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Abstract: This research paper delves into the intricate relationship between population size and carbon emissions, focusing on
a comparative analysis between developed and developing nations. The significance of this topic lies in its critical role in
environmental studies and climate change mitigation. The study’s purpose is to quantitatively analyze the impact of population
on carbon emissions and provide insights for targeted climate change mitigation strategies, particularly contrasting the
dynamics in developed versus developing countries. Employing advanced machine learning techniques, such as random forest,
linear regression, and Xgboost, the research aims to quantify the influence of population on carbon emissions. The analysis
reveals distinct emission trajectories for developed and developing nations, with the United States and China serving as primary
examples. The findings underscore the significance of population size in shaping carbon emissions and emphasize the need for
tailored policy interventions that consider each nation’s demographic and industrial landscape. The research offers a
comprehensive understanding of the correlation between population dynamics and carbon emissions, providing a foundation
for future policy-making and interventions.
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1. Introduction

The global energy landscape is undergoing a monumental shift, driven by an urgent need to address mounting environmental
concerns. Carbon emissions and their relationship to climate change have attracted a lot of attention recently. The ongoing
increase in carbon dioxide emissions mostly causes climate change. Of the environmental, social, and economic risks the world
has encountered in the last century, global warming is one of the largest and most likely challenging. Sea level rise, floods,
droughts, and other unfavourable environmental effects are caused by increasing atmospheric carbon dioxide emissions, which
is one of the main causes of global warming [19]. There are two possible effects of rising CO2 emissions on human health:
direct and indirect. When inhaled in large quantities, it directly impacts and can lead to significant illnesses such as dyspnea,
delirium, blindness, and dizziness [3]. The indirect manifestation of global issues, including acid rain, climate change, and
global warming, is high CO2 emissions. These pollutants come in a variety of highly dangerous forms for both the environment
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and people. According to The Lancet [24], serious illnesses brought on by air pollution claim the lives of almost 6.5 million
people globally each year. Moreover, the number of deaths from AIDS/HIV, TB, and auto accidents put together is less than
this one. Approximately 75 percent of Indians are exposed to air pollution, which is significantly more than the government-
mandated minimal limit [27].

Recent studies have raised significant questions about the effects of population growth, industrialization, energy consumption,
and renewable energy on the environment [5]; [17]; [18]; [28]. CO2 emissions are increased when fossil fuels are burned for
transportation, industry, energy, and commercial buildings [25]; [30]; [4]. According to estimates, coal, gas, oil, and other fossil
fuels accounted for more than 84 percent of the energy produced in 2019; coal and oil were the primary fuels used to create
electricity [31]. Environmental degradation has become a global concern due to the expansion of the industrial sector in recent
decades [6]. Environmental degradation is also a result of human activity, including burning fossil fuels and deforestation [21].
As a result of human activity, the atmospheric concentrations of CO2 have increased to levels not seen in previous centuries.
However, renewable energy comes from natural resources that can help fight global warming. One of the most dependable
energy sources is renewable energy, which can reduce pollution. This study explores the relationship between energy
consumption, population, industrialization, GDP, FD, and renewable energy and the environmental quality of growing
economies, taking into account the features mentioned earlier [29]. The relationship between population size and carbon
emissions has received substantial attention within environmental studies, particularly in the context of climate change and
population geography. Understanding how the population affects carbon emissions is critical for the effective development of
solutions meant to mitigate the negative effects of climate change. Even though this relationship has been partly studied in the
past, a comparative study that focuses primarily on industrialized and emerging nations is still necessary [22].

By better comprehending the varying impacts that population size has on carbon emissions, a deeper understanding can be
gained regarding potential areas where targeted interventions may be implemented. Analyzing population size’s impact on
carbon emissions in developed and developing countries quantitatively is the research challenge this study attempts to solve.
The goal is to find any notable variations between each group and to quantify the degree to which population size influences
carbon emissions in each. The urgency with which climate change and its implications must be addressed is what spurred this
study’s motivation. We can find efficient tactics and policy interventions to lessen the effects of human activity on the
environment by looking at the relationship between population size and carbon emissions in developed and developing nations.
This study’s main objective is to measure, using machine learning techniques, how much population has an impact on carbon
emissions in developed and emerging nations. To ad- address the research problem and achieve the objectives outlined above,
the following research questions will guide this study:

e How does population size influence carbon emissions in developed countries compared to developing countries?

e Isthere a significant correlation between population growth rate and carbon emissions in developed and developing
countries?

Through a comparison of how the population affects carbon emissions in developed and developing countries, this study adds
to the collection of existing knowledge. By utilizing machine learning techniques, the study will generate quantitative insights
and identify significant correlations between population size, growth rate, and carbon emissions. These findings have the
potential to inform policymakers and researchers in formulating effective strategies to mitigate the adverse effects of carbon
emissions.

2. Review of Literature

The concept of utilizing quantum dots (QDs) in solar cells has been a subject of intense research and exploration for nearly two
decades, with significant strides made in understanding and harnessing their potential [8]. It was in 2004 that Schaller and
Klimov laid the foundation for this promising technology by demonstrating the phenomenon of multiple exciton generation in
quantum dots [1]. This ground-breaking discovery hinted at a theoretical efficiency limit that could surpass the capabilities of
conventional solar cells, opening up exciting possibilities for renewable energy. Previous research on the relationship between
population and carbon emissions has yielded mixed results. Some studies have found a positive correlation between population
size and carbon emissions, suggesting that larger populations lead to increased emissions. For instance, the authors in [34]
utilized the input-output model and combined regression analysis, input-output technology, and structural decomposition
analysis to analyze the impact of various factors on indirect carbon emissions from households in China. The findings indicated
that urban employment, rapid urbanization, and the two-child policy amplified the influence of the population variable on
increasing indirect carbon emissions. The study also highlighted that growing household incomes and improved living standards
pose a significant threat to climate change responses in developing countries [35].

In this study [12], researchers investigated the relationship between population and economic growth and carbon dioxide (CO2)
emissions in light of the increasing urgency of climate change. The dataset utilized in the analysis covered a 30-year timeframe.
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It is comprised of nine countries: developed (Japan, USA, UK), fast-developing (India, China, Brazil), and slow-developing
(Congo, Bangladesh, Malaysia). Employing a stochastic model, the investigation employed CO2 emissions as the dependent
variable and took into account independent variables, including population, affluence (measured by GDP per capita), and
technology (evaluated by resources used per unit of production). The findings brought to light the significant impact of
population and economic growth on the notable upswing in global CO2 emissions observed during the preceding two decades.
Using multiple linear regression techniques, with population growth and electricity, [36] was able to forecast and analyze
carbon emissions. Linear regression was used to find the relationship between Co2, which was categorized as a dependent
variable and other factors, which were categorized as independent variables. To further understand their correlation, the
dependent variable was provided as a label and the independent variable as a feature. The adopted strategy resulted in 98 percent
accuracy in estimating carbon emissions based on population increase and electricity absorption from a 70:30 split [13].

This study [8] examined the influence of income, energy consumption, and population growth on CO2 emissions in India,
Indonesia, China, and Brazil for the years 1970 to 2012. The study employed the Autoregressive Distributed Lag (ARDL)
bounds test approach, considering both linear and non-linear relationships in the short and long run. Results indicated a
significant positive correlation between CO2 emissions and income and energy consumption across all four countries. However,
the relationship between CO2 emissions and population growth was statistically significant for India and Brazil but insignificant
for China and Indonesia in both short and long-term analyses. The environmental Kuznets Curve (EKC) hypothesis was also
tested, which suggested that in Brazil, China, and Indonesia, CO2 emissions decrease over time with increasing income,
implying these countries need not adopt policies that negatively impact income to reduce emissions. GDP and CO2 emissions
in Algeria were examined between 1970 and 2010 [11]. The findings indicated that there is a significant correlation between
the two variables.

In Pakistan, the association between CO2 emissions, energy consumption, and economic advancement was investigated in both
bivariate and multivariate models for the years 1971-2019 using the autoregressive distributed lag model (ARDL) and Johansen
cointegration [2]; the result showed that rising economic growth and energy consumption have a positive and considerable
effect on CO2 emissions. To effectively address carbon emissions control, examined the influence of population and economic
growth on carbon dioxide (CO2) emissions in developing countries. In addition to total population, factors such as urbanization
percentage and non-dependent population were also significant determinants. Furthermore, the total energy-driven gross
domestic product (GDP) and the proportion of GDP generated by manufacturing industries were evaluated to ascertain their
respective impacts on carbon emissions. National data from Taiwan spanning the years 1990 to 2014 were utilized to investigate
the relationships between these determinants. The Stochastic Impacts by Regression on Population, Affluence, and Technology
(STIRPAT) analytical tool was employed to assess the potential impact of these factors on global warming, as indicated by
total atmospheric carbon emissions. Seven STIRPAT models are proposed and statistically tested for significance, resulting in
the identification of two models that predicted the impact of population and economic growth on carbon emissions in Taiwan
by the year 2025.

In this study, [9] analysed the influence of urbanization, economic growth, and population size on residential carbon emissions
in the South Asian Association for Regional Cooperation (SAARC) member nations from 1994 to 2013. The empirical findings
revealed a U-shaped relationship between urbanisation and residential carbon emissions, indicating population size and per
capita GDP play significant roles as drivers of high carbon emissions in the SAARC countries. This contributes to the
significance of population size as a key determinant of high carbon emissions in the SAARC member nations when examining
carbon emissions trends. However, this literature does not directly address the influence of population size on carbon emissions
in developed and developing countries, nor does it investigate the correlation between population growth rate and carbon
emissions. By considering the connections and areas of agreement between the existing findings, along with the potential trends
identified, this paper aims to extend the analysis to developed and developing countries, exploring the influence of population
size on carbon emissions to address the research gaps by conducting a comprehensive understanding of the correlation between
population dynamics and carbon emissions.

To address the detrimental effects of CO2 emissions on ecosystems in India, [23] integrated multiple models that facilitate this
prediction task. The authors proposed three statistical models, including autoregressive-integrated moving average (ARIMA),
seasonal autoregressive-integrated moving average with exogenous factors (SARIMAX) and the Holt-Winters model, two
machine learning models, namely linear regression(LR) and random forest(RF), as well as a deep learning-based long short-
term memory (LSTM) model. The objective was to identify the impact of CO2 emissions and predict the trend for the next
decade using univariate time-series data from 1980 to 2019. Through a comparative analysis of six models evaluated in nine
metrics: mean squared error (MSE), root mean squared error (RMSE), mean squared log error (MSLE), mean absolute error
(MAE), mean absolute percentage error (MAPE), median absolute error (MedAE), R2 score error, maximum error, and
explained variance score error (EVS). The results demonstrate that the deep learning-based LSTM maodel is the best suitable
model for predicting CO2 emissions, with a MAPE value of 3.101 percent, RMSE value of 60.635, and MedAE value of 28.898.
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Thisisin line with the study done by [23];[7], which aimed to identify the factors that influence carbon emissions
and the patterns in China and India by applying the same deep learning method (i.e. LSTM). These two nations are the foremost
users of coal and have the highest population figures globally. The authors sought to evaluate the influence of financial
development (FD), energy consumption, population, gross domestic product (GDP), and renewable energy on CO2 emissions,
considering the significant industrial and demographic expansion in both countries. The LSTM approach was employed to
analyse the relative influence of several drivers on CO2 emissions in a dataset spanning from 1990 to 2014. The findings
concluded that China would see a deceleration in CO2 emissions by 2022, whilst India will not achieve this until 2023.

Moreover, this also revealed that energy consumption exerted the most significant influence, while renewable energy had the
least substantial effect on CO2 emissions on both sides. These two papers specifically examined the prediction of CO2
emissions and the relevant variables in emerging nations, which are closely connected to the topic in this study that compares
developed and developing countries. The methodology and conclusions presented may be utilised to compare or contrast
with analogous models in this field, facilitating comprehension of how various elements, such as technical progress or
economic policies, impact the precision of emission forecasts in diverse circumstances, yielding a more nuanced comprehension
of the correlation between population dynamics and carbon emissions in diverse economic environments.

With the goal of predicting the increasing levels of carbon dioxide (CO2) emissions regularly in China, [26] chose the most
accurate model to forecast future CO2 emissions based on daily time-series data from January 1st, 2020, to September 30th,
2022. There were six proposed models, consisting of three statistical models: seasonal autoregressive integrated moving
average with exogenous factors (SARIMAX), autoregressive integrated moving average (ARIMA), and grey prediction
(GM(1,1)); three machine learning models: artificial neural network (ANN), RF, and LSTM. The performance of these
techniques was assessed based on five criteria: MSE, RMSE, MAPE, Mean Absolute Error (MAE), and R2 score. The result
indicated that the three machine learning models surpassed the performance of the three statistics models in all five
categories. In particular, LSTM stood out for its outstanding ability to capture and predict intricate emission patterns, making
it the optimal choice for predicting CO2 emission on a daily basis. The remarkable accuracy was achieved by an MSE value of
3.5179, a RMSE result of 0.0187, a MAE score of 0.0140, a value of MAPE at 0.1482, and a high coefficient of determination
(R2) value of 0.9844. The methodologies used in this paper to forecast CO2 emissions displayed a diverse array of sophisticated
approaches that can be applied, providing an in-depth analysis of emission patterns in connection to population dynamics.
Additionally, China, as a prominent emerging nation with substantial CO2 emissions and swift demographic shifts, served as
a pertinent case study for this similar scenario. They provided valuable insights into emission trends in China, which can be
used to compare with data from developed countries to analyse the influence on emission patterns.

In parallel to the work conducted by [26], [1] introduced three models to forecast the carbon emissions pattern in a dataset
obtained from nine South Asian nations from the years 2001 to 2020 due to the exceptional rate of industrialization and
urbanisation in China, this has become the main driver of climate change. These three models were the Bidirectional Long
Short-Term Memory Neural Network (BiLSTM), LSTM, and Gated Recurrent Unit (GRU). These models were trained using
data collected from nine South Asian countries, including Sri Lanka, Afghanistan, Nepal, India, Bhutan, Pakistan, China,
Bangladesh, and Maldives. Moreover, an analysis of the collective impact of scientific and technical advancements, industrial
structures, and energy structure elements on CO2 emissions from 2022 to 2030 was also conducted. Upon evaluating the model
performance of these three techniques, the Bi-LSTM model exhibited superior performance with lower values for MAE, MSE,
and MAPE in comparison to the other models. The emphasis on South Asian countries was directly related to the interest of
this study in emerging economies. These areas are undergoing substantial population expansion, which is strongly linked to
heightened carbon emissions as a result of fast urbanisation. The utilisation of modern predictive modelling approaches, along
with a thorough investigation of several influential elements, provides important insights for the upcoming study.

Inasimilar study conducted in mainland China, [20] utilised the Autoregressive Integrated Moving Average (ARIMA) statistical
model, as well as machine learning forecasting techniques, including Recurrent Neural Networks (RNNs), LSTM, and LSTM
with Clustering and Multivariate Time- Series, to estimate the level of carbon emissions from 2030 to 2060. In order to
examine the similarities in trends among various regions in this developing country, the authors focused on the analysis in
ten specific administrative regions: Jiangsu Province, Shandong Province, Hebei Province, Henan Province, the Inner Mongolia
Autonomous Region, Guangdong Province, Chongging City, Shanghai City, Beijing City and Tianjin City, to examine the
corresponding GDP and population data. During this procedure, the mean average percentage error was computed, yielding
a minimum value of

2.56 percent for the RNN model. This suggests that the RNN model is more dependable than the other methods. To conclude,
the methodology, regional focus, and insights presented in this work made a substantial contribution to the study investigating
the correlation between population density, economic growth, and carbon emissions. The utilisation of sophisticated forecasting
methods and meticulous assessment of specific geographical areas provided a complete structure for analysing these
connections in both developed and emerging nations. In this paper, [15] conducted two tasks to analyse the rising circumstances
of carbon dioxide emissions from the energy sector in Bangladesh. This research focused on the period from 1972 to 2019. The
authors aim to determine the correlations between CO2 emissions, gross domestic product (GDP) and electrical energy
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consumption by utilising the fully modified ordinary least squares (FMOLS) technique in the first part. The Philips-Perron (PP)
and augmented Dickey-Fuller (ADF) tests are employed to perform a unit root test in order to assess the stationarity of the
variables. The estimated results indicate the presence of a long-term and cointegration relationship between energy consumption
GDP and CO emissions in this developing nation. Specifically, energy consumption has a positive effect on CO emissions,
whereas GDP has an adverse impact. In the second phase, [16] devised five machine learning algorithms, namely convolution
neural network (CNN), CNN long short-term memory (CNN-LSTM), LSTM, dense neural network (DNN), and multivariate
polynomial regression to predict CO2 emissions. The evaluation metrics employed for analysing and comparing the
performances of the prediction models encompass RMSE, MAE, and MAPE. The results indicate that the DNN strategy yields
the most favourable outcomes, with the lowest MAPE of 3.678, in comparison to the alternative methods. The initial
segment of this paper, which examines the correlations among CO2 emissions, GDP and electrical energy consumption,
corresponds to the emphasis of this study on carbon emissions in both industrialised and developing countries. An analysis of
the relationship between these factors and CO2 emissions in Bangladesh might offer valuable insights into comparable trends
in other countries, regardless of the level of development.

In order to analyse the factors that affect CO2 emissions in five African countries (Algeria, Egypt, Libya, Nigeria, and
South Africa), [14] put forward two machine learning models: EMD-GCN (Empirical Mode Decomposition Graph
Convolutional Network) and Empirical Mode Decomposition (EMD). These algorithms were used to forecast CO2 emissions
for the next decade, using time series data from 1980 to 2021. The results of a comparison study of these techniques in
five countries show that EMD-GCN performs better than the other model, according to the four performance metrics: MAE,
MASE, MAPE, and R2 score. The EMD-GCN model leverages the advantages of both EMD and GCN to effectively capture
the fundamental patterns and fluctuations in the data, which can be advantageous for modelling intricate and non-linear
connections. Furthermore, the research results also open up new research projects that can improve the accuracy of CO2
emission predictions by adding extra outside factors like technological progress, population growth, and different policy
measures that could have either positive or negative effects on CO2 emissions. The novel methodology used in this paper
provided a powerful means of capturing complicated and non-linear connections within environmental data. This tool can be
particularly useful for comprehending the complex dynamics between population increase and CO2 emissions. The emphasis
on African nations also presents a viewpoint from an alternative group of emerging countries, in contrast to this study. Gaining
comprehension of the functioning of these models within the framework of African states might provide valuable insights into
the applicability of such methodologies across diverse emerging areas.

In order to forecast the CO2 emissions of vehicles in Canada, [10] proposed eight machine learning methods to predict the
ranking of CO2, utilising the fuel consumption rating dataset of Canada from the past five-year period (2017-2021). The models
include Decision Tree, Naive Bayes, Random Forest, Logistic Regression, Support Vector Machine (Linear), Support Vector
Machine (Polynomial), K-Nearest Neighbour, and Stochastic Gradient Descent. The performance of these techniques was
assessed based on metrics such as accuracy, recall, precision, and F1 score. The findings indicate that the Random Forest
method achieved the maximum accuracy of 96 percent among all the models, while the Naive Bayes classifier had the lowest
precision of 73 percent. In contrast to the specific emphasis on automobile emissions in this paper, which delivers a
comprehensive analysis of a substantial source of CO2 emissions, this study takes a broader approach by investigating the
relationship between population density and carbon emissions across different nations. Nevertheless, the methodology and
conclusions presented can contribute to a specific aspect of this project, which examines the influence of transport on total
carbon emissions.

In [32], the authors suggested that population density has a moderate impact on the air quality index (AQI), while CO2
emissions exhibit a slight positive correlation. This study encompassed 32 countries and aimed to investigate the influence of
population density, CO2 emissions, and tree coverage on air quality. The correlation analysis indicated that population density
has a moderate effect on AQI, with a correlation coefficient of 0.43. Conversely, tree coverage displayed a negative correlation
of -0.43 with AQI, suggesting that areas with a higher tree density tend to have less polluted air [33]. Additionally, CO2
emissions demonstrated a slight positive correlation of 0.21 with AQI. Although this study establishes the connection between
population density and air quality, further research is needed to explore the relationship between population growth rate and
carbon emission between developed and developing countries. In this research, the dataset will be classified into two main
categories to estimate and identify potential factors associated with CO2 emissions and population growth.

3. Methodology

Preprocessing: Data preprocessing is a stage that is a part of data preparation where the raw data is processed to be more suitable
for machine learning or other data-science applications.

Opening Dataset inappropriate Read mode: Upon opening the dataset in the default reading mode utf—8, the function read_CSV
() threw an error specifying the presence of unknown characters. This is a characteristic of CSV files with a different encoding.
The error was resolved using the ISO—8859—1 encoding.
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Fixing Datatype mismatches: Pandas is a popular Python library that deals with tabular data. Pandas have an innate capability
of assigning appropriate datatypes based on the data in the column. However, in some instances, this assignment may not be
accurate, and hence, the developer must assign them manually to ensure no data is lost.

Handle missing values: Handling missing values is a crucial step in the preprocessing stage. Missing data can be dealt with
differently based on the patterns they exhibit.

Random missing values can occur when the sensor fails to produce viable data and is set as null or zero. These missing values
can often be filled by imputation or statistical values. It was seen that null values were present in the given dataset. Upon initial
analysis, the missing values seem to follow a pattern where the absence of values in one column for a country increases the
likeliness of other columns to also have null values. Patterns were found in the dataset where, for a specific country, columns
have null values of a maximum of 271 rows. This also relates to the number of rows for each country, which is also 271 rows.

4. Exploratory Data Analysis

Exploratory data analysis can be defined as the process of investigating datasets and discovering characteristics that are present
in the data. Performing EDA helps to explore the nature of the data and identify patterns within the dataset. Figure 1 visualizes
the top 20 countries with the sum of their carbon emissions over the years from 2010 to 2020. The United States appears to
have led with the highest CO,-releasing nation consistently for the last decade. A contributing factor could include the fact that
the United States has the third highest population at 338M. Figure 2 shows the bottom 20 countries that have contributed the
least over the years from 2010 to 2020. Antarctica appears to have the least contribution to the carbon emission footprint. This
can be assumed to be correlated to the human population present in the region. However, the data regarding the population is
absent in the given dataset, and hence, this assumption cannot be confirmed.

Top 20 CO2 emitting countries from 2010 - 2020
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Figure 1: Top 20 Countries - 2010 — 2020
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Figure 2: Bottom 20 Countries - 2010 - 2020
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Figure 3 shows that CO2 significantly increased over the years. This steady increase in CO2 emission has raised concerns about
its impact on global climate change, contributing to the greenhouse effect and subsequent alterations in Earth’s climate patterns.
Comparing the op 5 CO, emitting countries in the years 1750, 1800, 1850, 1900, 1950, 2000, 2010, 2020. As shown in
Figures 4 to 11, the United Kingdom’s carbon emissions have declined over time. The Climate Change Act, which the UK
government enacted, appears to be the reason for this decrease in carbon emissions. In other countries, CO2 emissions

steadily increase over time.
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4.1. Algorithm Selection

Model Evaluation: Figure 4 highlights that we have used three different models: a) random forest, b) linear regression, and c)
Xgboost to compare the performance, and random forest has performed well compared to the other two models.

Significant Correlation of Population: Is there a significant correlation between population growth rate and carbon emissions
in developed and developing countries?
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Figure 12: CO, Emissions of Top 5 countries over the years
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Verdict: Population Size Influence: How does population size influence carbon emissions in developed countries compared to
developing countries?

Considering that the United States is one of the developed countries, it can be seen that the carbon emissions from this nation
are higher than those from China, and the rate of ascent is much lower than the stronger rate of China.

Comparison of Predictions from Three Different Models

Linear Regression Random Forest XGBoost

Figure 13. Comparison of three different model performance

Figure 14: CO2 Emissions vs Year for China

/

Figure 15: CO2 Emissions vs Year for the USA

It was noted that the population of developing countries contributed significantly to the nation’s carbon emissions, as seen in
Figure (). The United States, having a mere population of 92B and China, boasting of a population of 386B, can be correlated
to their carbon footprint counterparts (Figures 12 to 15). It can also be found that developing countries may not be
focusing their efforts on reducing the carbon emissions in their nation. With the increase in population and the industrial
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revolution in the previous century, these nations were affected by an inflated carbon footprint.
5. Conclusion

In this study, an exploration of the relationship between population size and carbon emissions was undertaken, with the aim of
illuminating its implications for climate change mitigation. The study focused on conducting a comparative analysis between
developed and developing nations, utilizing machine learning techniques to quantify the influence of population size on carbon
emissions. This research was driven by the need for a comprehensive understanding of how the population impacts carbon
emissions within the context of climate change. By examining both developed and developing countries, the objective was to
quantify the extent of this influence and provide insights for targeted interventions. The analysis revealed that the United States,
a developed nation, consistently maintained a high level of carbon emissions over the past decade, although with a slower rate
of increase compared to China, a developing country. This highlights a notable difference in emission trajectories between
developed and developing nations.

The top 20 emitting countries, led by the United States, showcased distinct patterns in carbon emissions. Conversely, the bottom
20 countries, exemplified by Antarctica, exhibited significantly lower emissions, likely due to their sparse populations. Machine
learning models, particularly random forests, proved effective in discerning these patterns. This study emphasizes the role of
population size in shaping carbon emissions, especially in the context of differentiating between developed and developing
countries. The findings provide a foundation for targeted policy interventions to mitigate environmental impacts, emphasizing
the need for strategic approaches tailored to each nation’s demographic and industrial landscape. In conclusion, this study offers
valuable insights into the relationship between population size and carbon emissions, highlighting disparities between
developed and developing nations. By understanding and quantifying these dynamics, policymakers can tailor interventions to
effectively mitigate the environmental consequences of population growth. Addressing these challenges is imperative for a
sustainable and environmentally conscious future.
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