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ABSTRACT

This paper presents an analysis of predicting annual carbon emissions (CO, emissions) from 1990 to 2023 in the top ten high-carbon emission source
countries using machine learning algorithms. The research employed a random forest algorithm, logistic regression, support vector machines (SVM),
K-nearest neighbors (KNN), and gradient boosting to predict CO, emissions based on a set of selected features. The performance of these models
was evaluated using root mean square error (RMSE), mean absolute error (MAE), R-squared, accuracy, precision, recall, F1 score, area under the
curve (ROC AUC), and confusion matrix accuracy. The paper finds that Primary energy consumption is the main Antecedent and most influential
factor, followed by population size and gross domestic product (GDP). The results also reveal that trade openness, urbanization, and renewable
energy consumption have relatively minor impacts on the model’s predictions. Furthermore, the results indicate that the Random Forest algorithm
achieves near-perfect performance across all evaluation metrics for the prediction of carbon emission. The paper provides significant implications for
policymakers and scholars in reducing CO, emissions.

Keywords: Carbon Emissions, Primary Energy Consumption, Top Ten Carbon-Emitting Nations, Machine Learning Algorithms
JEL Classifications: 024, Q4, Q5

1. INTRODUCTION

Environmental degradation is one of the most urgent environmental
issues facing the world today. Environmental challenges and risks
pose a significant obstacle to the achievement of sustainable
development goals. Environmental risks arise from environmental
degradation, which is linked to biodiversity loss, increased air
pollution, natural resource degradation, and global warming

(Nurgazina et al., 2022; Ali et al., 2023). Such degradation poses a
significant threat to both the environmental and economic systems.
Carbon emissions stand out as one of these challenges, contributing
to the exacerbation of global warming and climate change and its
associated environmental and economic repercussions.Carbon
emissions stand out as one of these challenges, contributing to
the exacerbation of global warming and climate change and its
associated environmental and economic repercussions. Studies
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by Adebayo et al. (2021) and Acheampong and Opoku (2023)
confirmed this finding. They found that rising carbon emissions
are one of the main causes of climate change, which is what these
risks are all about. It is anticipated that carbon dioxide emissions
will persist in contributing to global warming. According to global
data, one of the main causes of climate change between 1750 and
2005 was carbon dioxide (Balogh and Jambor, 2017).

By releasing carbon dioxide and other greenhouse gases into the
atmosphere, human activity has been a major contributor to climate
change since the start of the Industrial Revolution. Consequently,
industrial growth has exacerbated the ecological environment and
accelerated the phenomenon of global warming, leading to the
erosion of environmental quality (Adom et al., 2012). From the
beginning of the 21* century until 2019, global greenhouse gas
emissions showed an increasing trend, primarily due to the rise in
emissions from China, India, the United States, major industrial
countries, and other emerging economies, which produced the
highest share of carbon emissions (European Commission, Joint
Research Centre, 2023). In 2020, global emissions decreased by
3.7% compared to 2019 levels due to the COVID-19 pandemic,
interrupting the continuously increasing trend for more than a
decade. However, global greenhouse gas emissions restarted their
growth immediately after the peak of the pandemic, rising by
2.3% in 2022 compared to 2019 and by 1.4% compared to 2021
(European Commission, Joint Research Centre, 2023).

The 2022 Emissions Gap Report indicated that countries around
the world are not on track to achieve the Paris Agreement’s aim of
limiting the global temperature from surpassing 1.5°C over pre-
industrial levels, or 2°C. This level is considered the upper limit to
prevent the worst potential consequences of climate change, which
include catastrophic effects such as floods, storms, droughts, and
rising sea levels (Adebayo et al., 2021; Emissions Gap Report,
2022). Present plans predict a temperature increase of 2.8°C
by the end of the current century. Therefore, global low-carbon
transformations are necessary to reduce projected greenhouse gas
emissions by 28% by 2030, which would put the world on track
towards a 2°C increase in worldwide temperature, and by 42% by
2023, which would put the world on track towards a 1.5°C rise
in worldwide temperature, thereby averting a global catastrophe
(Emissions Gap Report, 2023). Large industrial countries are
responsible for most of these emissions because they use a lot
of fuel-based energy to power their fast economic growth. This
has been shown by many global reports and databases, such as
emission gap reports, world population review data, the World
Development Indicators database, and others. The world’s
greenhouse gas emissions hit a new high of 57,400 million tons
of CO, equivalent in 2022. About two-thirds of these emissions
come from burning fossil fuels and using electricity in factories
(Emissions Gap Report, 2023; World Bank Database; World
Population Review, 2024).

The top ten economies contributing to carbon emissions account
for around 70% of the total global carbon emissions. Leading the
list is China, which alone contributes about 32% of global carbon
emissions, amounting to 12,667 million tons. Following China are
the United States at approximately 14.4% with 4,853 million tons,
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India at 7% with 2,693 million tons, Russia at 4.8% with 1,909
million tons, Japan at 2.9% with 1,083 million tons, Indonesia
at 1.75% with 692 million tons, Iran at 1.73% with 686 million
tons, Germany at 1.7% with 674 million tons, South Korea at
1.6% with 635.5 million tons, and Saudi Arabia at 1.5% with 608
million tons (World Population Review, 2024, CO , Emissions),
as shown in Figure 1.

Figure 1 shows that the 10 countries that are the largest sources
of carbon emissions have a significant responsibility, as their
contribution alone represents approximately 70% of the total
carbon emissions worldwide. Therefore, it is the responsibility
of those countries that lead in carbon emissions to reduce the
level of global carbon emissions. these countries face challenges
when carbon dioxide emissions arise from energy generation and
its use for the industrialization process, particularly as the use of
traditional energy sources increases in economic activities such
as industrial production (Adebayo et al., 2021). In such cases,
reducing carbon dioxide emissions could negatively impact
economic growth, a concern that governments often hesitate to
address. This is due to the fact that these nations have the biggest
economies in the world and are always looking to boost their
economic performance through manufacturing, urbanization,
and the production and consumption of energy. Given that trade
frequently entails the movement of manufacturing industries,
which raises pollution levels, as well as the transportation of
goods and pollution across borders, these governments also aim
to maximize economic growth through international investment
and exchange (Balogh and Jambor, 2017). According to a number
of studies, such as Adedoyin and Bekun (2020), Adebayo et al.
(2021), Lietal. (2023), and Selmey et al. (2024), which indicated
that the lack of political measures may incite an upward trend in
emissions as a result of the growing demand for energy worldwide.
This will have a detrimental effect on the environment because
fossil fuels mostly cause greenhouse gas emissions.

Finally, carbon emissions are a huge environmental problem in the
world at the current time, creating significant climate changes that
may harm life as we know it. According to the data, the countries
in question account for a significant portion of global emissions,

Figure 1: Carbon emissions contribution of the top ten countries (70%
of global emissions)

Percentage of Global Emission %

m China m United States India Russia m Japan

® Indonesia Iran Germany South Korea Saudi Arabia

Source: The authors
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with a combined contribution of around 70% of global carbon
emissions. To better understand the causes of the issue and offer
workable remedies, it is necessary to look into the factors that
contribute to these emissions. According to this viewpoint, the
study attempts to draw attention to the environmental, social,
and economic elements that support the rise in these emissions in
the top ten nations that release carbon. Therefore, understanding
the determinants of carbon emissions is crucial for guiding
environmental and economic policies in line with the right path
to achieving sustainable low-carbon economic growth goals. The
study uses machine learning models to forecast carbon emissions
to achieve this goal. Subsequently, it gives decision-makers the
knowledge and policies they need to develop plans that promote
economic growth while also protecting the environment.

The contribution of the current study is that it differs from
previous literature in several essential aspects. Firstly, previous
studies primarily examined the determinants of carbon emissions
in specific countries or regions, during specific times, or using
different analysis tools. while The current study focuses on the
top ten carbon-emitting countries, which account for a large
proportion of up to 70% of global carbon emissions. It highlights
the crucial role of these countries in shaping global carbon
emission trends. Furthermore, it underscores the importance of
studying the determinants of carbon emissions and forecasting
them in the top ten countries that emit them. Secondly, this study
differs from others because it uses machine learning models to
analyze large and complex data. This approach differs from
traditional studies that rely on conventional econometric methods.
Furthermore, this approach is particularly significant given the
intricate interplay between economic, social, and environmental
relationships, as well as the impact of policy uncertainty on
carbon emissions in these countries. This methodology allows
us to obtain more reliable patterns and predictions. Thus, the
methodology used in the study provides a deeper understanding of
the determinants of carbon emissions. Third, this study focuses on
economic growth, trade openness, and inflation as economic and
uncertainty factors without neglecting the impact of urbanization,
population growth, and energy use on environmental quality.
Finally, this study offers various perspectives and ideas to help
policymakers create policies that promote economic growth
while maintaining environmental quality. It also offers actionable
recommendations that can boost economic growth with reduced
emissions.

The study is structured as follows: Section 2 reviews the relevant
literature and outlines the hypotheses. Section 3 describes the
research methodology. Section 4 presents the findings and
discusses their implications. Finally, Section 5 concludes the study.

2. LITERATURE REVIEW AND
HYPOTHESIS DEVELOPMENT

The literature on the factors influencing CO, emissions is
highlighted in this section. We shall examine the following topics
in this section:

2.1. Economic Growth and CO, Emissions

The relationship between economic growth and the quality of the
environment has attracted interest from scholars because of the
harmful influence of CO, emissions on climate change (Mikayilov
et al., 2018; Mladenovi¢ et al., 2016; Osobajo et al., 2020; Idroes
et al., 2023). Empirical evidence continues to show conflicting
findings despite the large number of studies that have looked at the
causal relationship between environmental quality and economic
performance (Lapinskiené et al., 2017; Namahoro et al., 2021;
Ayhan et al., 2023; Jebabli et al., 2023; Tsimisaraka et al., 2023;
Ghazouani and Maktouf, 2024; Mohammed et al., 2024).

The findings of the many studies that have looked at the connection
between carbon dioxide emissions and economic growth are mixed.
Khan et al. (2024), for instance, investigated the relationships
between technical innovation, carbon dioxide emissions, and
economic growth in 35 countries along the Belt and Road
between 1985 and 2019. Economic growth negatively impacts
environmental quality, according to the findings. In addition, Khan
et al. (2023) found that there is a positive correlation between
economic growth and carbon dioxide. Raihan et al. (2023) explored
the dynamic effects of economic growth on CO, emissions in Egypt
from 1990 to 2019. The results concluded that economic growth in
Egypt contributes to an increase in carbon emissions. In the same
vein, Selmey and Elamer (2023) examined the impact of economic
growth on environmental damage in Egypt between 1990 and 2018
using the ARDL methodology. The results revealed a positive
relationship between economic growth and environmental damage
in Egypt in both the short and long run. Acheampong (2018)
investigated the connection between energy use, CO, emissions,
and economic growth in 116 nations between 1990 and 2014. The
results showed that throughout the Caribbean and Latin America,
economic growth reduces CO, emissions. However, the results
found no significant linkage between economic growth and CO,
emissions in several areas, including both developed and emerging
nations. Shuai et al. (2018) explored the main factors influencing
China’s carbon emissions. The findings demonstrated that real GDP
per capita is the primary driver of carbon emissions.

Thus, the empirical evidence remains mixed despite numerous
studies on the linkage between economic growth and environmental
damage. One of the goals of this paper is to add to the body of
research by looking into the cause-and-effect link between
economic growth and environmental damage in a certain country
or region. This will assist policymakers in formulating more
effective policies for the environment that foster sustainable
economic growth. Thus, we hypothesize the following:

H,: There is a link between economic growth and carbon dioxide

emissions.

2.2. Energy Consumption and CO, Emissions

One of the most important environmental issues that occupy
researchers and policymakers worldwide is the linkage between
the consumption of primary energy and carbon dioxide emissions.
Since energy is the primary driver of economic activities, the heavy
reliance on primary energy, such as fossil fuels, as the major source
of energy leads to an increase in emissions of greenhouse gases,
especially carbon dioxide, which exacerbates the climate change
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problem (Akpan and Akpan, 2012; Wang et al., 2016; Sarkodie
& Ozturk, 2020; Rahman et al., 2021; Yuaningsih et al., 2021).
Worldwide environmental agencies and leading environmental
experts have indicated that the consumption of energy is the major
element of pollution and environmental damage (Islam et al., 2021).

Since Kraft and Kraft’s pioneering work in 1978, the linkage
between consumption of energy and economic growth has garnered
significant attention in environmental science and energy economics
(Kraft and Kraft, 1975). Several studies conducted in recent decades
have explored the dynamic linkage between energy, the economy,
and the environment. For instance, Chen et al. (2016) utilized a
panel co-integration and vector error-correction model to analyze the
dynamic linkage among the economy, energy, and environment for
188 nations from 1993 to 2010. The empirical findings demonstrated
the existence of long-term associations between energy usage and
carbon emissions across all nations. In addition, a unidirectional
causal relationship between energy consumption and carbon
dioxide emissions in emerging and advanced economies. This
demonstrates how changes in primary energy use have a direct effect
on carbon emissions in every country. Liu et al. (2023) used panel
co-integration tests and pooled mean group (PMG-ARDL) methods
to examine the connection between energy consumption and carbon
emissions in China between 1995 and 2020. According to the results,
energy use, both immediately and over time, considerably worsens
environmental impact. Selmey et al. (2024) studied the impact of
primary energy consumption on carbon emissions across the BRICS
economies (Brazil, Russia, India, China, and South Africa) between
1991 and 2023. The Panel Pooled Mean Group-Autoregressive
Distributed Lag Model (PMG-ARDL) was used to show that the
primary energy used has a significant and positive effect on carbon
emissions in both the short and long term.

From the above, it is clear that many studies indicate a solid
relationship between primary energy consumption and increased
carbon emissions and environmental degradation. Regardless
of the differences in the methods used and the periods studied,
these studies agree that energy consumption plays a vital role in
accelerating global climate change, and this has been corroborated
by numerous studies (e.g., Anwar et al., 2020: Nathaniel and
Adeleye, 2021). Thus, we hypothesize the following:

H,: There is a link between primary energy consumption and

carbon dioxide emissions.

2.3. Urbanization and CO, Emissions

The scholarly literature recognizes three major theories regarding
urbanization and the environment: modernized ecological, urban
transition, and compacted city theories (Poumanyvong and Kaneko,
2010; Kongkuah et al., 2022). Ecological modernization theory
posits that urbanization is crucial in the economic transformation
of the sectoral structure from agriculture to industry to services,
which can mitigate environmental degradation resulting from
economic growth. The urban transition hypothesis posits an
association between wealth and environmental considerations
in urban areas. It contends that as cities attain middle-income
levels, their production, population, and consumption have been
more concentrated, leading to increasing industrial pollution.
Environmental regulations, technical advancements, and the
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transition from industrialization to service fields mitigate pollution
as urban areas progress. Conversely, increased urban growth may
elevate individuals’ income and usage of energy-intensive goods,
thereby harming the environment. The compact city theory is
based on the premise that increased urbanization is advantageous.
It asserts that urbanization, via the enhancement of existing urban
areas, as opposed to suburban expansion, provides an economy of
scale for infrastructure in the community, including transport and
electricity generation, thereby reducing environmental damage
(Burton, 2000; Lee and Lim, 2018; Kongkuah et al., 2022).

According to concepts mentioned previously, the impact of
urbanization on the quality of the environment is ambiguous, as
indicated by contradictory empirical results. Poumanyvong and
Kaneko (2010) demonstrate that urbanization elevates carbon
dioxide emissions in ninety-nine different economies. El-Aasar and
Hanafy (2018) noticed that urbanization positively influenced carbon
emissions in Sub-Saharan African economies. Kwakwa et al. (2018)
found that urbanization raises the consumption of fossil fuels in
Ghana, Kenya, and South Africa. Wang et al. (2017) and Grodzicki
and Jankiewicz (2022) indicated that urbanization will result in rising
CO, emissions. Moreover, adopting compact urban development
forms would contribute to the reduction of carbon emissions. On the
other hand, Ali etal. (2017) discovered a significant negative impact
of urbanization on carbon emissions in Singapore during 1970-2015.
Additionally, Khan et al. (2019) showed that urbanization has a
negative impact on CO, emissions. Huo et al. (2020) showed that
urbanization is a crucial determinant of building carbon emissions.
Additionally, results indicate that the urban population and urban
building floor space adversely affect carbon emissions in the urban
building sectors. Kongkuah et al. (2022) revealed that urbanization
significantly lowers long-term CO, emissions pollution. Based on
the above, experimental studies have agreed that urbanization is one
of the main determinants affecting carbon emissions, although the
results varied. Thus, our study hypothesizes the following:

H,: There is a link between urbanization and carbon dioxide

emissions.

2.4. Renewable Energy and CO, Emissions

The investigation into the relationship between renewable energy
(RE) and carbon emissions is essential, as it provides policymakers
with additional insights for accomplishing the Sustainable
Development Goals (SDGs). Overall, renewable energy may
be an essential instrument in mitigating CO, emissions due to
its reduced carbon footprint (Ansari. 2022; Elamer et al., 2022;
Mirziyoyeva and Salahodjaev. 2022). Despite the variety of studies
that have addressed the association between renewable energy
usage and carbon emissions, the vast majority of them indicate a
strong inverse relationship between them, confirming the role of
renewable energy usage in reducing carbon emissions. For case
in point, Li et al. (2025) conducted an examination of the impact
of renewable energy usage on environmental quality in Costa
Rica from 1990 to 2020. The results found that renewable energy
usage improves environmental quality and decreases ecological
footprint. Anwar et al. (2022) studied the relation between
renewable sources of energy and carbon emissions in selected
Asian economies from 1990 to 2014. The results showed that
using renewable energy lowers carbon emissions.
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However, numerous experimental studies have yielded results
that diverge from the previously mentioned studies. Rehman et al.
(2023) investigated the relationship between renewable energy use
and carbon emissions at the worldwide level between 1985 and
2020. The outcomes revealed that the consumption of renewable
energy does not affect carbon emission levels. Chen et al. (2022)
explored the influence of renewable energy on carbon dioxide
emissions per capita between 1995 and 2015 in 97 countries. The
findings confirmed that using more renewable energy will not
reduce per capita carbon emissions unless countries reach a certain
threshold of consumption of renewable energy. According to Li
and Haneklaus (2021), China's rapidly developing clean energy
industry leads to contemporaneous increases in carbon dioxide
emissions. A 1% increase in the use of renewable energy results
in a short-term increase in CO, emissions of 0.285% to 0.288%.

Based on the above, experimental studies have shown varying

results regarding the nature ofthe association between renewable

energy usage and carbon emissions. Therefore, we can make the

following hypothesis:

H,: There is a link between Renewable Energy usage and carbon
dioxide emissions.

2.5. population size and CO, Emissions

The population of the world is expanding swiftly, resulting in
a continually rising need for energy consumption. Their heavy
reliance on traditional energy sources, such as fossil fuels,
leads to increases in CO, emissions and climate change through
increased human activity. Studies like Wang et al. (2017), which
studied the influence of population on carbon emissions in China
between 1997 and 2012. The study’s outcomes indicate that the
population size significantly influences carbon emissions. Dong
et al. (2018) explored the relation between carbon emissions and
population growth in 128 economies between 1990 and 2014. The
findings showed that population size has a significant impact on
CO, emissions. Rehman and Rehman (2022) studied the linkage
between carbon emissions and population growth in Asian countries
during the period between 2001 and 2014. According to the findings
of'the grey relational analysis (GRA) processes, India’s population
growth is a major contributor to carbon emissions. Lee and Zhao
(2023) examined the factors affecting carbon emissions in 96
countries from 2000 to 2020. The experimental results concluded
that population growth exacerbates carbon emissions.

In contrast, certain studies have produced findings that differ from
those of the aforementioned studies, including Begum et al. (2015),
which looked at Malaysia’s population growth and CO, emissions
between 1970 and 1980. The findings showed that population
growth has no discernible impact on carbon emissions per person.
Sulaiman and Abdul-Rahim (2018) looked into the relationship
between Nigeria’s population increase and CO , emissions. The
outcome demonstrated that, over the long run, population increase
was not a driver of CO, emissions in Nigeria.

Based on the findings of earlier research, we must further explore
this link, pinpoint the primary factors influencing the risks of
climate change, and create policies that can achieve carbon
neutrality in order to mitigate the dangers of environmental

deterioration. As a result, we can make the following hypothesis:
H,: There is a correlation between population size and carbon
dioxide emissions.

3. RESEARCH METHODOLOGY

Five machine learning models were utilized in this study: random
forest, logistic regression, gradient boosting, support vector
machines (SVM), and K-nearest neighbors (KNN). Analyzing
the training data is how all supervised machine learning models
create their prediction function data.

This study employs machine learning models to evaluate the
factors influencing CO, emissions and forecast those emissions
in the top 10 nations based on annual data from 1990 to 2023. we
rely on five models to evaluate their accuracy, then use the most
accurate model to forecast CO, emissions while also identifying
the primary factors that influence CO, emissions. Metrics such
as accuracy, precision, recall, Fl-score, and area under the
curve (ROCAUC) analyze the performance comparison of the
algorithms (Itoo et al., 2021). this paper implemented all machine
learning algorithms using the Scikit-Learn package in the Python
programming language.

3.1. Machine Learning Models
We used a variety of machine-learning techniques for comparison.

3.1.1. logistic regression

Logistic regression is a supervised machine-learning technique
designed for learning classification problems. A classification
problem with learning occurs when the desired variable is
categorical. The objective of logistic regression is to establish a
function that correlates the dataset’s attributes with the targets,
enabling the prediction of the probability that a new instance
corresponds to one of the target classes (Bisong, 2019).

The logistic function, referred to as the logit or sigmoid function,
constrains the output of the cost function to yield a probability
between 0 and 1. The sigmoid or logit function is expressed as
(Bisong, 2019):

h(r) = —

- l+e

: (1

Utilizing the probability logistic function i, we derive the relevant
logistic regression approach as follows:

In L”i } = B, + Bix
-7 2)

-
logit function

B, represents the intercept, while £, denotes the impact of
explanatory variables (EC, GDP, REC, URB, TO, Pop, EPU, INF)
on the dependent variable (CO, emissions).
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3.1.2. Random forest

Random forest is an assembly machine learning approach that
integrates the outcomes of numerous models of decision trees
(Hopp, 2024).

This approach involves the construction of decision trees utilizing
variables from a matrix X and a stochastic selection of features.
Furthermore, it entails the random selection of data subsets from
X with replace to train every tree in the ensemble, differentiating
it from other tree-based methodologies. Every tree produces
a forecast of the desired variable (in this instance, annual CO,
emissions), and the final model chooses the most frequently
predicted outcome from the ensemble of trees (Tenorio and Pérez,
2023). Tiffin (2016) says that Random Forest effectively combines
predictions from many trees and gives more weight to those with
lower errors. This lessens the effect of possible individual errors as
long as there isn’t much of a link between the trees. This approach
iteratively partitions the data in X into optimized sections and uses
variable-based criteria to predict the desired variable; thereafter, it
computes the dependent variable as the average of these regions
(Tiffin, 2016; Tenorio and Pérez. 2023). Random forest models
are based on the following equation (Tiffin, 2016):

1 n
R=—3" (r-r) G)

Where y is the predicted value, and y, represents the actual value.

3.1.3. Gradient boosting trees

Friedman introduced the gradient boosting approach as an ensemble
machine learning technique in 2001(Friedman, 2001). The main
premise of the gradient-boosting approach is to amalgamate
several weak learners to enhance the accuracy and robustness of
the final algorithm (Yoon, 2021). the gradient-boosting procedure
begins with the establishment of a single leaf and the generation
of regression trees. A regression tree is a decision tree specifically
constructed to estimate a continuous factual-valued function rather
than to classify data. The gradient boosting approach initiates with
the creation of a single leaf and the construction of regression
trees. The regression tree is created using a method that repeatedly
divides the data into nodes or splits it into smaller sets of data.
Initially, every observation is categorized into a single category.
The data is subsequently divided into two parts, employing every
conceivable split on each accessible predictor. The predictor that
splits the tree divides the observations most clearly into two groups
and decreases the residual error (Yoon, 2021).

Boehmke and Greenwell sum up this method using the following
formula (Tenorio and Pérez, 2023):

F=Y" F.@) 4)

Where z represents the total number of trees that cumulatively
collect the errors from all preceding trees. The first tree is
represented as y = F1(x), followed by the second tree defined as
F2(x) = F1(x) + el, and this process continues consecutively to
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minimize F(x) as expressed below (Tenorio and Pérez, 2023):

L= EZJL(yZ,FZ(x)) 5)

Consequently, as new decision trees add up, the accuracy of the
ultimate predict progressively enhances, yielding more precise
forecasts for annual CO, emissions.

3.2. Performance Evaluation Metrics for Algorithms
This paper initially used the mean absolute error (MAE), root
mean square error (RMSE), and coefficient of determination (R2)
values to check the accuracy of the model (Yu et al., 2024). These
measures are the most commonly utilized for regression issues.
Reduced values for these markers signify superior model fits. It is
denoted by the following equations (Giileryiiz and Ozden, 2020;
Yu et al., 2024):

RMSE = \/%Zz—l( = F(x ))2 (6)

1
MAE :;Zizl

MAE measures the average absolute difference between predicted
and actual values.

S (n=F =)
> (= F ()

The term n denotes the number of observations, y, denotes actual

Yi _J}(xi )‘ (7

R =1- ®)

value, f( x; ) denotes the predicted value and /(x;) denote the
mean value. Larger R? denotes better model fitting, but larger
MSE and MAPE values suggest higher prediction errors. RMSE
values might range from 0 to oo, with lower values signifying better
performance. An RMSE value of 0 indicates that the technique
has incurred no errors (Prayudani et al., 2019).

Additionally, this paper relies on important measures of different
algorithms’ performance, such as accuracy, precision, recall, and
Fl-score. The metrics above were calculated for both training
and testing databases to ensure an accurate assessment of model
performance. The confusion matrix shows performance across
different classes, making it easier to identify true positives, false
positives, true negatives, and false negatives. Furthermore, visual
instruments like ROC curves were produced to demonstrate the
trade-off between sensitivity and specificity, providing insights
into the performance of models at different thresholds (Jain and
Srihari. 2024).

3.3. Variable Importance

Feature importance indicates the ranking of each feature’s
importance in predicting carbon dioxide emissions. It is executed
via a Python program. In an ensemble with decision trees, is
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computed as (Yu et al. 2024):

Ly =) i)

k 1zeq, (9)

Imp(x; ) =

Where z indicates the z" non-terminal node of the decision tree
o, J> indicates the feature identifier utilized to split node z, /()
denotes the indicator function, n_represent the number of samples
arriving at node z, N denotes the total number of samples, and 4i
(z,5) refers to the reduction in the Gini coefficient at the z" node
after s-splitting.

In addition, Lundberg and Lee (2017) introduced SHAP as a
technique for elucidating the mechanisms of a particular instance
by measuring the contribution of each feature. Many experts are
using SHAP to understand social and environmental events (Stojié
et al., 2019). According to Orji and Ukwandu (2024), SHAP is
founded on game theory and its tenets, which include assigning
zero attributions to variables that did not influence the model’s
prediction. Thus, SHAP seeks to interpret a model f'at a certain
point x* using a value function e, where S is a subset of S € {1,
p}. This function is generally defined as the expected value for a
conditional distribution applied to each variable S is expressed as
(Orji and Ukwandu, 2024):

es = E[ £(x) Ixg = | (10)

According to Holzinger et al. (2022), the contribution of a variable
jisrepresented by ¢j and computed as the weighted average across
all potential S, as illustrated below (Orji & Ukwandu, 2024):

3 Is|(p -5 )(al(SU{xj})—val(S))

¢, (val) =
Sg{x] Xy \{Xj} p .

(11)

Where x denotes the feature value matrix for a case in the model
being explained, p denotes the number of features, S denotes a
subset of these features, and val(S) denotes the prediction for the
feature values inside the set S.

By figuring out the contribution of each variable and computing
every potential combination of the variables that could account
for the effect, SHAP evaluates the role of each component. The
final contribution of the traits is then calculated by averaging these
contributions (Orji and Ukwandu, 2024). According to Teoh et al.
(2023), the Shapley value makes it easier to comprehend how
characteristics contribute to the model’s outcome and how much of
an impact they have on the machine learning model’s judgments.
The absolute SHAPIley values for every variable are determined
using the following formula:

=2

(12)

Where ¢}i) denotes the SHAP value of the j-th feature for in this
case i.

3.4. Sample and Variable Measurements

This study utilizes annual time-series data from 1990 to 2023 to
analyze the key determinants of carbon dioxide emissions in the top
ten highest-emitting countries. The sample includes both developed
and emerging economies, allowing for a comparative analysis of
emission patterns across different economic structures. Table 1 shows
the sample countries. Developed nations in the sample—such as
the United States, Japan, Germany, and South Korea—tend to have
advanced industrial sectors and stringent environmental policies.
Conversely, emerging economies like China, India, Indonesia,
and Iran exhibit rapid industrialization and population growth,
contributing to their high emission levels. The dataset consists of 370
observations, covering a mix of developed and emerging economies.
These countries were selected based on their substantial contribution
to global CO , emissions, making them central to understanding
emission trends and the underlying factors influencing climate change.

Table 1 indicates that China, the United States, and India are
the three largest emitters, collectively accounting for over half
of global emissions from this group. China, classified as an
emerging economy, contributes the highest share, representing
32% of the total emissions in the sample. The United States, a
developed country, follows with 14.4%, while India, another
emerging economy, accounts for 7%. Other significant contributors
include Russia (4.8%), Japan (2.9%), and Indonesia (1.75%). By
incorporating this diverse set of countries, the study provides a
comprehensive perspective on global CO, emissions, highlighting
the differences between industrialized and developing economies.
This approach helps in identifying common factors influencing
emissions while considering country-specific characteristics that
may affect environmental policies and sustainability efforts.

This study incorporates a set of key economic, social, and
environmental variables to analyze the determinants of carbon
dioxide emissions. The variables, their symbols, measurement
units, and data sources are outlined in Table 2.

By incorporating these variables, the study aims to assess how
economic, demographic, and policy factors contribute to CO,
emissions. The combination of macroeconomic and environmental
indicators allows for a comprehensive analysis of emission trends

Table 1: Sample

Countries Country Observations Co,
classification emissions (%)

China Emerging Country 37 32

United States Developed Country 37 14.4
India Emerging Country 37 7

Russia Emerging Country 37 4.8
Japan Developed Country 37 2.9
Indonesia Emerging Country 37 1.75
Iran Emerging Country 37 1.73
Germany Developed Country 37 1.7
South Korea  Developed Country 37 1.6
Saudi Arabia Emerging Country 37 1.5

Source: The authors
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and potential mitigation strategies across different economic
contexts.

4. RESULTS AND DISCUSSION

This study presents a novel approach to forecast annual CO,
emissions in the top ten high-emission source nations from 1990
to 2023 using machine learning methods. The machine learning
models generate robust predictions for the annual CO, emissions.
In this part of our study, we present the main findings and
determine the accuracy of the algorithm. We then compare these
algorithms to determine which one is the most reliable

4.1. Performance Measurements

The paper examines the comparative effectiveness of five distinct
predictive models: Random Forest Regressor, Logistic Regression,
SVM, KNN, and Gradient Boosting. The objective is to compare
the outcomes of each method in order to determine which model
is the most accurate and efficient. For the sake of achieving this
purpose, the research initially employs four validated statistical
tools, as delineated in Equations 1, 2, and 3 (Adewale et al., 2024).

Table 3 compares the performance of five machine learning
models—Random Forest, Logistic Regression, SVM, KNN,
and Gradient Boosting—using three evaluation metrics: RMSE
(Root Mean Squared Error), MAE (Mean Absolute Error), and
R-squared. Each metric provides insights into how well the models
predict the target variable, with lower RMSE and MAE values

Table 2: Variable measurements

Variables Symbol Measurement  Source

Carbon Dioxide CO, Million tonnes Statistical Review of

Emissions from of carbon World Energy

Energy dioxide

Primary energy EC (Exajoules) Statistical Review of

consumption World Energy

GDP per capita  GDP GDP (Constant ~ World Development
2015 USS) Indicators

Trade openness  TO Trade (% of World Development
GDP) Indicators

Population size ~ Pop Population, total World Development

Indicators
Urbanization Urb Urban World Development

population (% of Indicators
total population)

Inflation inf Inflation, World Development
consumer prices Indicators
(annual %)
Economic EPU World Uncertainty
policy Index
uncertainty

Source: The authors

Table 3: Performance measures of algorithms

Metrics RMSE MAE R-squared

Random Forest 0.054137772  0.038820091  0.997457307
Logistic Regression  0.132591819  0.065575066  0.929616753
SVM 0.648633409 0.511449311 —0.684358255
KNN 0.380910366  0.286877296  0.874125224
Gradient Boosting ~ 0.057606599  0.041715394  0.997121027

Source: Output by Python
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indicating better performance and higher R-squared values (closer
to 1), suggesting a better fit to the data. Random Forest emerges as
one of the top-performing models, with an RMSE of 0.054 and an
MAE 0f0.039, indicating minimal prediction errors. Its R-squared
value 0f 0.997 is exceptionally high, meaning it explains nearly all
the variance in the data. The Gradient Boosting algorithm came
next, displaying next values of 0.057606599, 0.041715394, and
0.997121027 for RMSE, MAE, and R-squared, respectively. The
Random Forest model is clearly the best choice for this task, as
it delivers highly accurate predictions and fits the data almost
perfectly.

Logistic Regression and KNN show moderate performance.
Logistic regression has an RMSE of 0.133 and an MAE of 0.066,
with an R-squared 0f 0.930, indicating a good but not outstanding
fit. KNN performs slightly worse, with an RMSE of 0.381, an
MAE of 0.287, and an R-squared of 0.874. Despite not being as
robust as Random Forest or Gradient Boosting, these models still
yield reasonable predictions and could be helpful in scenarios that
prioritize simplicity or interpretability.

On the other hand, SVM performs poorly across all metrics. Its
RMSE of 0.649 and MAE of 0.511 are significantly higher than
the other models, indicating large prediction errors. Additionally,
its R-squared value of —0.684 is particularly concerning, as a
negative value suggests that the model performs worse than
a simple horizontal line (baseline model). This makes SVM
unsuitable for this task. In conclusion, Random Forest is the best-
performing model for this dataset, offering near-perfect accuracy
and fit. However, while the other models are viable alternatives,
they fall short of the top performers. However, because SVM
performs poorly, it should be avoided. The particular requirements
of the task, such as the need for accuracy, interpretability, or
computational efficiency, ultimately determine which model is
best.

Using a number of important metrics, including accuracy,
precision, recall, F1 score, ROC AUC, and confusion matrix
accuracy, Table 4 assesses the performance of five machine
learning models: Logistic Regression, Random Forest, SVM,
Naive Bayes, KNN, and Gradient Boosting. These measures offer a
thorough understanding of each model’s overall predictive strength,
false positive and false negative balance, and data classification
accuracy. With flawless scores on every criterion, Random Forest
and Gradient Boosting are clearly the best-performing models.
With an accuracy of 1, both models accurately categories every
incident in the dataset. They strike the ideal balance between
detecting genuine positives and reducing false positives and false
negatives because their precision, recall, and F1 scores are all 1.
They are the greatest options for this classification task because
of their outstanding performance, which is further supported by
their ROC AUC of 1 and confusion matrix accuracy of 1.

Logistic regression and SVM also perform very well, though
not perfectly. Both models achieve an accuracy of 0.985,
with precision, recall, and F1 score values close to 1. Logistic
Regression has a slight edge in Recall (1 compared to SVM’s
0.970), meaning it correctly identifies all positive instances. In
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Table 4: Performance measures of algorithms

Logistic Regression 0.985294118 0.970588235 1 0.985074627 1 34.49253731
Random Forest 1 1 1 1 1 1
SVM 0.985294118 1 0.96969697 0.984615385 0.998268398 1
Naive Bayes 0.911764706 0.909090909 0.909090909 0.909090909 0.967965368 1
KNN 0.985294118 1 0.96969697 0.984615385 0.997402597 1
Gradient Boosting 1 1 1 1 1 1

Source: output by Python

contrast, SVM has a slight edge in Precision (1 compared to
Logistic Regression’s 0.971), meaning it avoids false positives
entirely. Their ROC AUC scores are nearly perfect (1 for logistic
regression and 0.998 for SVM), and their confusion matrix
accuracy is also strong. These models are highly reliable but fall
just short of the top performers.

KNN performs similarly to logistic regression and SVM, with
an accuracy of 0.985, a precision of 1, and a recall of 0.970.
Its F1 Score of 0.985 and ROC AUC of 0.997 indicate strong
performance, though not quite as excellent as Random Forest or
Gradient Boosting. Like SVM, KNN achieves a confusion matrix
accuracy of 1, meaning it correctly classifies all instances in the
confusion matrix. It is a solid choice but not the best.

Naive Bayes is the weakest performer in this comparison. While
its accuracy of 0.912 is still respectable, its precision, recall, and
F1 score are all 0.909, indicating a higher rate of misclassification
compared to the other models. Its ROC AUC of 0.968 is decent
but significantly lower than the others. The other models clearly
outperform Naive Bayes in this task despite achieving a confusion
matrix accuracy of 1.

Based on the provided assessment measures, the Random Forest
algorithm is the most appropriate of the five.

4.2. The Importance of Features in a Random Forest
Algorithm

Table 5 and Figure 2 display a SHAP (Shapley Additive
Explanations) summary plot. A machine-learning model uses it
to determine the importance of different features. SHAP values
provide a unified measure of feature importance by quantifying the
contribution of each feature to the model’s predictions. The plot
ranks several features based on their mean absolute SHAP values,
thereby reflecting their overall impact on the model’s output. The
results of Table 5 and Figure 2 help us determine the importance
of the factors that impact carbon emissions. Energy consumption
appears to be the most significant factor, with a relative importance
of 83.4%. This result indicates that primary energy consumption,
such as fossil fuels, has a substantial impact on carbon emissions.
Consequently, energy consumption is the largest and most
crucial determinant of increased carbon emissions in the studied
countries; therefore, changes in energy usage significantly affect
the anticipated CO, emissions.

Many rapidly growing emerging economies, such as China and
India, are classified among the highest carbon-emitting countries
due to their reliance on non-renewable energy sources like coal,

Table 5: Indicators of feature importance

Energy Consumption 0.834055
Population Size 0.069203
Gross Domestic Product 0.02679
Trade Openness 0.013405
Urbanization 0.010171
renewable energy consumption 0.007035
Inflation 0.004613
Economic Policy Uncertainty 0.003354

Source: output by Python

Figure 2: Features importance using SHAP (Random forest)

0.0 01 0.2 03 0.4 0.5 0.6 0.7 0.8
Mean Absolute SHAP Value

Source: The authors

gas, and fossil fuels for economic growth. Particularly, following
the implementation of the reform and opening-up policy, China
has experienced rapid economic growth (Lietal., 2017). By 2013,
China had become the world’s largest source of carbon emissions,
surpassing the United States (Mohammed et al., 2019). This is
due to the Chinese economy’s heavy reliance on primary energy
consumption, particularly in the industrial sector, which accounts
for approximately 80% of total energy consumption, as most
industries produce energy-intensive products. This aligns with
the findings of Mohammed et al. (2019), which showed that high
energy consumption in China, particularly in the industrial sector, is
the primary factor contributing to increased energy use and carbon
dioxide emissions in the country. Moreover, for example, Saudi
Arabia is a big oil producer that requires a larger consumption of
energy. Several studies (e.g., Osobajo et al., 2020; Aller et al., 2021;
Rehman and Rehman, 2022; Liet al., 2023; Yu et al., 2024; Zhong
et al., 2024; Al-Azizi et al., 2025; Duran and Demirkale, 2025;
Shaheen et al., 2025) have also come to the same conclusion: energy
use is the main and most important cause of carbon emissions.
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Therefore, it is important to offer insights into formulating policies
that focus on enhancing energy efficiency, transitioning to clean
energy sources, and assisting investments in sectors consisting of
energy, transportation, production, and renewable energy sources.

The decomposition findings show the population size effect is the
second most vital influencing component on CO, emissions in the
top ten carbon-emitting nations, after the effect of primary energy
intake, with a mean absolute SHAP value of approximately 7%.
Still, it is difficult to ignore the importance of population size in
influencing carbon emissions. Population size might indirectly
influence carbon emissions since increasing demand for natural
resources and energy results from population growth. The rising
population size significantly influenced CO, emissions throughout
the study period, highlighting the crucial impact of population
growth on the escalation of CO, emissions, particularly in China,
the US, India, and Saudi Arabia (Mohammed et al., 2019). These
results align with the findings of Wu et al. (2016) and Du & Xia
(2018), indicating that population size influences CO, emissions.

Furthermore, high population densities and rapid economic growth
in economies like China and India cause substantial demand for
energy to meet industrial, transportation, and household needs,
producing more carbon emissions. On the other hand, other
nations with rather low population densities, such as the United
States, have seen high carbon emissions result from high per capita
energy consumption, reflecting the consumerist character of the
population’s lifestyle. Therefore, understanding the relationship
between population dynamics and carbon emissions is crucial to
addressing climate change by developing effective population
policies to reduce these emissions through improved education,
women’s empowerment, and the provision of reproductive health
services.

The decomposition findings show the gross domestic product effect
is the third most important influencing factor, after the influence
of population size, which has an average absolute SHAP value of
about 2.7%. Carbon dioxide emissions resulting from economic
performance were directly linked to the growth rate of the gross
domestic product. Industrialisation processes contributed to an
increase in energy intensity in China, the United States, India,
Japan, Iran, and Saudi Arabia, indicating a decline in energy usage
efficiency due to a high demand for energy-intensive products
(Mohammed et al., 2019). This, in turn, led to rapid and sustained
growth in primary energy consumption and an increase in energy
intensity.

Similar findings by Wang et al. (2015) indicated that accelerated
economic growth played a vital role in increasing energy intensity.
This, in turn, led to an increase in carbon emissions. This outcome
aligns with previous research that has shown that growth positively
affects the level of carbon dioxide emissions in China and other
economies (e.g., Riti et al., 2017; Aslam et al., 2021; Zhang and
Zhang, 2021).

Trade openness has a weak impact, with a mean absolute SHAP
value of around 1.4%. While it contributes to the model’s
predictions, its influence is less pronounced compared to the

top three features, such as energy consumption, population size,
and GDP. This trend may be due to the fact that trade openness
is linked to industrial activity in those countries, which relies
on energy-intensive industries and thereby increases emissions.
Policymakers should establish green trade policies, such as
promoting environmentally friendly export industries or imposing
restrictions on emissions from manufacturing and transportation.

The remaining variables, further down the list, including
urbanization, renewable energy consumption, inflation, and
economic policy uncertainty, exert weak significant influence,
and their importance does not surpass 2% as a whole. Thus, this
analysis helps identify which factors are most significant for
the model, providing valuable insights for decision-making and
further refinement.

Although trade openness, urbanisation, renewable energy
consumption, inflation, and economic policy uncertainty are of
little significance in influencing carbon emissions in this study, that
does not necessarily mean that these variables are unimportant.
Rather, their weak impact may indicate that current policies related
to these factors are inadequate or that their impact is indirect. For
example, renewable energy may have a limited impact due to
its small share in the current energy mix, whereas urbanisation
may increase emissions if it is not accompanied by sustainable
policies. On the other hand, the weak impact of these variables
can be viewed as an opportunity to direct efforts toward more
influential factors, such as industrial growth and energy intensity,
making policies more effective. However, we should not overlook
these factors.

Table 6 and Figure 3 show that the random forest algorithm’s
predicted values for carbon dioxide emissions are very close
to their real values in the study countries. In most years, the
differences between the actual and expected values were minimal.

Table 6: Random Forest prediction for actual CO,
emissions

1990 64.981 65.02485 2007  69.95966  69.98588
1991 65.31286  65.28138 2008  70.22466  70.09573
1992 65.49042  65.33997 2009  70.08702  70.20079
1993 65.5651 65.60343 2010  70.62546  70.57793
1994 66.08907  65.92903 2011 70.9453 71.03004
1995 66.19459  66.02802 2012  71.24643  71.11736
1996 66.49567  66.62056 2013 71.34774  71.30538
1997 66.64427  66.75611 2014  71.52371  71.48932
1998 66.78326  66.91322 2015 71.6349 71.61998
1999 67.04495  67.00887 2016  71.78761  71.72777
2000 67.3393 67.45607 2017  71.85906  71.83324
2001 67.60794  67.62111 2018  72.00818  72.13565
2002 67.89245  67.88594 2019  71.90228  71.96073
2003 68.4161 68.41946 2020  71.36908  71.62085
2004 68.87164  68.86475 2021  71.75538  71.83584
2005 69.17046  69.15989 2022 7231559  72.19112
2006 69.57677  69.46385 2023 7230778  72.18438

Source: output by Python
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Figure 3: Actual vs predicted LCO, for All Countries (1990-2023, RF)

Actual vs Predicted LCO2 for All Countries (1990-2023, RF)
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72| %= Predicted (RF)
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Year

Source: Output by Python

This means that the predictions were very accurate and of high
quality. Additionally, carbon emissions showed an upward trend
during the study period from 1990 to 2023, with the exception
0f 2009 and 2020. The decrease in carbon emissions in 2009 and
2020 can be explained by global economic and social events that
impacted economic activity and energy consumption, leading to
a temporary decline in carbon emissions. The global crisis that
began in 2008 caused a major economic contraction, particularly
in heavily industrialised countries, such as the United States and
the European Union. These developments resulted in a decrease
in energy consumption and a deceleration in global trade, thereby
impacting the air and sea transport sectors, which are major
contributors to carbon emissions. The COVID-19 pandemic was
the primary reason for the decline in carbon emissions in 2020.
The decline was due to the slowdown in industrial and economic
activity, as well as lockdown measures that halted air and sea
transport, leading to a significant decline in energy consumption
and carbon emissions. Therefore, these decreases were temporary,
which underscores the need to develop long-term policies that
lead to sustainable reductions in carbon emissions. Ultimately,
forecasting carbon emissions alone is not sufficient; it must be
accompanied by effective policies to reduce CO, emissions and
address the negative impacts of climate change.

5. CONCLUSION

This study examined the main determinants of carbon emissions
and predicted the CO, emissions in the top ten carbon-emitting
economies globally, which include China, the United States, India,
Russia, Japan, Indonesia, Iran, Germany, South Africa, and Saudi
Arabia from 1990 to 2023. It used a novel methodology: machine
learning algorithms like random forest, logistic regression, SVM,
KNN, and gradient boosting. The study predicted the carbon
emissions and identified the significant factors affecting them in the
studied countries. The study results indicated that the random forest
algorithm is the most accurate and reliable model with the lowest
RMSE and MAE values and the highest value of R In addition, the
random forest model achieved perfect scores in accuracy, precision,
recall, F1 scores, and confusion matrix accuracy.

The study found that primary energy consumption is the most
important factor in determining carbon emissions in the ten

countries that emit the most carbon. The mean absolute SHAP
value of primary energy consumption is approximately 83.4%,
indicating its significant role in explaining carbon emissions.
This result confirms that economic growth and industrial activity
heavily depend on primary energy, and thus, it is the main driver
of increased carbon emissions in the sample countries. This result
is consistent with Shaheen et al. (2025) and Li et al. (2023); they
found that energy consumption is a major determinant of carbon
emissions.

The results also revealed that the variable of population size has
a significant impact on carbon emissions, with a mean absolute
SHAP value of about 7%. The result indicates that the size of the
population significantly contributes to explaining the changes
in carbon emissions, although it ranks second after the major
variable of primary energy consumption. These results suggest
that population growth plays a fundamental role in driving the
rise in carbon emissions. Population growth leads to an indirect
increase in the demand for fossil fuels by raising the demand for
goods, services, and environmentally polluting transportation.
As for the variable of gross domestic product (GDP), the results
indicated that the mean absolute SHAP value is 2.7%. This
conclusion implies that although gross domestic product (GDP) is
a factor influencing carbon emissions, its influence is rather smaller
than that of other determinants such as population increase and
energy consumption. This conclusion implies that GDP plays a
less important role in determining variances in carbon emissions.
In light of this, policymakers should take economic growth into
account within carbon reduction policies by focusing on achieving
low-carbon sustainable growth. The results indicated that the mean
absolute SHAP value reached 1.3% and 1% for the variables of
urbanization and trade openness, respectively. This conclusion
means that urbanization and trade openness contribute little to
explaining carbon emissions. Although its influence is small
compared to other factors, the increase in urban populations may
help explain higher emissions since urban energy consumption
increases. However, policymakers should promote sustainable
urban planning to ensure a reduction in carbon emissions in the
future while adopting green trade policies, such as improving
transport efficiency and encouraging less polluting exports. With
regard to the other factors—renewable energy, inflation, and
policy uncertainty—their combined mean absolute SHAP value
for explaining carbon emissions is about 1.5%. The conclusion
showed that renewable energy has not much effect on carbon
emissions; it may be due to its low share in the energy consumption
mix. It has to raise the percentage of renewable energy in the
energy mix if we are to facilitate the change to a low-carbon
economy. Furthermore, changes in government policies and
political and economic ones could affect investments in energy
and infrastructure, therefore indirectly affecting carbon emissions.

In conclusion, this paper successfully demonstrates the capability
of machine learning models for CO, emissions prediction,
particularly the Random Forest Regressor. The findings offer
the policymakers a robust framework and valuable insights into
the main drivers of emissions and offer clear policies that aim to
alleviate climate change.
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