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Abstract: Reducing carbon dioxide (CO,) emissions is vital at both global and national
levels, given their significant role in exacerbating climate change. CO, emissions, stemming
from a variety of industrial and economic activities, are major contributors to the green-
house effect and global warming, posing substantial obstacles in addressing climate issues.
It is imperative to forecast CO, emissions trends and classify countries based on their emis-
sion patterns to effectively mitigate worldwide carbon emissions. This paper presents an
in-depth comparative study on the determinants of CO, emissions in twenty countries with
high Human Development Index (HDI), exploring factors related to economy, environment,
energy use, and renewable resources over a span of 25 years. The study unfolds in two
distinct phases: initially, statistical techniques such as Ordinary Least Squares (OLS), fixed
effects, and random effects models are applied to pinpoint significant determinants of CO,
emissions. Following this, the study leverages supervised and unsupervised time series
approaches to further scrutinize and understand the factors influencing CO; emissions. Sea-
sonal AutoRegressive Integrated Moving Average with eXogenous variables (SARIMAX),
a statistical time series forecasting model, is first used to predict emission trends from
historical data, offering practical insights for policy formulation. Subsequently, Dynamic
Time Warping (DTW), an unsupervised time series clustering approach, is used to group
countries by similar emission patterns. The dual-phase approach utilized in this study
significantly improves the accuracy of CO, emissions predictions while also providing a
deeper insight into global emission trends. By adopting this thorough analytical framework,
nations can develop more focused and effective carbon reduction policies, playing a vital
role in the global initiative to combat climate change.

Keywords: CO, emissions; carbon footprint reduction; emission trend forecasting; CO,
indicators; time series approaches; sustainable future

1. Introduction

Climate change stands as one of the most formidable challenges of our time, widely
recognized as an unequivocal and potentially irreversible threat to the sustainability of our
global environment [1]. The consensus among scientists and researchers is overwhelming,
as highlighted in the Intergovernmental Panel on Climate Change’s (IPCC) Sixth Assess-
ment Report (AR6, 2021), which explicitly outlines the critical impacts and long-term
implications of climate change on ecosystems, biodiversity, and human societies [2,3].
At the heart of this environmental conundrum lies the pivotal role of CO, emissions,
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identified as a primary contributor to the greenhouse effect and a key driver of global
warming [4]. While this study focuses on COy, it is essential to contextualize it within
the broader spectrum of greenhouse gases, which include methane (CHjy), nitrous oxide
(N20O), and fluorinated gases. Together, these gases contribute to global warming, with
CO, accounting for approximately 76% of total GHG emissions, followed by methane at
16% and nitrous oxide at 6% [5,6]. The dominance of CO, in the GHG mix underscores its
critical role in global emissions reduction efforts, making it the focal point of this study.
CO, emissions result predominantly from the burning of fossil fuels, such as coal, oil,
and natural gas, a practice intricately linked to industrial activities, energy production,
and transportation [7,8]. The accumulation of CO; in the Earth’s atmosphere traps heat,
leading to a rise in global temperatures, a phenomenon commonly referred to as global
warming. The effects of this warming are far-reaching, ranging from more frequent and
severe weather events, such as hurricanes and droughts, to long-term shifts in climate
patterns, impacting agriculture, ecosystems, and sea levels worldwide [9]. Recent research
has further solidified the understanding of CO;’s impact on climate change.

Globally, countries are implementing diverse strategies and policies to combat the
seriousness of climate change, such as transitioning to renewable energy sources, enhancing
energy efficiency, and engaging in international agreements like the Paris Agreement [10,11].
Germany’s Energiewende (energy transition) program has significantly increased the share
of renewables in its electricity mix, from 6% in 2000 to over 42% in 2020, contributing
to a reduction of approximately 300 million metric tons of CO, emissions annually [12].
Similarly, Sweden’s carbon tax, introduced in 1991 and one of the highest globally, has
resulted in an 18% reduction in fossil fuel consumption and a 12% increase in biofuel pro-
duction, demonstrating the effectiveness of economic incentives in driving the transition
to sustainable energy sources [13]. Efforts like the REDD+ (Reducing Emission from De-
forestation and Forest Degradation in Developing Countries) programs focus on reducing
emissions from deforestation and forest degradation, which account for approximately
11% of total global greenhouse gas emissions, according to studies on land-use change
and forestry [14,15]. These approaches, ranging from carbon pricing mechanisms to in-
vestments in green technologies, underscore the importance of understanding the various
factors influencing CO, emissions. This understanding is crucial for tailoring specific, effec-
tive strategies, anticipating and mitigating unintended policy consequences, facilitating
informed international cooperation, and ensuring the adaptability and longevity of climate
change mitigation efforts. In essence, the success of global initiatives to reduce carbon
emissions hinges on a nuanced comprehension of the determinants of CO, emissions, a
cornerstone in designing and implementing impactful environmental policies [16-18]. In
the design and implementation of such programs, a critical element is the identification of
factors affecting CO, emissions. This requires a multifaceted approach, considering not
only direct factors like deforestation and fossil fuel use but also indirect drivers such as
economic policies, energy consumption patterns, technological advancement, and soci-
etal behaviors [19]. A detailed understanding of these factors is essential for developing
effective strategies that can significantly reduce emissions [20].

This research paper seeks to unravel the complexities surrounding CO, emissions,
with a specific focus on countries with high Human Development Index (HDI) scores [21,22].
These countries, often seen as the vanguards of technological advancement and economic
prosperity, find themselves at a critical juncture, where their developmental strides are
paradoxically intertwined with substantial environmental footprints [23]. The significance
of understanding CO, emissions in high-HDI countries cannot be overstated. These nations,
which have historically powered their growth through extensive use of fossil fuels, are now
at the forefront of a global crisis they significantly contributed to [24]. The environmental
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policies and technological innovations that these countries adopt or ignore will have far-
reaching consequences, not only within their borders but across the globe. Thus, dissecting
the fabric of CO, emissions in these contexts becomes not only an environmental imperative
but also a moral one. High-HDI countries, such as the United States, Canada, and Germany,
collectively account for nearly 44% of global CO, emissions despite representing only about
16% of the world’s population [25,26]. This disparity is driven by energy-intensive lifestyles,
industrialization, and resource consumption that characterize high-development regions.
In contrast, lower-HDI countries, while comprising a majority of the global population,
contribute less than 14% of global emissions [27]. For instance, countries like Bangladesh
and Kenya emit less than 1 metric ton of CO, per capita annually, compared to over
15 metric tons in high-HDI countries such as the United States and Canada [28]. While
emerging lower-HDI economies are important for analyzing global trends, this study aims
to address the pressing need for tailored strategies in high-HDI countries, given their
disproportionate impact and leadership role in climate action initiatives. The rationale for
focusing on high-HDI countries in this study is three-fold. Firstly, these countries have been
the primary architects of the current state of global CO, emissions [29]. Their industrial
revolutions, fueled by carbon-intensive resources, have left an indelible mark on the planet’s
atmosphere. Understanding their emission patterns is crucial to untangling the historical
context of the current climate crisis and in charting a course for global emission reduction
strategies. Secondly, high-HDI countries are often at the cutting edge of technological
innovation and economic transformation [30]. This positions them uniquely to lead the
way in developing and implementing solutions to reduce CO, emissions. From renewable
energy technologies to policy innovations for carbon reduction, these countries have the
potential to set precedents and create models that can be emulated worldwide. Thirdly,
the economic structures and lifestyles in high-HDI countries significantly influence global
consumption patterns and, by extension, CO, emissions [31]. These nations, therefore,
have a disproportionate impact on setting global trends. Their commitment to sustainable
practices, or lack thereof, can either exacerbate the climate crisis or steer the world towards
a more sustainable trajectory. This research aims to contribute to this vital global endeavor
by providing a nuanced understanding of the determinants of CO, emissions in high-
HDI countries, thereby laying the groundwork for informed, effective, and sustainable
policy interventions.

The intricate relationship between CO; emissions and various socio-economic, envi-
ronmental, and energy-related factors has been a focal point of numerous studies over the
past decades [32-35]. These research endeavors have collectively contributed to a growing
understanding of the multifaceted nature of CO, emissions. From an economic perspective,
a substantial body of research has explored the relationship between emission and variables
like GDP growth, levels of industrialization, and urbanization trends [36-38]. Environ-
mental studies have explored the impact of land use changes, deforestation, and climate
policies [39—41]. In terms of energy factors, the role of energy consumption, the mix of
energy sources, and the efficiency of energy use have been thoroughly scrutinized [42-44].
Despite the breadth of the existing research, there still remain notable gaps and limitations.
One main limitation is the predominant focus on cross-sectional data analysis, which often
fails to capture the dynamic nature of the relationship between CO, emissions and their
determinants over time [45]. Additionally, many studies have been constrained by the
scope of their geographical focus, often limiting their analysis to a single country or a small
group of countries, thereby restricting the generalizability of their findings [46-49]. An-
other notable gap is the insufficient exploration of the interaction effects between different
determinants of CO, emissions, a complexity that demands a more nuanced analytical
approach [50-52].
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By employing a combination of advanced econometric models and innovative

analysis techniques, this study aims to bridge the existing gaps and provides the

following contributions.

We consider a wide variety of features spanning economic considerations, environ-
mental factors, energy use, electricity consumption, and renewable energy dimensions,
ensuring a comprehensive representation of potential determinants of CO, emissions.
We analyze data for 20 high-HDI countries, covering a span of 25 years, providing
a significant temporal and spatial scope for the study. The data are exported from a
reputable online source, ensuring the reliability and quality of the dataset used for
analysis. The study of CO, emissions within high-HDI countries offers not just an
insight into the emission themselves but also into the broader narrative of environmen-
tal responsibility and sustainability. It is within these nations that the battle against
climate change can be most effectively strategized and executed.

We employ five different statistical models utilizing Ordinary Least Squares (OLS),
fixed effects, and random effects based models on the panel dataset. Panel data com-
bine elements of both cross-sectional data and time series data which track multiple
subjects such as countries across different points in time. This varied approach in
modeling has allowed us to conduct a comprehensive comparative analysis, crucial
for pinpointing the key predictive features. Additionally, the diversity of these models
enhanced our ability to effectively analyze cross-sectional time series data, providing
a deeper understanding of temporal trends and variations across different countries.
We adopt a structured, two-phase approach. In the initial phase, we focus on identify-
ing the significance of different variables that influence CO, emissions. The subsequent
phase aims at forecasting CO, emissions for the forthcoming three years and groups
countries into clusters according to their emission trajectories. This clustering plays a
pivotal role in deciphering and classifying the diverse emission trends across nations,
offering critical insights that can inform the creation of precise environmental policies
and foster international collaboration.

An illustration of our comprehensive two-stage framework is presented in Figure 1.

The numerical study has successfully validated our forecasting models, achieving a higher

accuracy in predicting CO, emissions and closely mirroring actual trends. This highlights

the proposed framework’s effectiveness in providing dependable emission projections for

the near future.

The rest of the paper is organized as follows. Section 2 provides a comprehensive

review of the literature. Section 3 presents the panel dataset used in this study. Section 4

describes the preliminaries, definitions, and steps of our proposed method. Section 5

highlights the simulations, computational results, and effectiveness of our method. Finally,

Section 6 provides concluding remarks and suggestions for future research.
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Figure 1. An overview of the utilized framework.

2. Literature Review

The increasing focus on carbon emissions prediction is a response to the urgent need
to address climate change and its impacts [53]. Figure 2 illustrates a marked rise in carbon
emissions prediction research, showing an upswing in publications from 2010 onwards.
This trend underscores an increasing academic and scientific interest in comprehending and
forecasting carbon emissions, driven by escalating concerns over global climate change. As
the primary driver of global warming, CO, emissions are a key focus in efforts to mitigate
climate change [6]. Accurate predictions are essential for informing and guiding policy
decisions, developing effective strategies for emission reduction, and meeting international
climate targets, such as those outlined in the Paris Agreement [54]. Additionally, these
studies play a vital role in advancing our understanding of the complex interplay between
economic development, energy use, technological advancement, and environmental sus-
tainability. By improving the accuracy and reliability of emission forecasts, this growing
body of research contributes significantly to global efforts to protect the environment and
ensure a sustainable future [55]. The extant literature on carbon emissions prediction,
comprising investigations that pinpoint critical determinants and guide policy formulation,
can be broadly categorized into two distinct streams: one consists of research dedicated to
a single country or various regions within a single nation, while the other encompasses
studies that concurrently address carbon emissions across multiple countries.
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Figure 2. Trend of research in carbon emissions prediction from analysis of 1266 documents.



Sustainability 2025, 17, 603

6 0of 35

The United States is a leader in climate research, supported by top-tier universities
and institutions specializing in carbon emissions prediction, playing a prominent role in
efforts to understand and mitigate climate change [56,57]. China’s focus on carbon man-
agement research reflects its significant economic growth and population, underscoring
its crucial role in global environmental sustainability [58,59]. Germany is recognized for
its dedication to renewable energy and climate technology, contributing significantly to
emission prediction research [60]. The United Kingdom, with extensive research centers,
advances climate science and policy [61]. Australia’s research addresses unique envi-
ronmental challenges and contributes to national and international carbon management
strategies [62]. Canada’s emphasis on sustainable development integrates environmental,
economic, and social factors into emission prediction research [63]. Japan leverages its
technology sector to address its vulnerability to climate change, focusing on technology,
policy, and environmental science [64]. Post-Paris Agreement, France leads in developing
innovative carbon reduction strategies [65]. India’s research addresses the challenges and
opportunities presented by rapid development and its large population [66]. Scandinavian
countries, known for their commitment to sustainability, serve as models with insightful
research on emissions [67]. Beyond country-specific studies, the literature includes analyses
of multiple countries, such as the G20, where studies have forecasted CO, emissions and
examined influential factors [68-70]. The OECD (Organization for Economic Cooperation),
a larger group of countries, is another area of focus for carbon emissions research [71-73].
Additionally, studies on European, Middle-Eastern, and Asian countries further enrich the
field [46,74,75]. Researchers often group countries by criteria such as geography or political
relations, adding depth to the comparative understanding of emissions.

Clustering countries based on their CO, emissions profiles is pivotal for tailored
environmental policies and actions. The spatial clustering of industrial CO, emissions
efficiency across China’s provinces highlights the need for targeted regional policies [76].
Such clustering methodologies dissect the intricate relationship between CO, emissions
and economic growth, enabling tailored interventions suited to diverse developmental
trajectories [77]. For instance, the Kyoto Protocol’s lack of consideration for agriculture and
forestry underscores the value of clustering for more specific policies [78]. Similarly, the
European Union’s Emission Trading System exemplifies how market-based mechanisms
can lead to significant greenhouse gas reductions, showcasing the importance of strategic
and targeted policies [79]. Analysis of CO, emissions determinants in Far East countries
emphasizes the need for green urbanization, industrial regulation, and renewable energy
adoption, illustrating how clustering can guide urgent regional actions [80]. Insights from
structural decomposition analysis reveal varying impacts across country groups, neces-
sitating a multifaceted approach to global warming that acknowledges diverse emission
drivers [4]. By categorizing countries into clusters reflecting unique emission characteristics
and challenges, policymakers can devise more effective, context-specific strategies for
CO, control.

Building upon the existing literature on carbon emissions prediction, extensive re-
search has been conducted to identify and evaluate the effectiveness of various indicators
influencing carbon emissions. These indicators, ranging from economic factors such as GDP
and industrial activity to energy consumption metrics and technological advancements,
are paramount in constructing accurate predictive models [81]. Economic indicators have
been extensively studied to understand their relationship with carbon emissions. Gross
Domestic Product (GDP) has been a focal point, with numerous studies exploring the
Environmental Kuznets Curve (EKC) hypothesis, which postulates an inverted U-shaped
relationship between per capita income and environmental degradation [82]. However,
recent critiques highlight that the EKC oversimplifies the relationship between economic
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growth and environmental degradation [83]. It often neglects the externalization of emis-
sions through global trade, where high-income countries outsource pollution-intensive
activities to low-income nations, and assumes uniform development trajectories, overlook-
ing global inequalities [84]. Industrial activity, another crucial economic indicator, has been
linked with higher carbon emissions due to the energy-intensive nature of manufacturing
processes [85]. Energy consumption, particularly the reliance on fossil fuels, has been con-
sistently identified as a primary indicator of carbon emissions. The shift towards renewable
energy sources is reflected in reduced emission intensity in various predictive studies [86].
Technological innovation, measured through indicators such as energy efficiency improve-
ments and cleaner technologies, has also been shown to mitigate emissions [87]. Societal
behaviors and policy indicators, including urbanization rates, population density, and
environmental regulations, influence energy demand and consumption patterns, thereby
affecting carbon emissions [88]. Additionally, carbon pricing mechanisms, such as carbon
taxes and emission trading schemes, have been analyzed as indicators for incentivizing
emission reductions [89]. Identifying these indicators is critical for policymakers to target
influential factors that can lead to substantial emission reductions. Predictive models incor-
porating these indicators provide a basis for scenario analysis, enabling decision-makers
to forecast outcomes of various policy interventions and strategize effectively for climate
change mitigation [90]. The identification and analysis of indicators in carbon emissions
prediction remain essential components of climate change research, offering quantitative
insights into emission dynamics and strategies to meet global climate goals. Ongoing re-
search in this domain continues to refine these indicators and improve the predictive power
of models, contributing to more informed and effective environmental policymaking.

In exploring CO, emissions predictions, a range of methodologies has been applied,
each revealing distinct advantages and inherent limitations. In one study, the author
utilizes Artificial Neural Networks (ANNs) and Vector Autoregression (VAR) for forecasting
emissions in the USA, shedding light on the impact of economic growth and energy
consumption on CO; levels. However, the study concedes its inability to accurately
predict output spike forms, suggesting potential inaccuracies during abrupt economic or
environmental shifts [91]. In another study, authors adopted System Dynamics (SD) with
STELLA's simulation for city-level CO; forecasting in Japan, achieving high accuracy. Yet,
their model’s assumption of a relatively constant urban structure might not fully capture
the dynamic and evolving urban landscapes [92]. Regression analyses have been employed
to investigate GHG emission trends across OECD countries, noting the role of energy
prices and economic output. They acknowledge the possibility of specification errors
and the difficulty in capturing the complex drivers of emissions across various national
contexts [71]. Another study investigated the influential factors of carbon emission intensity
using symbolic regression, pinpointing GDP, population, and urbanization as critical factors.
Nonetheless, the study’s emphasis on factor occurrence over precise impact restricts a
deeper understanding of causality and influence magnitude on CO, emissions [72]. These
efforts collectively highlight the intricate challenges in predicting CO, emissions, from
specific model limitations to broader data availability issues and the dynamic interplay
of socio-economic and environmental factors. To overcome some of the limitations of
regression-based methods, advanced predictive models such as ARIMA and ANN have
been employed [93,94]. ARIMA models, widely used for time series forecasting, offer
simplicity and interpretability, making them suitable for emissions prediction in stable
environments with clear trends and seasonality [95]. However, their reliance on linear
assumptions and limitations in handling non-linear relationships or abrupt changes restrict
their applicability in more dynamic contexts [81]. In contrast, ANN models excel in
capturing non-linear and complex interactions between variables, making them highly



Sustainability 2025, 17, 603

8 0f 35

effective for datasets with intricate emission patterns [96]. Despite their robustness, ANN
models require large datasets for training and are prone to overfitting, particularly in
data-scarce scenarios [87].

Regarding CO, emissions clustering, diverse methodologies showcase their unique
constraints. One study employs DEA window analysis and Moran’s I statistic for spatial
clustering in China’s provinces [76], while another leverages Symbolic Regression for Re-
gression Discontinuity (SRRD) alongside the Apriori algorithm, clustering countries by
their CO; emissions and economic growth models, thus innovatively identifying underly-
ing models [77]. Further, Structural Decomposition Analysis (SDA) is used to dissect factors
driving global GHG emission growth, providing insights at both country and industry
levels [4]. SDA is particularly valuable for identifying policy-relevant drivers of emissions,
such as economic activity and fuel mix, but its reliance on input—output tables can limit
its timeliness and adaptability to dynamic changes [89]. Despite these advancements in
clustering methodologies, the integration of both prediction and clustering approaches
remains unexplored, presenting a gap in the literature that merits further investigation for
a more comprehensive understanding of CO, emissions dynamics.

Tables 1 and 2 provide a comprehensive overview of various research studies focused
on CO, emissions analysis, categorizing them based on the methodologies employed,
their key findings, and the application of different modeling techniques. Specifically, it
delineates whether each study incorporated supervised learning (SL), utilized panel data
(PD), considered unsupervised learning (UL), and analyzed multiple countries (MCs).
This classification helps in identifying methodological trends within the existing literature.
While numerous studies have applied either supervised learning (SL), panel data (PD),
unsupervised learning (UL), or multiple countries (MCs) analysis independently, our
approach combines these elements to provide a more holistic and comprehensive analysis
of CO, emissions. This integrative approach is designed to leverage the strengths of
both supervised and unsupervised learning, while the use of panel data from multiple
countries will enhance the generalizability and applicability of our findings across different
geographical and economic contexts.

Table 1. Summary of methods and findings in carbon emissions prediction research (Part 1).

Reference Method Finding SL/PD/UL/MC Features
Artificial Neural Network  Importance of renewable Economic growth, net
[91] and Vector energy consumption on Y/N/N/N trade, renewable
Autoregressive Estimator CO, emissions energy types
MD;;S ]r:)eastseilosr?glidhng Accuracy improvement Quarterly economic
[97] & . using hybrid Y/N/N/N growth data to predict
Back Propagation forecasting model annual CO, emissions
Neural Network & 2
. Macroeconomic variables,
Structural Augmented Model effectively forecasts specifically industrial
[56] . & and nowcasts U.S. Y/N/N/N P Aty me
Dynamic Factor Model . production indices and
CO, emissions . . s
residential utilities
Main factor increasing US Income, population,
Extended Logarithmic emission is the scale effect, energy intensity, emission
[57] Mean Divisia Index while the technology Y/N/N/N coefficient, economic

Decomposition

effect significantly
reduces emission

structure, and energy
consumption structure
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Table 1. Cont.

Reference Method Finding SL/PD/UL/MC Features
New model effectively EOCOEE rtril;);gglve\;th,
Gray Wolf Optimizer predicts carbon emissions, corllas fm tion Iin du(sgt}; al
[98] combined with a Support showing better Y/N/N/N struc tuf; url;aniza tion
Vector Machine performance compared to ’ .
traditional models rate, and technological
advancement
A total of 16
STIRPAT Model with Differential peak socio-economic factors
[58] Ridge Regression and attainment of carbon Y/Y/N/N including GDP, population,
Scenario Analysis emissions among 16 cities industry output values,
and energy consumption
. . Smart charging reduces Historical load data,
Linear Regression for L o
marginal emission factors CO; emissions by 1% to temperature data, calendar
[60] nd a Multilaver * 10%, by shifting to times Y/N/N/N information, and possibly
Perce trony with lower other not specified
P marginal factors variables for forecasting
Consumer preferences,
Achieving an 80% technological options
. reduction in CO; including current and
[59] AIM/Backeasting Model emissions by 2050 is Y/N/N/N future best available
feasible with early actions technologies,
socio-economic conditions
System Dynamics using High forecasting accuracy SIZ;IZ;TSSOSIE;; scl?ct:’
[92] STELLA’s simulation with MAPE:s less than 20% Y/N/N/N service and in dustriail
engine for all activities .
output, transportation data
Backpropagation CO; emissions are Economic growth, energy
[65] Neurzl I\PT)e t%vorks predicted to increase by Y/N/N/Y consumption, share of
26.5-36.5% by 2030 renewable energy
Negative marginal GDP per capita, fossil fuel
. . relationship between CO, con.surr}pnon,
[68] Quantile Regression emissions and both Y/Y/N/Y urbanization, trade
. o openness, population
socio-economic indicators density, LPI, and HDI
. Model efficiently predicted .
[69] Adaptive Neuro-Fuzzy CO, emissions with Y/Y/N/Y Energy congumptlon and
Inference System high accuracy economic growth
Sp arrow Search Algorlt.hm, Significantly improves Economic, social,
Fractional Accumulation - X
[70] Grev Model. and Support prediction accuracy of Y/Y/N/Y technological, energy, and
Y ' uPP carbon emissions trade factors
Vector Regression
Renewable ener Labor, gross fixed capital
Slack-Based Measure Data consumption increga};es formation, non-renewable
Envelopment Analysis and P . energy consumption,
[44] average energy efficiency Y/Y/N/Y

Malmquist-Luenberger
Index

but decreases
energy productivity

renewable energy
consumption, GDP, and
CO; emissions
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Table 2. Summary of methods and findings in carbon emissions prediction research (Part 2).

Reference Method Finding SL/PD/UL/MC Features
Climate, population
pressure, economic

Energy prices, economic output, technological
output, and development, industrial
[71] Series of regression environmental Y/Y/N/Y structure, energy prices,
analyses governance are key in environmental
explaining GHG governance, pollution
emission variations abatement and control
expenditures,
environmental pricing
. A total of 24 countries
[79] ﬁ;?ﬁi;ll\ﬁgdi;ﬂﬁ managed to reduce both N/N/Y/Y Coeiﬁ?goils_lc
& CO, and GHG emission
Urbanization, economic
Panel data-fixed effect growth, and trade Urbanization. GDP
[80] model, incorporating openness significantly Y/Y/N/Y trade openness
time trends determine CO, p
emissions
Structural Rapid global economic Ig%uséziggifg’ai?’
[4] Decomposition growth is a dominating N/N/Y/Y efn ission to air
Analysis driving force ;
in the world
GDP, total population,
Influential factors vary 1nd1%str1_ah?1tlon,
[72] Symbolic Regression by country, with GDP Y/Y/N/Y Fel;:har{glzc? 1221’
being the most frequent . ; & .
innovation, and foreign
direct investment
Ur‘t.)am.zanon hasa Urbanization rate, GDP
negative impact on CO, or capita. ener
Dynamic Panel emissions per capita, iI;ltensiI’Z i’n dust%ry
[73] Autoregressive total CO, emissions, Y/Y/N/Y trans y(/)r tation ¥
Distribution Lag model and CO, emissions q }: 1 ’
intensity in residen 1.'la sfectors,
OECD countries population
The northwest region Labor, capital, energy
The DEA window has the highest CO, consumption,
[76] analysis approach and emissions reduction N/Y/Y/N value-added of
Moran’s Index potential in the industrial enterprises,
industrial sector and CO; emissions
Greenhouse gas
78] Statistical Analysis Kyo_t((j) Pr?it%colf?astnot N/Y/Y/Y emission data fr(%m the
and Clustering const lere 11s etrects on agricultural and
agricultural and forestry o restr
y sectors
Identifying important
factors, 3 years CO,
Our Proposed Five statistical models, emissions prediction . .
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Table 3. Indicators of environmental impact and energy use.

Indicator

Definition

Significance

CO; emissions (kt) (Co)

This indicates the emissions coming from the burning of fossil
fuels and the manufacture of cement. Carbon dioxide
produced during consumption of solid, liquid, and gas fuels
and gas flaring are included here.

Direct indicator of a country’s
contribution to global CO,
levels and climate change.

CO; emissions (metric
tons per capita)

Carbon dioxide emissions in metric tons per capita as
defined above.

Reflects the average CO,
footprint of individuals, useful
for comparin
g among populations.

Energy use (kg of oil
equivalent per capita)
(EU)

Energy use calculated as primary energy before
transformation to other end-use fuels, which is equal to
indigenous production plus imports and stock changes,

minus exports and fuels supplied to ships and aircraft
engaged in international transport.

Higher per capita energy use
typically correlates with higher
CO;, emissions.

Renewable energy
consumption (% of total
final energy
consumption) (RE)

The share of renewable energy in total final
energy consumption.

The greater the reliance on
renewables, the lower the CO,
emissions from
energy consumption.

Electricity production
from oil, gas, and coal
sources (% of total) (EP)

Electricity production sources are the fuels used to generate

electricity. Oil encompasses crude oil and petroleum products.

Gas refers to natural gas but excludes natural gas liquids.
Coal includes all coal and brown coal, both primary
(including hard coal and lignite—brown coal) and derived
fuels (including patent fuel, coke oven coke, gas coke, coke
oven gas, and blast furnace gas). Peat is also considered in
this category.

Indicates the dependency on
fossil fuels for electricity,
which is directly related to
CO, emissionss and
environmental impact.

Forest area (sq. km) (F)

This considers land under natural or planted stands of trees of

at least 5 meters in situ, regardless these are productive or not.

However, this does not consider tree stands in agricultural
production systems (i.e., in fruit plantations and agroforestry
systems) and trees in urban parks and gardens.

Forests are carbon sinks; larger
forest areas can mitigate CO,
emissions by absorbing
more COs.

Forest area (% of land
area) (Fa)

Proportion of land covered by forests as defined above.

Higher percentages indicate
greater potential for natural
CO, absorption and
climate regulation.

Electric power
consumption (kWh per
capita) (EPC)

It measures the production of power plants and combined
heat and power plants less transmission, distribution, and
transformation losses and own use by heat and power plants.

High per capita consumption
often leads to higher CO,
emissions if electricity is
produced from fossil fuels.

GDP per unit of energy
use (PPP $ per kg of oil
equivalent) (G)

This represents the PPP GDP per kilogram of oil equivalent of
energy use. PPP GDP is gross domestic product converted to
current international dollars using purchasing power parity
rates based on the 2017 ICP round. An international dollar
has the same purchasing power over GDP as a U.S. dollar has
in the United States.

Efficient use of energy for
economic output can suggest a
lower CO; emissions intensity.

Total greenhouse gas
emission (kt of CO,
equivalent) (TG)

This is composed of CO; totals omitting short-cycle biomass
burning (such as agricultural waste burning and savanna
burning) but incorporating other biomass burning (such as
forest fires, post-burn decay, peat fires, and decay of drained
peatlands), all anthropogenic CH4 sources, N2O sources, and
F-gases (HFCs, PFCs, and SF6).

Provides a broader picture of a
country’s impact on warming,
including but not limited to
CO, emissions.

3. Data Understanding

For the development of a global CO, emissions prediction model, we have meticu-

lously sourced our data from the World Development Indicators database, a comprehensive

repository maintained by the World Bank [100]. This dataset provides an extensive range

of economic, social, and environmental indicators, which have been instrumental in under-

standing and forecasting global CO, emissions trends. Table 3 summarizes the information

about the features and their importance in the modeling process.
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We have attempted to visualize the data to gain a deeper understanding of the under-
lying patterns and correlations within the data to assist the development of the model. It is
possible to identify trends and uncover underlying structures by employing a variety of
visualization techniques. Firstly, we examine the trend in CO, emissions among various
countries. The available data has been compared from two distinct periods: 20 years
preceding 2010 and 5 years following 2010. Understanding emission patterns over time and
identifying potential shifts in environmental policy or industrial practices are crucial for
understanding how emission patterns have evolved. Based on Figure 3, countries exhibit
three distinct emission trends. The first group, exemplified by Singapore and Norway,
exhibits an upward trend in CO; emissions following 2010. As a result of this increase,
emission may have increased either due to an increase in industrial activity or energy
consumption. In contrast, the second group, including countries such as the United States
and Denmark, exhibits a decrease in emission following 2010. As a result of successful
environmental policies, the shift towards renewable energy sources, or improvements in
energy efficiency, this reduction may occur. Additionally, for countries such as Slovenia and
Austria, our analysis revealed a consistent trend in CO, emissions without any significant
decrease or reduction observed over the two periods.

CO2 Emissions for Singapore CO2 Emissions for Norway
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75,000
72,500
70,000
% 67,500

65,000

€02 emissions (kt)

62,500

60,000

57,500

17,000

16,000

15,000

CO2 emissions (kt)

14,000

13,000

Before 2010 After 2010 Before 2010 After 2010

Figure 3. Different carbon emissions patterns over years in countries.

To get an overall idea about the pattern of CO, emissions, it is necessary to categorize
countries based on their long-term emission trends. Analyzing trends in CO, emissions
provides initial insights. However, the historical emission patterns of each country should
be examined. As shown in Figure 4, a hierarchical clustering approach coupled with Ward’s
method [101] demonstrates a dendrogram that provides a systematic method for grouping
countries by their normalized CO, emissions. Although sensitive to outliers, the Ward
method ensures that all the countries grouped together exhibit similar emission dynamics
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Distance

by minimizing the total within-cluster variance. The height of the merge lines indicates
distances between clusters, revealing three distinct groups for the countries.
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Figure 4. Dendrogram visualization of grouped countries by their normalized CO, emissions. Each
color represents a distinct group of countries.

To analyze the features and their correlations, Figure 5 is presented. Figure 5 provides
a correlation matrix, the size and color of the circles indicate the strength and direction of
the correlation between the variables. These relationships may shift over time or across
regions due to policy and economic changes. In this plot, the larger circles represent
stronger correlations, whereas blue represents positive correlations, and red indicates
negative correlations. It is noteworthy that ‘Renewable energy consumption’ and ‘Electric
power consumption’ exhibit a highly positive correlation (quantified at 0.82). Also, there
is a notable positive correlation between ‘Electric power consumption” and ‘Energy use’,
evidenced by a correlation coefficient of 0.88. Conversely, a strong negative correlation
of —0.83 is observed between ‘Electricity production from oil, gas, and coal sources” and
‘Renewable energy consumption’. This inverse relationship suggests that as one variable
increases, the other tends to decrease, possibly reflecting a shift towards renewable energy
sources or improvements in production efficiency. These correlations have a considerable
impact on our modeling approach. When both features, highly correlated, emerge as
significant predictors, it is more suitable to use only one of them to avoid multicollinearity.
Multicollinearity can lead to skewed predictions and hinder the interpretability of the
model, thus careful selection of predictors is crucial to maintain the accuracy and reliability
of our analysis. To further understand the distribution and evolution of the indicators over
time, Figure 6 is presented.
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Figure 5. Heatmap visualization of features.

Using ridge plots in Figure 6, we present insight into four characteristics of our panel
dataset based on their distributional characteristics. Figure 6a illustrates the consumption
of electricity over time. The layer represents a specific year, and the width indicates the
density of countries consuming specific amounts of electric power. More countries have
consumed larger quantities of electricity in the last years, as indicated by the widening
of the plot. Figure 6b demonstrates an increasing variability among countries in energy
use efficiency from 1990 to 2014. Figure 6¢ presents considerable variation in the height of
layers for different years and signifies a general increase in energy consumption, though
at varying rates among different countries. This variation underscores the diverse energy
consumption trajectories globally. In Figure 6d, the depiction of changes in forest area
over the 25 years is marked by distinct annual layers. Notably, the peak of these layers
maintains a relatively stable position, without significant shifts to the right or left. This
stability suggests that there hasn’t been a dramatic change in forest areas globally over
the observed period. Next, parallel coordinates plots are demonstrated to provide a multi-
dimensional perspective on how various factors relate to CO, emissions in Figure 7. Across
these visualizations, each line corresponds to a country, while the position along each axis
represents a country’s normalized value for the features.

According to Figure 7a, higher levels of energy consumption do not necessarily lead to
higher CO, emissions across countries, suggesting the importance of other factors. Similarly,
Figure 7b does not indicate a clear correlation between ‘Forest area (%)’, ‘Renewable
energy’, and CO, emissions, meaning that there exist other significant contributions such as
industrial activity levels or environmental regulations, as evidenced by intersecting paths
between these axes. Based on the Figure 7c, there is no direct relationship between ‘Electric
power’, ‘Electricity production from oil, gas, and coal sources’, and CO, emissions, either.
However, in Figure 7d, the pattern is more predictable. In this plot, a lower ‘GDP per unit
of energy use’ correlates with higher greenhouse gas emissions, leading to higher CO,
emissions. These visualizations, while insightful, highlight the challenges in identifying the
most influential factors for predicting CO, emissions. Therefore, a comprehensive feature
selection process, coupled with advanced modeling techniques for panel data, is essential to
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accurately pinpoint the key drivers of CO, emissions. This approach is vital for developing
effective models that can navigate the complex factors influencing CO, emissions.

(a) Electric power consumption (kWh per capita) (b) GDP per unit of energy use (PPP $ per kg of oil equivalent)

) 10,000 20,000 30,000 40,000 50,000 60,000 0 5 10 15 20

() Energy use (kg of oil equivalent per capita) (d) Forest area (sq. m)

s 5600 20,000 1500 20000 4 1,000,000 2,000,000 3,000,000 4,000,000

Figure 6. Ridge plots of the four indicators showing the distribution and evolution of them over time.
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Figure 7. Parallel coordinates plots of the features to provide a multi-dimensional perspective.

4. Methodology

In this study, we employed a two-phase analytical approach to analyze CO, emissions.
Initially, five statistical models including OLS, fixed effects, and random effects are used to
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identify key features affecting CO, emissions. Subsequently, we implement both supervised
(SARIMAX) and unsupervised (DTW) learning models for a thorough examination of
emission trends.

Our methodological advancements address limitations of traditional linear regression
models in handling panel datasets. By using models that account for unobserved hetero-
geneity across countries and time, we have achieved more robust inferences, crucial given
the diversity and dynamic nature of high-HDI countries’ emissions. SARIMAX’s (which
stands for Seasonal AutoRegressive Integrated Moving Average with eXogenous variables)
ability to integrate seasonal patterns and external variables offers a nuanced understanding
of emission, while DTW’s refined clustering technique provides insights into countries’
emission trajectories, highlighting convergences and divergences in their patterns over
time. This comprehensive methodology facilitates a deeper understanding of the factors
driving CO, emissions, enhancing the potential for effective policy formulation.

4.1. Terminology
4.1.1. Pooled OLS Model

Pooled Ordinary Least Squares (Pooled OLS) is a prevalent econometric technique
for analyzing panel data, which involves multiple observations over time for a number of
cross-sectional units. This method is particularly useful for datasets where the focus is on
understanding the collective impact of variables across different entities, such as countries
or firms, over time. Pooled OLS treats the panel data as a large cross-sectional dataset,
essentially aggregating all time periods and entities, which simplifies the analysis but also
imposes certain limitations. The core idea of Pooled OLS is to estimate a single regression
model for the entire panel dataset. In Pooled OLS, the regression equation is formulated
as follows:

Yir = Bo + P1Xit +€i 1)

In the above equation, Y}; is the dependent variable for the i-th cross-sectional unit
(e.g., country) at time t, X;; represents independent variables, Sy and 1 are coefficients,
and €j; is the error term. This model assumes that the slope coefficients () are constant
across all cross-sectional units and over time. The estimation of the model parameters is
typically achieved through the OLS method, which involves minimizing the sum of squared
differences between the observed values and the values predicted by the model. One of
the primary limitations of Pooled OLS is its assumption of homogeneity, implying that the
slope coefficients are constant across all entities and over time. This assumption often leads
to biased estimates in the presence of unobserved heterogeneity among cross-sectional
units. Moreover, Pooled OLS assumes no autocorrelation and homoscedasticity in error
terms, which is often violated in panel data settings. Recent studies emphasize the need for
careful application of Pooled OLS, especially in the presence of cross-sectional dependence
and heterogeneity.

4.1.2. Random Effects Model

The Random Effects (RE) model stands as a pivotal approach in the realm of panel data
analysis, particularly when addressing data that comprises multiple observations across
various entities over time. Distinguished from the Pooled OLS approach, the RE model
acknowledges the potential heterogeneity across cross-sectional units (such as countries,
companies, or individuals) by incorporating a unique error component for each entity. This
model is especially pertinent when the unobserved entity-specific effects are assumed to
be uncorrelated with the explanatory variables, a condition that makes it distinct from the
Fixed Effects (FE) model. The RE model is predicated on the notion that while all entities in
the panel share common behavior captured by the overall intercept and slope coefficients,
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there is also an idiosyncratic, entity-specific random component. The model is typically
represented as follows:
Yie = Po + P1 Xt + ui + € ()

Here, Yj; denotes the dependent variable for entity i at time ¢, X;; represents the
independent variables, § are the coefficients to be estimated, u; is the unobserved random
effect unique to each entity, and €;; is the idiosyncratic error term. The estimation of the RE
model usually involves Generalized Least Squares (GLS), a method that efficiently deals
with the panel-specific variance component u;. The critical limitation of the RE model lies
in its assumption of no correlation between the entity-specific effects and the independent
variables. If this assumption is violated, the RE model may yield biased and inconsistent
estimates. Recent methodological advancements in panel data analysis have focused on
developing more robust random effects models that can handle situations where traditional
RE assumptions might not hold.

4.1.3. Fixed Effects Model

The FE model is a cornerstone in panel data analysis, particularly valuable when
dealing with data that exhibit variability across entities and over time. This model is partic-
ularly adept at analyzing effects within entities (such as countries, firms, or individuals) by
controlling for entity-specific characteristics. The FE model is distinguished by its ability
to account for unobserved heterogeneity when this heterogeneity is correlated with the
independent variables in the model, a key point that differentiates it from the RE model.
The FE model operates under the premise that there are unique attributes inherent to
each entity that may influence the dependent variable. These attributes, while potentially
correlated with the independent variables, are assumed to be constant over time. The
model can be represented as follows:

Yir = a; + BXir + €t 3)

Here, Y}; represents the dependent variable for entity i at time ¢, X;; are the independent
variables,  represents the coefficients associated with each independent variable, which
are to be estimated, #; symbolizes the unobserved individual-specific effect, and €;; is the
idiosyncratic error term. FE models are typically estimated using the Least Squares Dummy
Variable (LSDV) approach or the within transformation. The LSDV approach involves
including a dummy variable for each entity, whereas the within transformation, more
commonly used due to its efficiency, removes the entity-specific effects by demeaning the
variables by their means within each entity. This transformation focuses on the deviations
from each entity’s mean, eliminating the entity-specific effects and isolating the impact of
the independent variables.

4.1.4. Dynamic Time Warping

In this research, Dynamic Time Warping (DTW) is employed as a key methodology to
cluster countries based on the trends in their CO, emissions. This approach is particularly
suited for analyzing panel datasets where temporal patterns in CO, emissions across
countries may not align perfectly in time. DTW’s ability to measure similarities between
temporal sequences with varying lengths and speeds makes it an ideal tool for grouping
countries with similar emission trends, despite discrepancies in timing or rate of change.
DTW is used to compare the temporal sequences of CO, emission between different
countries. Each country’s emission data form a time series, X = {x1,x2,...,x,}, and DTW
measures the similarity of these time series by aligning them in a manner that minimizes
the cumulative distance. This is achieved by constructing a matrix where each element
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represents the distance between two points from two different time series (i.e., two different
countries” CO, emission levels at different times).

4.1.5. SARIMAX

The ARIMA (Autoregressive Integrated Moving Average) model is a cornerstone
in time series forecasting, particularly suited for data showing trends and non-seasonal
patterns. It is expressed as ARIMA(p, d, q), where p is the order of the autoregressive part,
d the degree of differencing, and g the order of the moving average part. The model can be
represented as follows:

p q
1=-Y pL)A-L)Y = (1+ ) 6L)e (4)
i=1 i=1

Here, Y; is the time series, L is the lag operator, ¢; are the parameters of the autore-
gressive part, 0; of the moving average part, and €; is white noise error. While ARIMA
is powerful, it has limitations in handling seasonal fluctuations and external influences,
which are common in many time series data, including CO, emissions. This leads to the
evolution into SARIMAX (Seasonal Autoregressive Integrated Moving Average with eXoge-
nous variables), an extension of ARIMA that incorporates both seasonality and exogenous
factors. SARIMAX is denoted as SARIMAX(p,d, q)(P, D, Q,S), where P, D, Q represent the
seasonal elements of the AR, differencing, and MA components, respectively, and S is the
periodicity of the seasons.

p q Q

1-Y L)1 =Y &L (1 L) (1 -LPY, = (1+ Y 6:L)(1+ ) ©:L%)e; + BX; (5)

i=1

i=1 i=1 i=1

Here, ®; and ©; are the seasonal AR and MA parameters, D is the order of seasonal
differencing,  represents the coefficients of the exogenous variables X;, and S denotes
the seasonality period. SARIMAX offers a substantial advancement over ARIMA in time
series forecasting, particularly for complex datasets like CO, emissions, due to its enhanced
capabilities. It adeptly handles seasonal trends through seasonal differencing and the
incorporation of seasonal autoregressive and moving average components, a critical aspect
for data exhibiting seasonal variations. Additionally, SARIMAX’s ability to include exoge-
nous variables allows for the integration of external factors, enhancing the robustness and
comprehensiveness of the model.

4.1.6. MAE

MAE measures the average magnitude of errors in a set of predictions, without
considering their direction. It is a linear score, which means all the individual differences
are weighted equally. It is calculated as follows:

N

1 )
MAE = =) |y — 7 6)
Ni:l

In the above equation, N is the number of observations, y; is the actual value of the
observation, and #; is the predicted value.
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4.1.7. RMSE

RMSE is a standard way to measure the error of a model in predicting quantitative
data. It is particularly sensitive to large errors due to its squaring of the residuals. The
RMSE is calculated as follows:

(7)

In the above equation, N is the number of observations, y; is the actual value of the
observation, and #; is the predicted value.

4.1.8. NRMSE

NRMSE is a normalized version of RMSE that facilitates the comparison between
models with different scales. It is defined as follows:

NRMSE = _ RMSE (8)

Ymax — Ymin

Here, RMSE is the root mean square error, Ymax and Ymin are the maximum and
minimum values of the observed data, respectively. This normalization helps to bring the
error metric to a comparable scale, especially useful when dealing with different datasets
or units.

The above specific statistical and time series models employed in this study are
carefully chosen to analyze carbon emissions across high-HDI countries, considering the
complexities of the dataset and research objectives. Pooled OLS, FE, and RE models are uti-
lized to effectively analyze panel data by capturing cross-sectional and temporal variability,
with FE controlling for unobserved heterogeneity and RE treating these characteristics as
random for robust inferences. The SARIMAX model is selected for its ability to incorporate
seasonal patterns and external variables, making it particularly effective for capturing the
cyclical and policy-driven dynamics of carbon emissions in time series forecasting. Addi-
tionally, DTW is employed to cluster countries based on emission trajectories, even when
temporal patterns do not align perfectly, allowing for more intricate comparisons among
nations. These models collectively address key limitations in traditional approaches, ensur-
ing a comprehensive and robust examination of emission trends and their determinants,
thereby providing policy-relevant insights.

4.2. The Proposed Method

The proposed method presents a systematic approach to analyze CO, emissions across
multiple countries over time, employing a sequence of econometric models and statistical
tests. The overview of the method is shown in Figure 8. The method starts with data
collection and preparation, which is essential to ensure the integrity of the subsequent
econometric analysis. The initial examination begins with a Pooled OLS model, assuming
homogeneity across entities and time. Then, the Breusch-Pagan test is utilized to check
whether evidence of heteroscedasticity is found or not. If this statistical test is rejected, then
two different RE models are applied (with and without time trend effect). To further refine
the model selection, the Wald test is applied to compare the RE models [102]. Following
this, the Hausman test is conducted to find out whether FE models are needed or not. Upon
this test’s indication, we either continue with the RE model or switch to the FE model. We
then apply and compare two different FE models (linear regression with country fixed
effects and the Generalized Linear Model (GLM) with country fixed effects) using criteria
such as the AIC, BIC, and Likelihood to determine the best model in terms of fitting the
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data. Based on the best model found in this step, the important features affecting the CO,
emissions are selected. Next, phase two of the methodology is employed, focusing on an
integrated analysis using both supervised and unsupervised learning paths. It provides a
thorough and robust examination of CO, emissions across countries with different HDI
scores. SARIMAX and DTW are applied in this phase using the selected features from
phase one. This comprehensive approach not only bolsters the analytical depth but also
ensures that our results are robust and can inform impactful policy decisions within the
realm of environmental climate change mitigation.
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Figure 8. Flow diagram of the proposed method.

5. Results

In this section, we present a detailed analysis of the outcomes derived from the
application of outlined methodologies. Initially, we interpret the findings from the five
statistical models, followed by a comparative assessment of their performance. Subse-
quently, leveraging the most effective model identified, we select the most relevant features
that significantly influence our analysis. These features are then employed to predict CO,
emissions over the most recent three-year period of the dataset.
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5.1. Phase I: Applying Specialized Models for Panel Dataset

Our analysis comprehensively evaluates various models to ascertain their suitability
for the panel dataset. We have explored five distinct models, encompassing a pooled model,
two random effect models, and two fixed effect models, to understand their efficacy and
limitations. The models” summaries are encapsulated in Table 4, providing insights into
their types, objectives, limitations, and potential biases.

Table 4. Summary of the applied models on the panel dataset.

Model Type Objective Limitation Bias
A Pooled OLS Averages the impact ~ Cannot account for Risk of bias from
of predictors time-invariant characteristics correlated traits
Averages impacts with Assumes random effects are Unbiased if effects
B Random effects S -
group variation normally distributed are normal
C Random effects with ~ Considers impacts with group Assumes effects are Unbiased if effects
time trend and time trends normally distributed are normal
Linear regression with  Evaluates impacts, accounting Unbiased, controls
D . s Demands more data .
country fixed effects for country specifics for country traits
E GLM with country Exammes 1.‘e1at1.ons, Assumes normal distribution = Unbiased, addresses
incorporating fixed

fixed effects

: of dependent variable country traits
country traits

Coit = Bo+ B1

As seen from Table 4, Model A, the pooled model, simplifies the analysis by estimating
the average effects of predictor variables without adjusting for time-invariant character-
istics, making it suitable for datasets with a smaller number of entities. Model B, the
random effects model, offers a balance by assuming these characteristics are random and
accounted for them as errors. Model C extends this approach by including a time trend to
capture potential systematic changes over time across all groups. Model D employs linear
regression with country fixed effects, enhancing the model’s ability to control unobserved,
time-invariant differences across countries. Lastly, Model E utilizes GLMs with country
fixed effects, providing a flexible framework capable of modeling a broader range of data
distributions, including non-normal distributions.

5.1.1. Pooled Ordinary Least Squares Model

We initiate our analysis with a Pooled OLS model to assess our dataset comprehen-
sively. The model is structured as follows:

RE;; + BoFajs + B3EPF; + BaGiy + BsTGjs + BeFi + B7EU; + BSEPCyy + €3¢ )

where C,;; denotes the dependent variable for entity i at time ¢, B values are the coef-
ficients for the respective predictors, and €;; represents the error term. The regression
output, summarized in Table 5, reveals the significance levels of various predictors on
CO; emissions.

The analysis underscores that all variables, except ‘Energy use’ (EU), are considered
significant predictors. The ‘Energy use’ variable, with a p-value of 0.42, falls outside the
conventional significance threshold of 0.05, suggesting it does not significantly contribute
to the model. Further evaluation of the model’s overall efficacy is presented in Table 6.

Despite the model’s high R-square value and a significant F-statistic, the large sums
of squares suggest potential misspecification. To address this, we applied the Breusch—
Pagan test to evaluate the presence of heteroskedasticity, which could indicate a preference
for a random effects model over the pooled OLS model. This test is used to test for
heteroskedasticity in the residuals. When applied to panel data, it tests the null hypothesis
that variances across entities (countries) are equal. If the test is significant, it suggests the
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presence of random effects, implying a random effects model might be more appropriate
than a pooled OLS model. The hypotheses for the Breusch-Pagan test in this context are
as follows:

*  Null Hypothesis (Hp): There is no individual heteroskedasticity. This means that the
variances across entities are equal, which implies that there are no individual-specific
effects or that these effects are not correlated with other regressors.

*  Alternative Hypothesis (H;): There is individual heteroskedasticity. This implies the
presence of individual-specific effects that might be correlated with other regressors.

The Breusch-Pagan test yielded a chi-square value of 3653.4 with a p-value < 2.2 x 1071,
compelling us to reject Hy. This outcome points to heteroskedasticity and the potential suitability
of a random effects model. Consequently, our next step involves a thorough investigation of
random effects models to better cater to the data’s characteristics.

Table 5. Pooled OLS Model Results.

Term Estimate Std. Error t-Value p-Value Significance
(Intercept) —22,963.0 14,169.0 —1.6207 0.1057332

EPC 3.1854 0.82793 3.8475 0.0001351

EPF —337.13 113.06 —2.9818 0.0030078 o

EU —1.6263 2.0231 —0.8038 0.4218736

F —0.027955 0.00259 —10.7934 <22 x 10716

Fa 758.86 96.324 7.8782 2.153 x 10714 ok

G 1991.4 591.33 3.3677 0.0008176

RE —1466.4 309.84 —4.7327 0.000002902

TG 0.85062 0.0016949 501.8764 <22 x 10716

Significance codes: *** 0.001, ** 0.01.

Table 6. Pooled OLS Performance Summary.

Statistic Value
Total Sum of Squares 6.78 x 1014
Residual Sum of Squares 6.82 x 101
R-Squared 0.999
Adj. R-Squared 0.99898
F-statistic 61,022.1
p-value <2.22 x 10716

5.1.2. Random Effects Models

In our exploration, we consider two distinct variants of random effects models. The
initial model accommodates for unobserved heterogeneity among entities by treating these
variations as random variables that are uncorrelated with the predictor variables. The
subsequent model advances this approach by integrating a time trend, enabling the capture
of systematic temporal changes impacting all entities. This modification aims to offer
a more refined comprehension of the interplay between temporal dynamics and entity-
specific variations. The formulas for these models are presented in the following. For the
first model (random effects model without time trend), we have the following:

Coit = Bo + B1RE;j; + BoFaj; + B3EPF; + B4Gjt + BsTGyy + BeFir + B7EUj + BSEPCi + u; + €3¢ (10)

For the second model (random effects model with time trend), we again have the
following. In these equations, u; denotes the unobserved random effect for entity i, ¢
represents the fixed effect for time ¢, and €;; is the idiosyncratic error term. The comparison
of these models is summarized in Table 7, highlighting their fit to the data.

Coit = Po + B1REjt + BaFajs + B3EPF; + BaGit + BsTGjr + BeFir + p7EUir + PSEPCi + v + u; + €4 11)
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Table 7. Comparison of random effects models.

Criteria Model 1 Model 2
R-Squared 0.98216 0.98305
Adj. R-Squared 0.98187 0.98189
Total Sum of Squares 5.37 x 1012 5.36 x 1012
Residual Sum of Squares 9.59 x 1010 9.09 x 1010
AIC 10,972.74 10,994.36
BIC 11,010.67 11,133.44
Chisq 27,031.7 27,087.8
DF 8 32
p-Value <2.22 x 10716 <2.22 x 10716

Although both models exhibit commendable data fit, the second model, with its
marginally superior R-squared and lower residual sum of squares, suggests a nuanced
understanding through the incorporation of a time trend. However, the increase in AIC and
BIC values signals a caution against overcomplicating the model without clear justification.
To address this, we have employed the Wald test to evaluate the following hypotheses:

e Null Hypothesis (Hp): The coefficients of time-specific effects are jointly zero, indicat-
ing the extended model does not significantly outperform the baseline model.

*  Alternative Hypothesis (Hp): At least one time-specific effect coefficient is nonzero,
suggesting the second model provides a superior fit.

Given an F-test value of 1.0544 and a p-value of 0.394, we fail to reject Hyp, indicating
no substantial evidence that time-specific effects are significantly contributing to the model.
This outcome favors the simpler random effects model without the time trend for its
parsimony and effective representation of the data. The results of this simpler random
effects model are presented in Table 8.

Table 8 highlights key findings regarding the significance of various characteristics
in the context of CO, emissions. Notably, GDP, total greenhouse gas emission, and forest
area emerge as significant predictors, each demonstrating a substantial role at the 0.05
level, with p-values of 0.005, 2.2 x 1071, and 1.987 x 10~14, respectively. Other variables,
showing p-values ranging from 0.11 to 0.43, suggest their non-significant impact at the
conventional 5% significance level. This analysis prompts a focus on fixed effect models
to examine entity-specific variations on CO, emissions, contrasting fixed characteristics
against random, unobserved factors.

Table 8. Random effects model results.

Term Estimate Std. Error z-Value p-Value Significance
Intercept ~ —62,514.000 22,289.000 —2.8046 0.005037 o

RE 462.66000 302.8000 1.5279 0.126534

Fa 658.13000 458.42000 1.4356 0.151103

EPF 247.48000 157.84000 1.5679 0.116907

G 842.2000 305.46000 2.7571 0.005831 o

TG 0.920190 0.006387 144.0800 <22 x 10716

F —0.092565 0.012098 —7.6515 1.987 x 1014 ok

EU 1.807400 2.331900 0.7751 0.438292

EPC —0.717160 0.677250 —1.0589 0.289628

Significance codes: *** 0.001, ** 0.01.

5.1.3. Fixed Effects Models

This subsection explores the application of two distinct fixed effects models to our
dataset. The first model implements a linear regression framework augmented by entity-
specific fixed effects. This adjustment allows for the accommodation of unobserved hetero-
geneity among entities by introducing unique intercepts for each entity. The second model
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employs a GLM framework, assuming a Gaussian distribution. This approach mirrors the
structure of the first model but is designed to offer enhanced robustness in the presence
of heteroscedasticity or non-normal error distributions. The equations governing these
models are as follows:

Coit = & + B1REj; + B2Fajs + B3EPF;t + BaGiy + BsTGjs + BeFir + B7EU;¢ + BSEPCyy + €4 (12)

In the above equation, &; symbolizes the entity-specific fixed effect for entity i, § values
denote the coefficients of the respective predictors, and €;; is the error term. Models D and
E, while sharing the same structural formula, diverge in their estimation techniques and
foundational assumptions. Model D employs dummy variables for entity-specific fixed
effects, offering precise capture of entity variations. Model E, within a GLM framework
and assuming a Gaussian distribution, seeks robustness under specific conditions. The
choice between fixed and random effects models is guided by a Hausman test, with the
following hypotheses:

*  Hj: The random effects estimator is consistent and efficient, implying no correlation
between individual-specific effects and predictors.

*  Hj: The random effects estimator is inconsistent, favoring the fixed effects estimator
due to correlations of individual-specific effects with predictors.

Rejecting Hy (with p-value < 0.05) favors fixed effects models for our analysis. Com-
parisons based on AIC and BIC indicate Model E as the superior fit, underscored by its
lower BIC and log-likelihood, indicating a close alignment between model predictions and
actual data.

The examination of variable significance in Table 9, using a 0.05 significance level,
identifies Renewable energy consumption, Electricity production from oil, gas, and coal
sources, and GDP per unit of energy use as significantly positively impacting the dependent
variable, with p-values of 0.01103, 0.01531, and 0.01301, respectively. Total greenhouse gas
emission emerges as the most influential variable, showing a strong positive correlation
with a p-value of less than 0.0001. Conversely, Forest Area (sq. km) significantly negatively
impacts the dependent variable, also with a p-value of less than 0.0001. Variables such as
Forest area (% of land area), Energy use, and Electric power consumption did not achieve
statistical significance at the 0.05 level. Given the high correlation coefficient (—0.83 in
Figure 5) between Renewable energy consumption and Electricity production from oil, gas,
and coal sources, and the lower p-value of Renewable energy consumption, only the latter
was included in subsequent analyses to address multicollinearity concerns. This approach
underscores the importance of considering both model fit and variable significance, guiding
a robust understanding of the determinants of CO, emissions.

Table 9. Fixed effects model results.

Variable Estimate Standard Error t-Value p-Value Significance
Renewable energy consumption 7.40 x 102 2.90 x 102 2.5518 0.011 *
Forest area (% of land area) —2.64 x 102 1.50 x 103 —0.1761 0.8603

Electricity production from oil, > 2 %

gas, and coal sources 3.73 x 10 1.53 x 10 2.4337 0.015

GDP per unit of energy use 8.74 x 102 3.51 x 10? 2.4928 0.013 *

Total greenhouse gas emission 9.63 x 107! 7.54 x 1073 127.77 <0.0001 e
Forest area (sq. km) —5.46 x 1071 9.73 x 1072 —5.616 <0.0001 ok
Energy use —1.95 x 10° 2.32 x 10° —0.843 0.3994

Electric power consumption 3.60 x 1072 6.56 x 1071 0.055 0.9563

Significance codes: *** 0.001, * 0.05.



Sustainability 2025, 17, 603

25 of 35

5.2. Phase 1I: Prediction and Cluster Analysis of CO; Emissions

This phase analyzes and predicts CO, emissions across nations by utilizing the features
identified in phase I. This section focuses on predicting emission over a three-year period.
Following these predictions, countries are clustered by their CO, emissions trends, and
the clusters have been then analyzed to gain a deeper understanding of different emission
patterns using the most significant indicators identified in phase L.

5.2.1. Prediction of CO, Emissions

Based upon the key characteristics identified in phase I, such as renewable energy
consumption, GDP per unit of energy use, greenhouse gas emission, and forest area, CO,
emissions are predicted from 2012 to 2014. It is important to note that while the dataset
provided by the World Development Indicators (WDI) database offers comprehensive data
for the period from 1990 to 2023, key indicators for more recent years, particularly post-2015,
were not available for most high-HDI countries. To ensure the robustness of our predictions
and avoid inaccuracies due to incomplete data, we trained the model on the available data
from 1990 to 2011, and the forecast was made for the period 2012 to 2014. The prediction
of CO; emissions is performed using the SARIMAX model where prediction results from
two different scenarios are presented. In the first scenario, we predict CO, emissions over a
three-year period using all the eight features of CO; indicators. In the second scenario, the
prediction with SARIMAX over the same three-year period is performed using the four
selected features obtained from phase I implementing the best model (Model E). Table 10
highlights the RMSE and MAE of the SARIMAX model for both these scenarios, whereas
Figure 9 illustrates the NRMSE across different countries, comparing the outcomes using
all the available features with the features selected from phase I.

The results presented in Table 10 indicate that the SARIMAX model benefits signifi-
cantly from utilizing selected features from phase I in predicting CO; emissions. Switzer-
land, in particular, experienced a 31.5% decrease in RMSE and a 36.0% decrease in MAE,
demonstrating the effectiveness of the feature selection. For Australia, RMSE and MAE
decreased to 8693.57 and 8692.87, respectively, from 24,051.84 and 23,682.12, highlighting
significant improvements. These results suggest that better emission estimates can be
achieved using a more focused set of features. As shown in Figure 9, the NRMSE across
various countries exhibits notable reductions when the selected features are applied. For
instance, Norway’s NRMSE decreased by approximately 50%, indicating a marked im-
provement in model accuracy. Although the selected features did not yield uniformly lower
NRMSE values for all countries, such as Germany and Japan, the overall trend supports
the hypothesis that strategic feature selection significantly enhances emission prediction.
By examining three representative countries categorized according to their relative HDI
positions, we gain a deeper understanding of the model’s predictive performance. Figure 10
compares the model’s performance using the entire feature set against predictions made
with the selected phase I features. This comparison shows that using selected features
generally enhances the model’s performance, as demonstrated by closer approximations
to actual CO, emissions for these countries. An in-depth examination of the Netherlands’
predictive results highlights the approach’s effectiveness. SARIMAX, using its entire feature
set, incorrectly projects an increase in CO, emissions from 2011 to 2012, contradicting the
actual emission decline. In contrast, when the selected phase I features are applied, the
model’s prediction aligns more closely with the actual downward trend, emphasizing the
importance of feature selection in improving prediction accuracy.
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Table 10. RMSE and MAE of SARIMAX model predictions using all features versus selected features
from phase I.

All Features Selected Features
Country
RMSE MAE RMSE MAE

Switzerland 435.46 433.32 298.27 277.25
Norway 321.19 318.40 1036.16 903.42
Iceland 95.76 95.59 46.47 37.64
Australia 24,051.84 23,682.12 8693.57 8692.87
Denmark 699.83 541.63 250.14 242 .44
Sweden 328.78 267.76 189.28 183.01
Ireland 1641.91 1444.42 1428.17 1401.92
Germany 4612.22 4328.02 5268.25 4508.37
Netherlands 6716.53 6069.93 1501.10 1382.38
Finland 398.62 374.73 199.88 190.58
Singapore 648.48 586.43 389.72 334.27
New Zealand 793.51 676.55 456.41 435.40
Canada 10,962.22 10,893.59 4654.82 3003.13
United Kingdom 16,159.76 13,459.35 12,826.57 9421.95
Japan 9982.56 7788.30 12,081.59 11,135.11
Israel 1284.12 1122.49 513.74 42441
United States 68,695.06 61,815.72 13,433.16 12,225.59
Malta 206.78 157.41 10.28 7.77
Slovenia 170.08 144.07 101.13 90.83
Austria 209.25 197.29 41.04 36.72
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Figure 9. NRMSE comparison across countries using all features versus selected features from phase I.

To illustrate the efficacy of SARIMAX, we compared its performance with a recurrent
neural network (RNN) and its variant, the long short-term memory (LSTM) network. As
shown in Table 11, SARIMAX outperformed both RNN and LSTM in terms of NRMSE for
the 3-year forecasting period across multiple countries with all features. SARIMAX’s ability
to explicitly model seasonality and trends in CO, emissions data, along with incorporating
external regressors, allows it to more accurately capture short-term emission patterns.
In contrast, RNN and LSTM, while adept at handling complex temporal dependencies,
require longer time horizons and larger datasets to realize their full potential. For this
study, SARIMAX provided superior short-term forecasting accuracy, making it the most
appropriate model for the analysis. The decision to use a 3-year forecasting horizon
was based on its balance between capturing short-term trends and providing sufficient
temporal variation for meaningful predictions. Shorter periods, such as 1 year, may
not capture emission dynamics, while longer periods, like 5 years, introduce greater
uncertainty and variability, especially for countries with complex, non-linear emission
patterns. Additionally, limited data for longer periods reduces forecast reliability.
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Table 11. Comparison of NRMSE for SARIMAX, RNN, and LSTM models across countries.
NRMSE
Country RNN LSTM SARIMAX
Switzerland 0.442783 0.480825 0.077552
Norway 0.121911 0.085626 0.025110
Iceland 0.344458 0.475491 0.193595
Australia 0.101343 0.160552 0.079787
Denmark 0.247964 0.265102 0.022905
Sweden 0.161550 0.245968 0.013986
Ireland 0.556493 0.533763 0.133853
Germany 0.133541 0.121431 0.019064
Netherlands 0.444045 0.433081 0.303878
Finland 0.492177 0.422556 0.020518
Singapore 0.253100 0.271664 0.037952
New Zealand 0.268500 0.181010 0.053941
Canada 0.118399 0.122721 0.069235
United Kingdom 0.424373 0.336663 0.129244
Japan 0.404918 0.379645 0.028718
Israel 0.122919 0.153771 0.031110
United States 0.335382 0.490067 0.070943
Malta 0.238182 0.342186 0.293078
Slovenia 0.424588 0.513795 0.026756
Austria 0.376747 0.321901 0.011265
CO2 Emissions Forecast vs Actual for Netherlands €02 Emissions Forecast vs Actual for Netherlands

2000 2005 2010 2015 1990 1995 2000 2005 2010 2015
Year Year

Figure 10. SARIMAX model predictions for three representative countries using selected features
from phase I (left) and all features (right).

5.2.2. Cluster Analysis

After predicting CO, emissions, in this subsection, we perform a cluster analysis by
applying the DTW algorithm, which categorizes the countries based on their CO, emission
trends. This methodology, which builds on insights obtained in the data understanding
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phase, effectively groups countries with similar emission patterns into three clusters, as
shown in Figure 11.

In Figure 11, along the x-axis, we have time spanning from the year 1990 to 2014, and
the y-axis indicates the standardized CO, emissions levels for each country. By standardiz-
ing the emission trends, it is possible to observe patterns and dynamics of CO, emissions
for each country more easily. The first cluster, as shown in Figure 11a includes countries
such as Switzerland and the United Kingdom, whose emission patterns exhibit notable
fluctuations but tend to converge in later years towards the cluster center. In addition
to having a variety of industrial activities, this group may also reflect economies that
have progressively adopted emission reduction strategies. As illustrated in the Figure 11b,
Norway, Australia, and Canada are included in the second cluster. These nations share
a consistent upward trend in CO, emissions before stabilizing or slightly decreasing as
they approach later times. This pattern may indicate sustained growth in emission caused
by economic expansion, followed by a shift toward stabilization, possibly influenced by
environmental policies. A third and final cluster can be seen in Figure 11c, which includes
the United States and the Netherlands, among other countries. A trend of increasing
emissions is observed in this diverse group until 2004, following which a gradual decline
is observed. These trends may be associated with a peak in industrial emission followed
by concerted efforts to reduce emission and adopt renewable energy sources. During the
period examined, there were distinct trajectories in the emission of CO, in these countries,
which may reflect the different socio-economic and environmental policies of each country.
A comprehensive evaluation of the robustness of our clustering approach is provided
by Figures 12 and 13, which provide insight into how CO; emissions trends are aligned.
In Figure 12, the distances between cluster centers are presented, revealing inter-cluster
variability, whereas in Figure 13, an individual country trend is compared to the central
trend of the cluster, revealing intra-cluster consistency.

DTW visualizations provide a robust analytical tool for validating CO;, emissions
trends clustering across various countries. Figure 12a—c demonstrate the temporal align-
ment between cluster centers, illustrating disparities between clusters. In each heatmap,
the x-axis shows the sequential time step corresponding to the standardized emission
values for one cluster, while the y-axis relates to the time step corresponding to another
cluster. In these figures, a gradient of colors indicates local point-to-point distances, with
warmer colors indicating higher distance and cooler colors showing closer proximity, which
illustrates the degree of similarity between the two time series. There is notable variation in
the optimal warping paths represented by the red lines, with deviations from the diagonal
indicating periods of divergence in CO, emissions trends between the clusters.

Additionally, Figure 13a—c examine the alignment between emission trends within
individual countries and cluster centers, thus examining the coherence of countries within
their clusters. Each heatmap’s x-axis represents the central trend of the cluster, while its
y-axis corresponds to the central trend of a particular country within that cluster. A strong
alignment with the cluster’s central trend is indicated by the proximity of the red lines to
the diagonal, which indicates that the optimal warping paths are aligned. Overall DTW
distances at the top of each heatmap provide a quantitative measure of the alignment, and
the small distances indicate that the clustering is reliable. In Table 12, different clusters are
analyzed based on the selected features from phase I.
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Figure 11. Cluster analysis of the countries based on carbon emissions patterns ((a): converging
fluctuations, (b): upward trends stabilizing, (c): peak followed by decline).
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Figure 12. Dynamic time warping distances between cluster centers for CO, emissions.
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Figure 13. Alignment of individual country CO, emissions trends with cluster central trends.

Table 12. Analysis of the clusters based on the selected features.

. Standard Annual Growth
Feature Cluster Mean Median Deviation Rate (%)
Renewable ener Cluster 1 15.95 13.64 13.57 —3.86
comsume gy Cluster 2 18.1 8.42 18.91 ~10.91
p Cluster 3 18.78 9.73 20.52 -1.76
Electricity Cluster 1 43.37 61.03 34.41 17.12
production from oil, Cluster 2 57.33 61.18 37.66 35.07
gas and coal sources Cluster 3 54.67 53.39 33.2 22.61
. Cluster 1 8.65 8.12 3.6 2.7
eGrBf Peés‘gmt of Cluster 2 6.95 6.34 2.97 5.21
gy Cluster 3 6.88 6.23 3.53 6.93
Total ereenhouse Cluster 1 364,635.94 73,846.74 385,349.73 9.94
25 e r%\ ission Cluster 2 389,649.8 83,368.13 432,138.17 2.59
& Cluster 3 855,195.2 69,949.81 2,102,668.71 13.84
Cluster 1 88,400.66 29,750.0 104,200.41 4.26
Forest area Cluster 2 751,927.56 121,149.0 1,195,835.76 —16.44
Cluster 3 417,152.51 9722.06 1,001,584.13 25.37

As indicated by the moderate and declining growth rate of renewable energy con-
sumption in cluster 1, which can be referred to as the “Reducing emission Group”, CO,
emissions were decreasing. Despite the significant increase in the annual growth rate of
electricity produced by oil, gas, and coal, the mean electricity production from these sources
is 43.37 percent, suggesting a transition towards cleaner energy sources has occurred. A
high GDP per unit of energy use, as well as a growth in forest area, support the hypothesis
that the countries belonging to this cluster have moved towards sustainable practices. As a
result of an increase in CO, emissions, cluster 2 can be identified as a group with “Growing
emission”. This is consistent with the high mean of 57.33% in electricity production from
oil, gas, and coal sources and the highest growth rate of 35.07%, which indicates a heavy
reliance on non-renewable energy sources. Although the cluster is characterized by the
largest forest area, its negative annual growth rate is concerning, potentially exacerbating
its overall environmental impact. In cluster 3, the “Peak and Decline emission Group”,
CO; emissions initially increased, followed by a decline, resulting in the largest mean
renewable energy consumption at 18.78% and a less pronounced decrease in growth rate.
As indicated by the highest annual growth rate in forest area, which is 25.37 percent, sig-
nificant total greenhouse gas emission are aligned with this pattern but are attempting to
reverse the trend. A summary of the results over the period from 1990 to 2014 suggests
that cluster 1 made significant progress toward reducing emission. Cluster 2 experienced
an upward trend in emission, indicating a growing environmental challenge during this
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period. Meanwhile, cluster 3 appeared to correct its initially high emissions, demonstrating
a shift towards more sustainable practices in the latter part of the timeframe. These histori-
cal trends, analyzed in conjunction with the detailed characteristics identified in phase I,
provide a comprehensive perspective on the environmental trajectories of the clusters and
the effectiveness of their energy and environmental policies.

6. Conclusions

In the context of addressing global climate change, this research marks a significant
step forward by pinpointing the factors that drive CO, emissions. By combining a broad
range of variables with diverse statistical models, this study provides an in-depth and
comprehensive analysis. Its standout feature is a two-phase methodology that focuses on
analyzing key features and enhancing prediction precision, leading to notably improved
forecasting accuracy. This approach ensures predictions mirror actual trends in CO, emis-
sions, whether they are rising or falling, thus making future projections more dependable. A
key methodological breakthrough of this research is the application of the DTW algorithm
during its second phase, enabling the categorization of countries into clusters based on
their emission trajectories. This provides deep insights into the global landscape of CO,
emissions, highlighting both the commonalities and disparities across nations.

This study has substantial practical implications, especially in the development of
policies. By providing precise forecasts of future emission trends and a detailed under-
standing of emission dynamics on a country-by-country basis, it empowers policymakers
and environmental strategists to devise climate policies that are both impactful and finely
tuned to specific needs. Thus, the study’s contributions extend far beyond academic circles,
offering practical tools for combating climate change. It aids in informed policymaking
and strategic environmental planning, significantly aiding the global initiative to curb CO,
emissions and counteract climate change’s negative impacts. Although the models aligned
closely with actual emission trends, the analysis was limited to available historical data.
Future studies could explore external validation, such as cross-validation or out-of-sample
testing with more available data.
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