0
Hy: tsyn
up 4ss0 szr0 o lEE =0 1322000 eea RejectH
’ ’ Hi: psyn 1 ’ ’ cject Ho
— Upn >0
Ho: Upin
3,800 2,04  “Hsyn =0 9545 .
PT 106 106 Hy: Ui 3 0,000 1,721 Reject H,
—tsyny >0
Ho: pprn
21330 12422 —tsyn =0 119,6 .
FA 32 61 Hy: g 46 0,000 1,721 Reject Hy,
— Usyn >0
Ho: pprn
co, 2031 1591 2P E=0 5133 0000 1706 Reject H
2 ’ ) Hl: .uBIH 5 5 9 Q]eC 0
— Usyn >0
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Table 7. t-test results — CRO vs. SVN

Varia Hvpothesis p t Decisi
ble Hcro  Hsvn My — stat — value — crit on
Hy: ticro
—usyn =0 10,63 Reject
REC 28.59 19,543 Hy: tero 3 0,000 1,694 H,
— Usyn >0
Ho: Ucro
—Usyn =0 Reject
PM,s 21,45 19,130 Hy: fiero 2,952 0,003 1,684 H,
—Usyny >0
Ho: thsyn
12172, 20842, —Hcro =0 Reject
GDPpc 55 ' %) He oo 6336 0000 1691 ¢
— Ucro >0
Hy: ticro
2,08 9,04 —Hsyn =0 Reject
FDE 10° 108 Hy: fiero 3,654 0,000 1,697 H,
— usyn >0
Hy: ticro
—Usyn <0 i
UP 5528 5270 . 6356 0000 1684 Reject
1+ Hcro Hy
— Usyn >0
Hy: Ucro
422- 2,04 —Hsyn =0 6787 Reject
PI° 108 108 Hy: pero 6 0000 L7I7py
—Usyny >0
Ho: tiero
19142, 12422, ~—Hsvw=0 1860 Reject
FA 4 61 Hy: pero 79 0:000 L7IL -y
— Usyny >0
Hy: ticro
—Hsyn =0 Reject
co, 20,04 15,91 Hy: fiero 7,158 0,000 1,691 H,
— usyn >0
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Results of t - test for differences between means for all variables for CRO and
SVN are shown in Table 7, where there is enough statistical evidence to
conclude that CRO has higher values of REC, PM, s, FDI, UP, PT, FA and CO,
than SVN, while SVN has higher value of GDPpc than CRO.

From these results it can be seen that SVN has significantly lower values of CO,
emissions than both BIH and CRO showing that they are much further in the
decarbonization process than BIH and CRO, while other variables vary
differently between countries.

4. Conclusion

This research shows that CO,emissions and other variables analyzed in this
research vary significantly between Bosnia and Herzegovina, Croatia and
Slovenia, which indicates the need for an individualized approach in creating
decarbonization strategies for each country. Using machine learning method
multiple linear regression with backward elimination, models were developed
that allow the identification of variables with a statistically significant impact on
CO, emissions.

For Bosnia and Herzegovina, developed linear regression model showed that
increase of urban population increasesCO, emissions, while the increase of
values of renewable energy consumption and forest area reducesCO, emissions.
This clearly indicates the areas where Bosnia and Heregovina needs to focus its
attention in order to achieve its decarbonization goals. The developed model for
Croatia shows that PM, sair pollution was the most influential variable, where
the increase of PM, 5 increases values of CO, emissions, suggesting a need to
focus on measures to improve air quality. In the case of Slovenia, the developed
model shows that with the increase of total population the value of CO,
emissions decreases, which may indicate a higher level of environmental
awareness, while the increase of GDP per capitaincreases CO, emissions.

In addition to the models, conducted hypothesis tests show that there are
significant differences in the means of the most variables between the countries,
which further confirms the complexity of this problem and the necessity of
locally adapted measures. However, it is important to emphasize results show
that there is enough statistical evidence to conclude that Slovenia has
significantly lower mean values of CO, emissions compared to Bosnia and
Herzegovina and Croatia, while there is not enough statistical evidence to
conclude that CO, emissionsare higher in BiH than in Croatia. These results
show that Slovenia was more successful in reducing CO, for the analyzed
period. This research shows the potential of using machine learning in data
analysis and decision-making support in the field of sustainable development
and CO, emission. Future research recommends using other machine learning
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algorithms and to include other variables that may influence CO, emissions in
order to support the transition to sustainable industrial practices which are highly
important in transitioning to Industry 5.0.
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