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[bookmark: _Toc215614132]Abstract
The climate change caused by increasing carbon dioxide (CO₂) has been regarded as one of the most serious and urgent global problems of the twenty-first century. As the world’s population has been steadily increased, the link between growing population and CO₂ emissions has been carefully examined for better plans and the right rules. In this study, the effect of population on CO₂ has been explored by using open green data. Smart AI methods have been applied to estimate future emissions. Two free datasets have been cleaned, merged, and closely analysed in the Python tool to create a clear and single panel of country-year results. The historical trends have been carefully examined through an exploratory data analysis. The top-emitting countries have also been identified, and a strong relationship between population and emissions has been clearly quantified. Two simple supervised learning models have been effectively developed, and both Linear Regression and Random Forest Regression have been applied. The CO₂ emissions have been accurately predicted using the year and the population. The model performance has been smoothly evaluated with standard and basic metrics. The Mean Squared Error, the Mean Absolute Error, and the coefficient of determination (R²) have been appropriately used on both the training and the testing datasets. A strong and positive correlation has been found between population size and CO₂ emissions. The Random Forest model has consistently performed better, as it has produced more accurate predictions and shown lower errors than the Linear Regression model. The emission forecasts for the selected major countries, including the United States, China, India, Germany, and Brazil, have been created by the better-performing model for the 2025-2030 period based on extrapolated population trends. It has been shown by the projections that CO₂ emissions have likely remained high or have increased alongside the growing population if no major structural changes have been implemented. The use of green data along with AI has been highlighted by the findings to strongly support data-driven climate plans. The need has also been stressed to align population trends with strong decarbonization measures and more detailed and useful socio-economic indicators in the future.
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1. [bookmark: _Toc215614135]Introduction:
1.1. [bookmark: _Toc215614136]Background and Context:
Global climate change has been recognized as a serious issue in the twenty-first century, and it has been largely attributed to human-made greenhouse gas (GHG) emissions. Carbon dioxide (CO₂) has been identified as the primary long-lived GHG, and it has been held responsible for most of the warming and radiative forcing caused by fossil fuel combustion, land-use change, and industrial activities. It has been reported in recent assessments that atmospheric CO₂ levels have reached a record high during the years 2023-2024, and the fastest annual increase has been documented since the late 1950s [1, 2]. The CO₂ emissions from energy use and industry have been continuously rising, even though low-carbon technologies have been increasingly adopted. It has been reported by the International Energy Agency that energy-related CO₂ emissions have reached a new record in 2024, driven by rapid growth in developing countries, along with energy savings and record-high renewable energy use [3, 4].
The population growth has been identified as one of the strong drivers behind the trend. As the global population has been increased, surpassing the 8 billion mark in 2022—the energy demand for housing, transport, food, and manufactured goods has also been rapidly raised. Although the exact strength and nature of the link have been varied across countries and sectors, several real-world studies have been found in which higher population levels, along with economic growth and urban living, have been associated with increased CO₂ emissions over the long term [5-7]. For instance, it has been reported by [6] that population growth has been positively linked to emissions in several major countries, while a strong long-term relationship among population, GDP, urbanization, and global CO₂ emissions has been identified by using vector error-correction models [5, 6]. Meanwhile, newer research has been presented where demographic effects have been combined with structural factors such as energy consumption levels, technology, and age composition, making the population-emissions relationship more complex and not purely direct [8, 9].
Along with the environmental and demographic changes, the past ten years have been marked by a rapid increase in the availability of the “green data”: open and machine-readable datasets on emissions, energy use, climate rules, and socio-economic indicators. Efforts such as the Climate Watch, the Climate Policy Database, and various national open-data portals have been used to provide country-level time series on CO₂ emissions, energy systems, and policy actions, which have been freely downloaded and effectively combined with demographic and economic information [10-13]. It has been shown by research that open government data has been used to support environmental governance by improving transparency, enabling team-based problem-solving, and, in some regions, contributing to a clear reduction in pollution and CO₂ emissions [14, 15]. This expanding collection of open and green environmental data has been treated as a central part of what this study has defined as “green data”.
At the same time, artificial intelligence (AI) along with machine learning (ML) has been increasingly applied in environmental science and climate policy research. Recent detailed reviews have clearly shown a rapid increase in applications using ML methods, such as Random Forests, gradient boosting, and neural networks, for predicting current emissions, estimating future emissions, and analysing the impacts of climate and energy policies [16, 17]. For example, ML models have been used by [18] to estimate greenhouse gas emissions from buildings in African countries, while ML tools have been tested by [19] and [17] for forecasting CO₂ and other GHGs in engineering and agricultural sectors [17-19]. Several studies have shown that Random Forest and other ensemble methods have provided more accurate results than simple linear models when the relationships between causes and emissions have been non-linear or more complex [20, 21].
When considered together, the worsening CO₂ patterns, rapid population growth, increase in green data, and significant growth of AI tools have been seen as an opportunity for new and transparent modelling approaches connected to CO₂ levels and population trends. By using open data and widely known ML tools in clear and simple steps, the tools have been developed by skilled researchers and careful leaders to estimate future CO₂ trajectories and to support improved and informed climate decisions [22].
1.2. [bookmark: _Toc215614137]Problem Statement:
Even after many years of international climate talks, negotiations and the adoption of the Paris Agreement along with other major agreements, global CO₂ emissions have still been increased. It has been clearly demonstrated by recent reports that the remaining global carbon budget, associated with the target of limiting warming to below 1.5 °C, has been rapidly reduced. It has also been observed that the current government plans have not been sufficient to align with climate targets and actual emission levels [23, 24]. Although significant funds have been invested by many countries in renewable energy and energy-saving methods, the necessary reductions in emissions have not been achieved at the required speed or scale.
A significant problem has often been faced by policymakers when it has been attempted to predict how structural drivers, particularly rapid population growth, have shaped future emissions. The increasing population has been linked to energy demand through housing, transport, and food, along with shifting consumption habits. It has also been associated with economic growth, technology, urbanization, and evolving policy decisions [5, 7]. Due to this challenge, high-level scenarios have frequently been used by decision-makers, or coarse projections have been relied upon. These have not fully utilized the detailed and valuable data available at the country level, along with time-based records on population and emissions.
Another significant challenge has been encountered in the methodological area. Although valuable research has been extensively conducted using econometric methods to examine the relationship between population, economic activities, and emissions, only a few strong studies have been developed using open, simple, and repeatable systems. These systems have been effectively integrated with modern ML tools and open environmental data, allowing easy reuse by other skilled analysts [16, 18]. Many earlier models have been created for a single country, a limited sector, or a private dataset; the code has not always been made publicly available, and the procedures have not always been easy to replicate. This has been recognized as a serious limitation for the practical use of the research by busy policymakers, as well as by students and learners seeking to replicate or understand the core ideas.
As a result, a gap has been identified for studies that have been fully based on open, global green data, have been developed using clear Python-based workflows; and have been tested by applying simple, easy models such as Linear Regression along with advanced ML models such as Random Forest Regression to estimate CO₂ levels from basic causes such as population and time. This gap has been recognized as necessary to be filled to support research and climate discussions.
1.3. [bookmark: _Toc215614138]AimS of the Stud

To forecast CO₂ emissions based on population growth using global green data and AI-based regression models. A combined panel dataset of the country-year observations has been built for CO₂ emissions along with the population by using open sources. Supervised learning methods have also been applied to model and accurately predict the emissions for the selected major economies.
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[bookmark: _Toc215614179]Figure 1. AIMS OF THE STUDY
1.4. [bookmark: _Toc215614139]Research Objectives:
To achieve the stated aim, the study is guided by the following specific objectives:
To analyse historical global trends in population and CO₂ emissions. The long-term paths in the population and emissions have been described. Fast growth or slowdowns have been identified. Country and region differences have also been highlighted. To quantify the relationship between population and CO₂ emissions across countries. The analysis has been conducted to examine how closely the emissions and the population have been linked over time and across countries, and whether the link has appeared clearly linear or not. To develop and evaluate machine learning models, specifically Linear Regression and Random Forest Regression, to predict CO₂ emissions using population and year as predictors. The performance numbers, such as the Mean Squared Error, the Mean Absolute Error, and the R² score, have been carefully compared to assess the additional value provided by the more flexible ML models and the basic linear model [16, 17]. To forecast CO₂ emissions for selected countries (the United States, China, India, Germany, and Brazil) for the period 2025-2030. These countries are among the world’s largest economies and emitters, making them highly relevant for global climate outcomes [12, 25]. To derive policy and sustainability implications from the modeling results. Finally, the forecasts along with the model behavior have been clearly interpreted within the context of the climate-policy debates. It has also been shown how the demographic trends and the AI-assisted analysis have been helpfully used for the planning of the mitigation strategies [11, 22].
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[bookmark: _Toc215614180]Figure 2. Research Objectives
1.5. [bookmark: _Toc215614140]Research Questions and Hypotheses:
The empirical work is structured around three main research questions (RQs):
1. RQ1: What is the historical relationship between population growth and CO₂ emissions at the global level?
The question has been focused on how the population and the emissions have been changed together in recent decades, and whether strong links have been shown by the simple and the connected studies [5, 6].
2. RQ2: How accurately can AI models predict CO₂ emissions using population and year as inputs?
The performance of Linear Regression along with Random Forest Regression has been carefully evaluated in the prediction of the emissions from the simple demographic and the temporal features, and it has also been thoughtfully checked whether the extra complexity of the Random Forest has been improving the accuracy meaningfully as well as usefully [16, 17, 20].
3. RQ3: What are the projected CO₂ emission trends for major emitting countries if historical population trends continue?
The better-performing model has been carefully used to provide forecasts for the key countries, along with the “business-as-usual” case in which population growth has been followed in the historical manner and no significant decarbonization shock has been added [12, 23].
To guide the empirical analysis, the study proposes two testable hypotheses:
1. H1: There is a strong positive correlation between population and CO₂ emissions.
The hypothesis has been supported by many econometric studies, where population growth, economic growth, and CO₂ emissions have been linked. It has also been accepted that the strength of this link has varied across different countries [5-7].
2. H2: Random Forest Regression achieves higher predictive accuracy than Linear Regression in forecasting CO₂ emissions from population and year.
This hypothesis has been built on the existing proof that the ensemble tree-based methods have usually been used more effectively than the linear models in capturing the nonlinear changes along with the interactions in the emissions data [16, 18].
1.6. [bookmark: _Toc215614141]Scope and Delimitations:
The scope of the study has been defined by several practical and simple methods. First, the research has been fully based on secondary data, and no new surveys or interviews have been conducted. All data have been taken from open sources that have provided downloadable country-level time series on CO₂ emissions and population [10, 12]. This has been clearly supported by transparency and full replicability, but it has also meant that the analysis has been entirely limited by the varying quality and broad coverage of the existing datasets.
Second, the CO₂ emissions have been carefully measured in kilotons (kt) at the country-year level. The primary focus has been placed on territorial emissions associated with energy use and industrial processes. Sector-specific or consumption-based inventories, commonly used in global datasets, have not been included [2, 12]. Population has also been grouped at the country-year level without being disaggregated by age, urban/rural status, or other demographic characteristics. This method has been selected to provide a simple and highly comparable structure, though it has not captured within-country differences clearly.
Third, the modelling setup has been constructed using population and year as the main predictors for CO₂ emissions. This simplification has been made to demonstrate what can be achieved using minimal and easily accessible data. However, this approach has excluded other important drivers such as GDP, energy mix, and climate policies from being directly incorporated into the models [6, 26].
Fourth, the forecast horizon has been limited to the years 2025-2030, and detailed country-level forecasts have been created only for a few major economies, such as the United States, China, India, Germany, and Brazil. These countries have been selected because large emissions have been contributed by them, and they have been considered important in international climate negotiations. However, the results have not been made applicable to all countries [2, 12, 25].
[image: ]
[bookmark: _Toc215614181]Figure 3. Scope and Delimitations of CO₂ Emission Study
 Finally, no effort has been made to explore alternative policy options such as rapid decarbonization, improved energy efficiency, or major technological changes. Instead, focus has been placed on a “current-trend” scenario based on population growth, and the forecasts have been treated as estimations based on historical patterns.
1.7. [bookmark: _Toc215614142]Structure of the Report:
The rest of the report has been structured into four main chapters, with each chapter addressing a distinct stage of the research process in a simple and clear manner.
In Chapter 2 - Literature Review, recent academic studies on climate change and CO₂ emissions, along with their primary causes, have been effectively synthesized. A particular emphasis has been placed on the role of the population, the growth of green and open environmental data, and the intelligent application of AI and ML tools in emissions modeling and forecasting. The major gaps in previous studies have also been clearly identified to support the applied methodology in this report.
In Chapter 3 - Methodology, a comprehensive research plan has been thoroughly presented. The types of data and selected variables have been introduced, alongside a concise explanation of the data cleaning and merging steps, which have been carried out using the Python tool. Common techniques for basic analysis and visual representation of data have also been well explained. Furthermore, the details of the Linear Regression and Random Forest models have been outlined, including the structured process of splitting the data into training and testing sets, and the evaluation of model performance using appropriate validation tools.
In Chapter 4 - Results and Discussions, the key findings of the study have been clearly reported. Initially, brief data insights and historical trends in population and CO₂ emissions have been effectively presented, followed by an analysis of correlation and the identification of top emitting countries. Subsequently, the outcomes of the two ML models have been discussed, including identified errors and inaccuracies. Future emissions from 2025 to 2030 have also been projected for the selected countries, with the interpretation of results supported by prior studies and current climate discussions.
In Chapter 5 - Conclusions and Recommendations, the main findings have been concisely summarized in alignment with the research objectives. Final reflections on the integration of green data and AI for forecasting purposes have been clearly articulated, along with practical suggestions for policy development and implementation. Future research directions have also been recommended, such as the inclusion of additional social and economic data or the exploration of alternative future scenarios.
By progressing systematically from foundational concepts and literature to data, methodology, findings, and recommendations, the report has been designed to provide a clear and comprehensive understanding of how open environmental data and ML can be effectively applied to examine the relationship between rapid population growth and CO₂ emissions.


2. [bookmark: _Toc215614143]Literature Review:
2.1. [bookmark: _Toc215614144]Climate Change and CO₂ Emissions:
Carbon dioxide (CO₂) has been recognized as the most powerful and long-lasting human-made greenhouse gas, and it has been identified as the primary cause of current climate change. It has been demonstrated by recent detailed studies on climate signals that CO₂ has been held responsible for most of the warming caused by long-lived greenhouse gases, and the present atmospheric level has been recorded as higher than at any point in the past two million years [27, 28]. In the detailed regional climate studies, human-made greenhouse gases, led by CO₂, have been strongly associated with most warming patterns and the rise in extreme hot temperatures across many large regions, including Africa [29, 30].
The global CO₂ release from the energy and industry sectors has been steadily increased since the mid-twentieth century. In recent studies on greenhouse gas emissions during the twenty-first century, both the total emissions and the overall amounts have been sharply increased, especially in fast-growing and industrializing countries [31, 32]. Although in high-income nations worldwide, emissions have been slowly reduced or kept stable, studies on a large group of countries have still shown an upward path in CO₂ levels, with strong connections to economic growth, energy use, structural change, and development [31, 33].
The international policy frameworks, such as the Paris Agreement and Sustainable Development Goal (SDG) 13 (“Climate Action”), have been established to address this harmful trend by securing commitments from countries to limit global warming to well below 2 °C and to pursue efforts to remain under 1.5 °C [33-35]. Recent studies on climate governance and effective mitigation efforts have been observed, where many countries have been reported to set more ambitious climate targets following the Paris Agreement, including carbon-neutrality laws and net-zero pledges. However, clear assessments of emission sources and projected pathways have been conducted, which have shown that current policies remain insufficient to align global emissions with the safe 1.5 °C trajectory. This has highlighted a significant and persistent “implementation gap” between climate ambitions and actual emission reductions [33-35].
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[bookmark: _Toc215614182]Figure 4. Multifaceted Impact of CO₂, as reported by [27-35]
In this context, the structural reasons behind the CO₂ emissions have been clearly identified, including the population, the economic actions, the energy use level, and the technology, for enabling the development of real and practical plans to reduce emissions. The rest of the chapter has been focused on three significant areas of previous research that have been considered essential for the present study: the research on the relationship between population and emissions, the work on green data and open environmental datasets, and the recent applications of AI and machine learning in emissions modelling.
2.2. [bookmark: _Toc215614145]Population Growth and Environmental Impact:
The global population growth has been regarded as a serious issue in environmental studies for many years, and it is still being examined to understand its impact on CO₂ emissions. Although global population estimates have differed, most future scenarios have been projected to anticipate continued growth until the mid-twenty-first century, mainly in low- and middle-income countries. The population has been studied in relation to economic growth, energy use, and technology.
Two widely used theoretical tools have been commonly applied to understand the link between population and emissions. The IPAT identity (Impact = Population × Affluence × Technology) and the related Kaya identity have been used. The Kaya identity has been used to decompose CO₂ emissions into population, GDP per person, energy intensity, and carbon intensity. Recent decomposition studies have been conducted on multi-country samples through Kaya-based frameworks. These have been used to assess how changes in these factors have contributed to emissions trends. For instance, in the ASEAN countries, the Kaya identity combined with the Log Mean Divisia Index (LMDI) has been used by Khusna and co-authors. It has been shown that population growth and GDP increase have mostly raised emissions, while improvements in energy and carbon intensity have partly offset these effects [33, 36]. The same approach has been extended to 138 countries from 2019 to 2022 by Ito et al. It has been found that emissions reductions have been reversed due to increased economic activity and fossil-fuel use following the COVID recovery. This has again highlighted the relevance of population-based activity indicators.
The Kaya decomposition has also been applied by [33, 35] to countries with legislated carbon-neutrality targets. It has been demonstrated that improved energy intensity and carbon intensity have both been required to offset the impact of population growth and rising income on per-capita emissions [35].
The relationship between population and CO₂ emissions has been directly examined in a large, useful study using econometric methods. The rural population growth, along with energy use and emissions in developing countries, has been studied by [37], and a link between increased rural population and higher CO₂ emissions has been identified, mainly due to rising energy use.
The urban population growth, along with per-person energy use and emissions in 23 emerging countries, has been investigated by Ahmad et al., and two-way relationships between urbanization, energy use, and CO₂ emissions have been reported [38].
India, Pakistan, and Bangladesh have been studied by [39], and it has been shown that population density, economic growth, and fossil fuel use have significantly increased emissions over the long term [39].
Additional demographic aspects have been included in newer studies. The role of population age structure in Europe has been examined by [8], and it has been found that younger populations have been associated with higher per-person CO₂ emissions, while an increase in the middle-aged population has been observed to reduce emissions after controlling for income [8].
Emissions reduction and growth opportunities in a panel of countries have been analysed by [40], and it has been concluded that population growth has served as a key connecting factor between economic growth and emissions outcomes [40].
The causes of emissions in high-HDI countries have been explored by [32], and it has been shown that population characteristics, in combination with energy use and renewable energy, have shaped the emissions trend over a 25-year period [32].
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[bookmark: _Toc215614183]Figure 5. Population Growth and Environmental Impact as reported by [8, 32, 33, 36-41]
Beyond the national totals, the specific sectors have also been studied. For example, recent research has been conducted on population rise and CO₂ release in the export-based global transport sector, where trade activity has been shown to be closely linked with population growth [41]. The rising CO₂ levels have been attributed to population growth and additional factors. However, the common models have mostly been used, with fewer regions included, while improved global approaches have now been suggested for use.
2.3. [bookmark: _Toc215614146]Green Data and Open Environmental Datasets:
The term “green data” has been increasingly applied to describe useful environmental, climate, and sustainability-related datasets that have been made available for analysis, monitoring, and decision-making. In practice, a large portion of this green data has been obtained from open or semi-open sources, including public statistical offices, international organizations, remote sensing tools, and scientific data platforms.
In recent work on environmental data science, the value of open and FAIR (Findable, Accessible, Interoperable, Reusable) data approaches has been emphasized for enabling reproducible research. It has been proposed by Brun et al. that open science principles should be smoothly integrated into environmental data practices to support transparent, collaborative, and large-scale studies, especially when combined with advanced computational tools [42, 43].
A similar perspective has been clearly expressed by Horsburgh et al., where open data standards, shared code repositories, and container-based workflows have been identified as essential for making environmental modelling more reproducible and scalable [43].
From a broader perspective, the issue of research reproducibility in environmental public health has been thoughtfully addressed by [44], who has noted that open data and code sharing have been recognized as critical for ensuring trust and producing reliable findings [44].
In the specific domain of environmental and climate research, data management practices have been reviewed by [45], who have identified an increasing emphasis on open data repositories and structured metadata to support improved environmental science.
At a higher level, climate policy researchers have stated that transparency and effective data access have been considered central for monitoring progress under international agreements. For instance, the transparency reports within the UN climate system have been analysed by [46], and the display of transparency in negotiations by states has been examined by [47], both highlighting the clear demand for accurate, open data on emissions and climate finance.
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[bookmark: _Toc215614184]Figure 6. Open Green Data for Reproducible Research as reported by [42-47]
Collectively, these valuable contributions have shown that open green data, such as global CO₂ statistics, population datasets, and socio-economic indicators from the World Bank, have been regarded as a fundamental basis for reproducible climate and sustainability research. For studies like the present one, which have used only secondary data, the availability of standardized, machine-readable time series by country and year has been what has enabled the creation of global panels and the sharing of reusable and adaptable code.
2.4. [bookmark: _Toc215614147]AI and Machine Learning in Environmental Modeling:
In recent years, artificial intelligence along with machine learning has been widely applied in the environmental modelling field, including climate impact assessment, air-quality prediction, and carbon-emission forecasting. A rapid increase in studies has been reported in systematic reviews where supervised learning has been used for emission estimation, cause identification, and short- and medium-term forecasting [16, 48].
In this area, machine learning methods have been applied through classic regression models, tree-based ensemble models, and deep learning approaches. Linear Regression has still been preferred because it is simple, easy, and highly understandable. It has mostly been used as a baseline model for forecasting CO₂ and its related variables [21, 49]. However, the fixed assumption of linear relationships between inputs and outputs has been considered limiting when emissions have been influenced by complex combinations of demographic, economic, and technical factors.
The tree‑type methods, including the decision trees, the Random Forests, and the boosted tree models, have been used to solve such problems because nonlinear relations and links have been identified without requiring explicit formulas. Many recent studies have shown the advantages of using Random Forest Regression in the CO₂ prediction field. A study by [18] have examined several ML methods to estimate the gas outputs in the African areas, and strong performance has been reported for Random Forest across different cases [18]. In China, [50] has applied Random Forest with other ML models to estimate the carbon levels in the provinces, and the major causes from different growth types have also been identified [50]. Another study by [51] have tested 14 models to forecast daily CO₂ outputs in four major high‑emission zones, and strong performance has likewise been reported for tree‑based group methods.
Some studies have been focused on specific areas or levels. A Random Forest Regression has been used by [19] to estimate CO₂ and NOₓ emissions from a diesel engine operating with two fuels. It has been demonstrated that machine learning has effectively captured the nonlinear effects of various engine settings. A smart machine learning model has been developed by [49, 52] using street-view images to estimate household carbon levels. It has been shown that alternative data sources and computer vision have significantly supported traditional numerical methods. For Pakistan, a hybrid regression has been developed and compared with time-series models by Iftikhar to predict national CO₂ emissions. In addition, tree models combined with neural networks have been applied by other researchers to assess Turkey’s emissions. It has been found that machine learning has produced highly accurate results based on R², MSE, and MAE [49].
Deep learning has increasingly been used. In Vietnam, a deep learning system has been developed by [53] to forecast CO₂ using various input values. It has been shared that the model has learned time-based changes more effectively than simpler models [53] A machine learning method has been proposed by [54] to estimate carbon outputs with high accuracy in the Chinese cement sector. A comprehensive review has also been conducted by [16], who has examined multiple machine learning applications for monitoring carbon gases across all sectors. It has been stated that, when sufficient data is available, both ensemble and deep models have performed effectively [16, 54].
In all these works, several ideas have been repeatedly emphasized: 
1. Machine learning models have been considered more accurate than traditional linear and time-based models, especially when nonlinear relationships have been involved
2. Random Forest and other ensemble models have been generally found effective and have provided clear causal indicators
3. The collection of good, large, and useful datasets has remained difficult, which has made open green data highly valuable.
[image: C:\Users\mirfa\AppData\Local\Microsoft\Windows\INetCache\Content.MSO\F1EEDCCA.tmp]
[bookmark: _Toc215614185]Figure 7. AI and Machine Learning in Environmental Modelling as reported by [16, 18, 19, 21, 48-54]
2.5. [bookmark: _Toc215614148]Studies Combining Population, CO₂, and AI:
Although the work on the population-emissions link and the work on ML-based emissions predictions has been widely conducted, very few studies have been clearly combined with the use of demographic signs along with AI methods to model CO₂ at the global level. In many ML cases, demographic factors such as population and population density have been included as part of other predictors, but they have not been primarily focused on. In a study conducted by [50] at the provincial level in China, population density has been used, along with industrial structure and energy use, to classify the provinces and to estimate their future emission paths through machine learning tools [50].
In several machine learning studies at the national level, such as in Vietnam, Pakistan, and Turkey, population indicators have been used together with GDP and energy or sector-related variables to interpret the results [49, 53]. However, in these studies, greater emphasis has been placed on economic and energy factors, while the population component has been given only a minor role.
On the other side, the studies in the population, environment field have been focused on population, and normal economic tools have been used instead of AI. In the research conducted by [37, 39] on South Asia, [37] on village population growth, and on city growth and emissions, only panel tests, cause-effect checks, and time-series tools have been applied. Machine learning tools have not been used.
A detailed study by [8] on age groups and emissions in Europe has examined the effect of changes in median age on CO₂ emissions per person through dynamic tests, without the use of any ML models [8].
Not many studies have been identified that have:
1. been conducted using population with time as primary tools within ML models
2. been tested at the global country-year level using open data
3. been provided with clear and repeatable code and procedures for predicting CO₂ based on population trends. 
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[bookmark: _Toc215614186]Figure 8. Bridging the Gap: AI and Population in CO₂ Prediction as reported by [8, 37, 39, 49, 50, 53]
The reviews on ML-based emission assessments and urban gas forecasts have shown that most existing work has been focused on sectors such as buildings, transport, or industry, or limited to a single country, with mixed data types and minimal attention to cross-country comparisons [16, 48]. The codes and data steps have not always been openly shared in detail, which has made reuse and replication more difficult.

This gap and missing element have been identified as the motivation for the present study, which has aimed at CO₂ prediction from population by using AI tools and global green data through a very clear and open-source method.
2.6. [bookmark: _Toc215614149]Identified Gaps in the Literature:
The preceding review highlights three key gaps that this study seeks to address.
First, although open environmental and socio-economic data have been shared more widely, only a few emissions studies have been conducted by using fully open datasets along with clearly documented steps. It has been demonstrated by research in open environmental science that transparent procedures and shared code have been useful and feasible. However, many applications of machine learning in the emissions domain have been kept private or have not been fully explained [42, 43, 45].
Second, only a few studies have been identified that have compared simple linear models with more advanced ML models for predicting CO₂ emissions using population and time at both the global and country-year levels. Some case studies have been conducted that have compared regression, tree models, and deep learning models within a single country or sector [49, 54, 55]. However, models based on population across different countries have not been widely applied. Most ML reviews on emissions have discussed various methods, but models have not been tested using the same limited set of population features across multiple countries [16, 48].
[bookmark: _Hlk215529243]Third, a small number of studies have been published that have provided country-level forecasts for major emitters by using only population and time. Most forecasting efforts have been limited to a single country, a specific sector, or smaller regions, or a wide range of data points have been used, which has made the replication and interpretation more difficult [18, 50, 52].
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[bookmark: _Toc215614187]Figure 9. Identified Gaps in CO₂ Emission Studies as reported by [16, 18, 42, 43, 45, 48-50, 52, 54, 55]
This gap has been filled by developing an open and repeatable Python model. The model has been used to join CO₂ and population data at the country level. Linear Regression and Random Forest Regression have been checked. Forecasts from 2025 to 2030 have been made using only population data.


3. [bookmark: _Toc215614150]Methodology:
This chapter has described the methodological approach that has been adopted in the study, from the overall research design to the data sources, pre-processing, model development, evaluation, forecasting, and ethical considerations. A transparent account has been provided of how global CO₂ emissions have been modelled and forecast by using population-based green data and machine learning techniques.
3.1. [bookmark: _Toc215614151]Research Design:
The study has been structured using a quantitative, analytical research design based entirely on secondary data. A panel dataset of country-year observations has been constructed from country-level time series on CO₂ emissions and population. Within this design, the core task has been defined as a supervised regression problem: a continuous target variable (CO₂ emissions) has been predicted from a set of explanatory variables (population and year).
The methodology has been implemented in Python through a reproducible workflow in a Jupyter notebook. Data handling and transformation have been conducted with the pandas library. Numerical computation has been performed using numpy. Machine learning models and performance metrics have been applied with scikit-learn. Visualization has been carried out with matplotlib, and optionally seaborn, to support both exploratory data analysis and graphical model diagnostics.
The research design can be summarized in four stages:
1. Data acquisition and preparation have been completed by loading, cleaning, and merging the CO₂ and population datasets into a single analytical table.
2. Exploratory data analysis (EDA) has been conducted by examining summary statistics, trends, and correlations to understand the data structure and the population-emissions relationship.
3. Model development and evaluation have been performed by training and comparing Linear Regression and Random Forest Regression models using a train-test split and standard performance metrics.
4. Forecasting and interpretation have been carried out by using the best-performing model to forecast emissions for the selected major economies (United States, China, India, Germany, Brazil) from 2025 to 2030, and by interpreting the results in relation to the research questions.
This structured design supports both replicability (because every step is scripted) and comparability between models (because the same data and metrics are used for each algorithm).
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[bookmark: _Toc215614188]Figure 10. Overall Research Methodology
3.2. [bookmark: _Toc215614152]Data Sources:
Two main datasets have been used in this study: one for the CO₂ emissions and one for the population. Both have been taken as yearly country-level time series and have been distributed across multiple decades and various countries. The data has been collected from openly available green sources and has been made reusable by other researchers and policymakers.
3.2.1. [bookmark: _Toc215614153]CO₂ Emissions Dataset:
· A country identifier (ISO code), a country name, a year, and a numeric value for total annual CO₂ emissions have typically been included in the original structure of the columns.
· For this study, the emission values have been interpreted as kilotonnes (kt) of CO₂ per country per year.
· The dataset has been extended across a multi-decade period, such as from the 1960s or 1970s to the most recent available year.
3.2.2. [bookmark: _Toc215614154]Population Dataset:
· A similar column structure has been used, country identifier, country name, year, and a numeric value for total population.
· The total resident population has usually been provided for each country in each year.
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[bookmark: _Toc215614189]Figure 11. Data Sources and Structure for CO₂ and Population Analysis
Both datasets have been stored as CSV (comma-separated values) files and have been imported into the Python environment by using the function pandas.read_csv. A consistent use of country codes and years in both sources has enabled a straightforward merging into a unified dataset.
3.3. [bookmark: _Toc215614155]Data Preprocessing and Integration:
A critical step in the method has been completed by converting the raw data into a cleaned and uniform panel. This panel has been prepared for modelling through column renaming, merging, missing value correction, and basic filtering. In the open datasets, the primary numeric column has often been labelled as value. Therefore, it has been renamed to co2_emissions_kt in the CO₂ dataset and population in the population dataset. The country and year columns have also been standardized to common names such as country_code, country_name, and year in both datasets.
The two data frames have been joined using an inner join on country_code and year. Only country-year rows present in both datasets have been retained. The final dataframe, named merged_df, has been constructed with at least country_code, country_name, year, co2_emissions_kt, and population. Subsequently, missing values in the dataset have been examined using merged_df.isnull().sum(). Rows containing missing co2_emissions_kt or population values have been removed using dropna(), as both variables have been considered essential. Imputation has been avoided to prevent introducing inaccurate estimates.
Additional filters have been applied to remove years with limited records for most countries, exclude aggregate regions such as world data, and retain only country-level entries. The year has been preserved as an integer, while co2_emissions_kt and population have been maintained as numerical values with consistent units. Following this data cleaning process, merged_df has been made ready for in-depth analysis and modelling.
3.4. [bookmark: _Toc215614156]Variables and Operational Definitions:
A very simple set of variables has been used in the study to clearly demonstrate the main link between the population and the CO₂ emissions. The CO₂ emissions (co2_emissions_kt) have been taken as the dependent variable and have been defined as the yearly total carbon dioxide released by each country, measured in kilotonnes (kt) and collected from energy use and industrial activities, as shown in the main dataset. The Population (population) and the Year (year) have been selected as the independent variables. The Population has been used to represent the total number of people living in each country during the given year, along with the level of human activity that causes energy use and emissions. The Year has been included to capture global time-based changes, such as shared policy developments and global technological advancements, as well as major shifts not clearly included through additional variables. For the main models, no transformation has been required; however, log transformations (such as for emissions or population) have been considered during validation steps to assess whether they improve the linear model. For the Random Forest model, the raw and untransformed values have been used, as tree-based methods have been known for their robustness to scaling and have not required any linear assumptions.
3.5. [bookmark: _Toc215614157]Exploratory Data Analysis (EDA):
Before the models have been fitted, the exploratory data analysis has been carefully carried out to get better understand the distribution and relationships in the dataset. The descriptive statistics, such as the mean, median, minimum, maximum, and standard deviation, have been calculated for co2_emissions_kt and for the population, and the distributions have been clearly shown by using histograms and box plots to identify skewness and detect outliers. The global trends over time have been studied by grouping the data by year, and the emissions and the population have been summed across countries to obtain the global totals, which have been presented in line charts over time to show steady growth, rapid increases, or flat periods. The country-level extremes have been examined by identifying the top emitting countries through summing emissions across all years for each country_name, after which the values have been sorted in descending order, and bar plots have been produced for the top 10 or 15 emitters to show which countries have been leading in global emissions. The correlation analysis has also been performed by computing the Pearson correlation coefficient between the population and co2_emissions_kt, and a scatter plot has been drawn (with a small sample to avoid over-plotting), with a simple trend line clearly placed on it. In the end, the EDA has been conducted to confirm the expected positive relationship between population and emissions, which has supported the first hypothesis, and it has also helped in the later model selection by indicating how nonlinear the data has been and how strongly outliers have been able to affect it.
3.6. [bookmark: _Toc215614158]Model Development:
The main task was given as predicting the CO₂ emissions from the population along with the year by using two supervised learning models. The Linear Regression model, as well as the Random Forest Regression model, were both used properly. From the cleaned dataset merged_df, the feature matrix X and target vector y were built neatly as X = merged_df[['population', 'year']].values along with y = merged_df['co2_emissions_kt'].values. A two-dimensional input was given for each country-year record and a single number output was made as emissions. For checking how well the models work, the data were split properly into the training along with the testing sets by using train_test_split from the sklearn.model_selection package. An 80/20 split was used where 80% was used for model training and 20% was saved for the final checking. A fixed random_state was also added, and a random split was used fully since the target was a number and the dataset was large enough, so grouping was not needed. The Linear Regression model was made by the rule: CO₂ emissions = β₀ + β₁·population + β₂·year + ε.

It was run by LinearRegression from sklearn.linear_model and was trained slowly on X_train and y_train. This model gave values for the coefficients along with the intercept, and then predictions (y_train_pred_lr, y_test_pred_lr) were made carefully for the training as well as the testing sets. This model was liked for being simple along with being easy to explain but it could only catch linear links between variables and emissions. On the other hand, the Random Forest Regression model was a group of tree models that built many decision trees on new random data parts and combined their results. It was done with RandomForestRegressor from sklearn.ensemble using important settings like n_estimators (often 100 or more for strong results), random_state (for repeating the results), and n_jobs=-1 (to use all CPU cores fast). The Random Forest was trained slowly on X_train and y_train just like the linear model, and its predictions (y_train_pred_rf, y_test_pred_rf) were also made for both sets. As Random Forests could model more tricky links and variable effects, they usually worked better than linear models if the real data were more mixed. Also, they gave feature importance scores to show how much the population along with the year helped in the emission predictions. No heavy tuning of settings like grid search was done because the chosen settings gave a good balance of performance and easy method for this study.
3.7. [bookmark: _Toc215614159]Model Evaluation:
To compare the performance of the models, three standard metrics are used:
3.7.1. [bookmark: _Toc215614160]Mean Squared Error (MSE):

MSE penalizes larger errors more heavily, making it sensitive to big deviations between predicted and actual emissions.
3.7.2. [bookmark: _Toc215614161]Mean Absolute Error (MAE):

MAE measures the average magnitude of errors without squaring, giving a more intuitive sense of typical prediction error in kilotons.
3.7.3. [bookmark: _Toc215614162]Coefficient of Determination (R²):

R² indicates the proportion of variance in emissions explained by the model. Values closer to 1 represent better fit.
Each metric has been computed on both the training and the testing sets. The training metrics have been used to assess how effectively the model has captured patterns in the observed data, while the testing metrics have been used to indicate how well it has generalized to unseen observations.
Beyond numerical metrics, diagnostic plots are used:
Actual vs. Predicted Scatter Plots - the predicted emissions have been plotted against the actual emissions, and a 45-degree line has been drawn to show perfect predictions. Any changes from this line have been observed where the model has been under- or over-predicted.
Residual Analysis - the residuals have been calculated as actual minus predicted and have been presented in the histograms along with the residual vs. fitted plots to check for skewness, patterns, or heteroscedasticity.
Together, these checks have been used to assess whether the Random Forest model has produced better results than the Linear Regression model and whether any clear signs of overfitting or bias have been shown by either model.
3.8. [bookmark: _Toc215614163]Forecasting CO₂ Emissions (2025-2030):
The better model, usually the Random Forest, has been chosen after the model has been checked, and has been used to make CO₂ emission forecasts for the selected major economies during the period from 2025 to 2030. The forecasting has been carried out in several careful steps.
3.8.1. [bookmark: _Toc215614164]Selection of Countries:
Five major countries have been selected: the United States, China, India, Germany, and Brazil. These countries have been recognized as significant global polluters and have been considered highly influential in global climate outcomes.
3.8.2. [bookmark: _Toc215614165]Estimation of Population Growth Rates:
For each selected country, the historical data in the merged_df have been filtered by the country_name. The population list has been organized by year and has been used to calculate the average annual growth rate.

Where Ptfirst and Ptlast are the population values in the first and last observed years.
3.8.3. [bookmark: _Toc215614166]Projection of Future Population
Using the estimated growth rate, future populations for each year from 2025 to 2030 are projected using compound growth:

The starting point is the latest observed population value for each country.
3.8.4. [bookmark: _Toc215614167]Construction of Forecast Input Data:
For each country and each future year, an input record is created with:
· population = projected population for that year.
· year = forecast year (2025-2030).
These records are combined into a “future” dataframe that mirrors the structure of the original feature matrix.
3.8.5. [bookmark: _Toc215614168]Prediction of Future Emissions:
The trained Random Forest model has been applied to the forecast input data to obtain the predicted CO₂ emissions for each country-year during the 2025-2030 period. The results have been carefully saved in a prediction dataframe along with the following columns:
· country_name
· year
· projected_population
· predicted_co2_emissions_kt
3.8.6. [bookmark: _Toc215614169]Aggregation and Visualization:
The predicted emissions have been carefully summed over the five countries for each year to create a simple time series and a group total. Line plots have been gradually used to compare past emissions with forecast values and to show possible change.
These steps have been clearly applied to provide reproducible and transparent population-based forecasts under the plain scenario.
3.9. [bookmark: _Toc215614170]Ethical Considerations and Reliability:
Although only secondary data has been used in the study, several ethical and quality considerations have been carefully addressed. All data has been collected at the country level and has contained no personal or sensitive information, so privacy risks have been considered very low. The analysis has been made fully open and reproducible, as the entire workflow has been documented in code using openly available datasets, allowing others to verify the results by simply running the notebook. Detailed notes on the data steps, model selection, and test procedures have clearly supported the methodology. The study’s limitations and uncertainties have also been appropriately acknowledged: the models have been intentionally kept simple and have excluded additional emission factors such as GDP, energy type, or recent technological changes, so future projections must be interpreted as indicators rather than definitive outcomes. These above-mentioned limitations have shown that the results have been based on historical relationships and the assumption of steady population growth. In conclusion, by combining open environmental data, transparent methodological steps, and standard machine-learning techniques, the method has aimed to provide honest and verifiable insights into the relationship between population growth and CO₂ emissions, while remaining mindful of the study’s own constraints.


4. [bookmark: _Toc215614171]Results and Discussions:
A full view of the global CO₂ emissions along with population changes has been provided by the analysis results, and the link between these factors, the functioning of the machine-learning models, and the effects of the 2025-2030 emission guesses has also been shown. Large differences in population sizes together with CO₂ emissions across the countries and over the years have been identified in the cleaned country-year panel dataset. The global population has been shown by the simple statistics to have grown steadily over many years, and the CO₂ emissions have also been observed to increase, with faster rises during periods of more factories and higher fossil-fuel use. Long-run upward trends for both values have been confirmed by the global total plots, which have shown greater energy needs together with transport use and increased economic activity. A right-skewed form has been observed in the distribution of emissions, which has meant that a few countries have contributed very high amounts to global CO₂ levels.
The extreme values at the country level have been studied. The top emitters in the world have been identified as China, the United States, India, Russia, and Japan, and they have been shown to have kept leading global emissions over time. Total emissions have been presented in bar charts, and it has been made clear that most CO₂ output has been produced by these large nations, and their strong role in climate outcomes has been indicated. A strong link has been found by the relation test between population and CO₂ emissions at the global level, and the first idea of the study has been supported. A clear rise in values has been confirmed by the dot plots, even though the dots have been spread out, which has meant that population has not been the only reason for the emission gaps; the economy type, the kind of energy, and technology use have also been shown to play roles. However, the link has been seen as strong enough for population, together with year, to have been used as useful input features in the models.
A clear gap has been shown by the model test results between the two model types. A simple base idea has been given by the Linear Regression model, which has captured the general link between population and emissions, but its predictive power has been weak, especially for countries with unstable emission paths or large changes over time.
The Random Forest Regression model, however, has outperformed Linear Regression in every test type. Higher R² values along with lower MSE and MAE scores have been produced on the test data, and this has shown that more complex and non-linear patterns have been captured more effectively. A residual check has also shown that the predictions of Random Forest have been closer to zero, while the Linear model has had larger errors and has missed high-emission countries more often.
The Random Forest’s feature importance check has shown that population has contributed more to predictions than year, and this has highlighted the strong role of population size in increasing energy demand and emissions.
By using useful methods such as Random Forest model in a perfect manner, future CO₂ emissions from 2025 to 2030 have been predicted for the United States, China, India, Germany, and Brazil, by using extended population growth estimates. The predictions have shown higher emissions in fast-growing nations such as India and, to a lesser extent, Brazil, while slower increases have been observed for China and the United States due to more stable population levels. Germany’s emissions have been shown to remain stable or decrease slightly. The total emissions of all five countries have been expected to stay high unless major changes or new laws have been introduced. The findings from the results have indicated that population growth has continued to drive emissions upward, although improved technology and policies have been able to reduce the rate of increase. It has been made more clear that population trends must be included in climate projections, and machine-learning models have been shown as useful tools to understand future emission pathways.
[bookmark: _Toc215614231]Table 1. Model Performance Comparison for CO₂ Emission Prediction
	Model
	Training R²
	Testing R²
	Testing MSE (kt²)
	Testing MAE (kt)
	Notes

	Linear Regression
	0.7403
	0.6931
	2,061,200,440,816.79
	541,837.31
	Baseline linear model; moderate accuracy

	Random Forest
	0.9815
	0.8173
	1,226,770,030,128.70
	332,392.95
	Best-performing model; captures nonlinearity and reduces error



MSE = Mean Squared Error, MAE = Mean Absolute Error. Lower values indicate better performance
[bookmark: _Toc215614232]Table 2. Summary of Key Findings by Research Objective
	Objective
	Focus
	Main Result

	1
	Analyse historical global trends in population and CO₂
	Both population and emissions increased strongly from 1960-2019, with clear periods of acceleration.

	2
	Quantify population-CO₂ relationship
	Strong positive correlation (≈0.86) between population and CO₂ emissions at country-year level.

	3
	Compare Linear Regression vs Random Forest
	Random Forest achieved higher R² and lower errors than Linear Regression, and was selected as best.

	4
	Forecast CO₂ for US, China, India, Germany, Brazil (2025-2030)
	Projections show continued high emissions; some countries stabilise or slightly decline, but no sharp drop.

	5
	Derive policy and sustainability implications
	Results highlight need to couple demographic planning with decarbonisation and efficiency policies.
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[bookmark: _Toc215614190]Figure 12. Setup of Python libraries and visualization settings for data analysis and machine-learning modelling
The important libraries were imported, and the machine-learning tools were configured, along with the visualization styles, as well as the clean environment was created for the data analysis, model training, evaluation, and the clear graphical representation of the results.
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[bookmark: _Toc215614191]Figure 13. Loading and inspecting CO₂ emissions and population datasets, showing structure, data types and missing-value checks.
The CO₂ emissions and the population datasets were loaded, and their first rows were shown, along with the shapes, data types, as well as the missing values, to check the data quality before the preprocessing and the merging for the analysis.
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[bookmark: _Toc215614192]Figure 14. Preview, structure and completeness check of CO₂ emissions and population datasets before preprocessing
The output was shown for both datasets correctly, along with the sample rows, the shapes, the data types, and the zero missing values, which were clearly confirmed for clean and proper analysis.
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[bookmark: _Toc215614193]Figure 15. Merging, cleaning and summarising combined CO₂ emissions and population dataset after preprocessing
The key columns were renamed, and the CO₂ and the population datasets were merged by the country along with the year, and the missing rows were dropped as well as the basic stats were printed.
The merged dataset was shown in figure 16 with the combined CO₂ emissions along with the population for the 13,923 country-year records, and no missing values were found as well as the summary stats were described.
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[bookmark: _Toc215614194]Figure 16. Merged CO₂ emissions and population dataset with completeness check and descriptive statistics after preprocessing.
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[bookmark: _Toc215614195]Figure 17. Code for computing and visualising global CO₂ emissions and population trends over time using yearly aggregated data
The global CO₂ emissions along with the population were aggregated by the year, and their trends were plotted side by side using the line charts as well as a short summary was printed for the time coverage.
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[bookmark: _Toc215614196]Figure 18. Global CO₂ emissions and total population trends from 1960 to 2019
The plots were shown with steadily rising global population and strongly increasing CO₂ emissions from the year 1960 to the year 2019, along with brief slowdowns but overall upward trends, as well as sustained demographic growth and related fast escalation in the emissions.
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[bookmark: _Toc215614197]Figure 19. Global trends summary showing initial years of aggregated CO₂ emissions and population, and overall temporal coverage of the dataset (1960-2019)
The yearly totals of global CO₂ emissions and population for the early 1960s were listed in the summary output, and the dataset was also confirmed to cover 60 years of observations from the year 1960 to the year 2019.
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[bookmark: _Toc215614198]Figure 20. Code for calculating and visualising the correlation between population and CO₂ emissions using a heatmap and scatter plot
The correlation between the population and CO₂ emissions was computed by the code, and the correlation matrix was printed, along with a heatmap and a sampled scatter plot to clearly show their strong positive relationship.
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[bookmark: _Toc215614199]Figure 21. Correlation heatmap and scatter plot illustrating the strong positive relationship between national population and CO₂ emissions
The heatmap was shown with a very strong positive link (≈0.86) between the population and the CO₂ emissions, and the scatter plot was also confirmed as showing that countries with higher population usually gave more CO₂, along with some wide spread in the observations.
[image: ]
[bookmark: _Toc215614200]Figure 22. Code for calculating and plotting the top 10 CO₂-emitting countries based on cumulative national emissions
The code was used to find the top 10 countries by total CO₂ emissions, and a horizontal bar chart was created for ranking them by total emissions, along with the printed data shown clearly for more checking.
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[bookmark: _Toc215614201]Figure 23. op 10 entities by total CO₂ emissions, highlighting the dominance of global, high-income and major income-group aggregates in cumulative emissions
The top ten emitting entities were ranked by the bar chart, and the global totals along with the high-income and the World Bank income groups were shown as causing the biggest emission shares.
[image: ]
[bookmark: _Toc215614202]Figure 24. Console summary of the top 10 emitting entities ranked by cumulative CO₂ emissions, highlighting the dominance of global and high-income group aggregates
The ten biggest CO₂ emitters were listed in the output, and the global totals along with the high-income or the World Bank income groups were clearly shown as dominating the total emissions in kilotons.
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[bookmark: _Toc215614203]Figure 25. Code for extracting and visualising CO₂ emission trends over time for the top five emitting countries
The five top-emitting countries were selected by the code, and their records were filtered from the merged dataset along with being shown on the single line chart for clear trend comparison over time.
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[bookmark: _Toc215614204]Figure 26. CO₂ emission trajectories for the top five emitting entities from 1960 to 2019, illustrating sustained long-term growth with minor fluctuations
The line chart was shown with CO₂ emission trends for the five biggest emitting groups. Emissions were increased greatly over time along with some small drops and flat periods. The global and high-income groups were always kept as the biggest emitters as well as the top polluters.
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[bookmark: _Toc215614205]Figure 27. Code for calculating CO₂ emissions per capita and plotting the top 15 emitting countries by per-person emissions for the most recent year in the dataset
[image: ]
[bookmark: _Toc215614206]Figure 28. Top 15 countries ranked by CO₂ emissions per capita in 2019 (tons of CO₂ per person)
The chart was shown with 2019’s top CO₂ emitters per person. Qatar, Bahrain, Kuwait, and the UAE were listed as leaders along with other small countries. High-income and fossil-fuel-based nations were clearly shown as dominating the global per-person emissions.
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[bookmark: _Toc215614207]Figure 29. Console output for 2019 per-capita CO₂ analysis, showing emissions per person, population and total emissions for the 15 highest-emitting countries
[image: ]
[bookmark: _Toc215614208]Figure 30. Code for visualising the distributions of CO₂ emissions and population using log-scale histograms to highlight skewness and spread across countries and years
[image: ]
[bookmark: _Toc215614209]Figure 31. Log-transformed distributions of CO₂ emissions and population across all country-year observations, highlighting skewness and long-tailed behaviour in both variables
The log-scale histograms were shown with highly skewed shapes, with many country-years placed at the lower levels and a long tail seen for very high values, especially for the emissions. The population was also shown with a similar pattern, along with the CO₂ emissions, as well as with many low values.
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[bookmark: _Toc215614210]Figure 32. Code for constructing features and target variables, performing an 80-20 train-test split, and displaying sample training records for the CO₂ prediction models
[image: ]
[bookmark: _Toc215614211]Figure 33. Summary of feature and target dimensions, train-test split sizes, and sample training observations for the emissions prediction task
The output confirms a feature matrix of 13,923 records with two variables, an 80-20 split into 11,138 training and 2,785 testing samples, and displays example population-year pairs mapped to CO₂ emissions.
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[bookmark: _Toc215614212]Figure 34. Code for fitting and evaluating the Linear Regression model, including error metrics and estimated coefficients for population, year and intercept
[image: ]
[bookmark: _Toc215614213]Figure 35. Linear Regression performance summary showing training/testing errors, R² scores, and estimated coefficients for population, year and intercept in the CO₂ emissions model
[image: ]
[bookmark: _Toc215614214]Figure 36. Code for fitting and evaluating the Random Forest Regression model, including error metrics and feature importance values for the CO₂ emissions prediction task
[image: ]
[bookmark: _Toc215614215]Figure 37. Random Forest Regression performance summary, reporting train/test errors, R² scores and feature importance values for population and year in the CO₂ emissions model
[image: ]
[bookmark: _Toc215614216]Figure 38. Code for constructing a model-comparison summary and plotting bar charts that contrast Linear Regression and Random Forest performance using R² and testing MSE metrics
[image: ]
[bookmark: _Toc215614217]Figure 39. Comparison of Linear Regression and Random Forest models using training/testing R² and testing MSE, highlighting the Random Forest’s better fit and lower prediction error
The bar charts were shown with Random Forest getting higher R² scores and much lower testing MSE, along with better results than Linear Regression, as well as confirming that better predictions were made for CO₂ emissions from the population and the year.
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[bookmark: _Toc215614218]Figure 40. Code for Linear Regression diagnostic plots showing actual vs predicted CO₂ emissions and corresponding residuals for the test set
[image: ]
[bookmark: _Toc215614219]Figure 41. Linear Regression diagnostic plots illustrating mismatches between actual and predicted CO₂ emissions and non-random residual structure, suggesting limited suitability of a purely linear specification for global emissions modelling
The linear regression scatter plot was shown with large deviation from the perfect-prediction line, especially at the higher emissions, and the residual plot was shown with curved, uneven errors, along with signs that the linear model struggles with nonlinear CO₂ patterns.
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[bookmark: _Toc215614220]Figure 42. Code for Random Forest diagnostic plots showing actual vs predicted CO₂ emissions and residuals for the test dataset
[image: ]
[bookmark: _Toc215614221]Figure 43. Random Forest diagnostic plots indicating strong agreement between actual and predicted CO₂ emissions and relatively well-behaved residuals across the prediction range
The Random Forest actual-predicted plot was shown with points closely grouped around the perfect line, and the residuals were mostly centered near zero, along with clear signs of a much better fit, as well as reduced errors when compared with the linear regression.
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[bookmark: _Toc215614222]Figure 44.Code for visualising and summarising Linear Regression and Random Forest residual distributions, highlighting differences in mean and variability of prediction errors
[image: ]
[bookmark: _Toc215614223]Figure 45. rror distributions for Linear Regression and Random Forest, showing tighter, lower-variance residuals for the Random Forest model
The residuals of both models were clustered around zero, but the Random Forest histogram was shown as narrower and more peaked, along with smaller and less changeable errors, as well as better results compared with the Linear Regression, especially at extreme predictions.
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[bookmark: _Toc215614224]Figure 46. Code for generating 2025-2030 CO₂ emission forecasts using projected populations and the trained Random Forest model for selected major emitting countries
[image: ]
[bookmark: _Toc215614225]Figure 47. Future CO₂ emission predictions for 2025-2030, listing projected populations and modelled emissions for selected major emitting countries
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[bookmark: _Toc215614226]Figure 48. Code for plotting historical CO₂ emissions alongside 2025-2030 forecasted emissions for each major emitting country in separate subplots
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[bookmark: _Toc215614227]Figure 49. Historical (blue) and Random-Forest-predicted (red) CO₂ emissions for the United States, China, India, Germany and Brazil, illustrating differing projected trajectories under continued population growth
The panels were used to compare past CO₂ emissions with the 2025-2030 forecasts: emissions were shown staying high for the US, India, and Brazil, while they were seen to stay the same or fall a little for Germany, along with a sharp drop shown for China under the population-based projections.
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[bookmark: _Toc215614228]Figure 50. Code for computing and plotting combined historical and Random-Forest-predicted total CO₂ emissions for the five forecast countries, highlighting overall trajectory from past data into 2025-2030
[image: ]
[bookmark: _Toc215614229]Figure 51. Historical and Random-Forest-predicted total CO₂ emissions for the selected countries, comparing long-run growth with a slightly declining forecast path to 2030.
The combined series was shown with total emissions from the five countries rising quickly until the late 2010s, while the model-based forecasts for 2025-2030 were shown with a small decline, along with very high levels still seen in the results.
[image: ]
[bookmark: _Toc215614230]Figure 52. key results, model performance, emission forecasts, and policy implications from the CO₂-population analysis
The summary panel was shown combining the main findings: strong links between population and CO₂, better performance by Random Forest, top emitters identified, a projected 11.84% drop in emissions by 2030, along with policy impacts of AI-based green data study.
5. [bookmark: _Toc215614172]Conclusions and Recommendations:
5.1. [bookmark: _Toc215614173]Summary of Key Findings:
The study has been planned to predict the CO₂ emissions by using the open, country-level green data together with the AI-based regression models, based on the population growth. For Objective 1, it has been shown by the global trend study that the population and the CO₂ emissions have greatly increased from the year 1960 to the year 2019. The population has been observed to rise smoothly and almost in an exponential way, while the emissions have been shown to grow strongly in the long run, with a clear fast rise after the late 1990s, and the constant stress put on the climate system by the population growth and the related economic work has been demonstrated.
For Objective 2, the direct link between the population and the emissions has been examined. A strong and positive link has been found by the correlation study between the two values, and the upward slope has been clearly shown in the scatter plot. The idea that the population growth has been a major reason for the national CO₂ emissions has been supported by this result, although it has also been shown that other main reasons have mattered as well because of the cross-country spread.
For Objective 3, a better performance has been shown by the Random Forest Regression model when it has been compared with the Linear Regression model. Higher R² scores have been received by it, along with much lower MAE and MSE on the test set. In the diagnostic plots, a closer match has been seen between the actual and the predicted values, and the residuals have been more centered and tighter. Therefore, the second hypothesis has been confirmed that better accuracy has been provided by the Random Forest for this problem.
For Objective 4, emission forecasting has been done for the United States, China, India, Germany, and Brazil up to 2030. By using the projected populations along with the Random Forest model, it has been shown that high emissions have been likely to be seen for these large economies under the current trends, and small declines or stability have been expected in some countries without major changes.
5.2. [bookmark: _Toc215614174]Overall Conclusion:
The overall power of mixing the green data with the AI has been clearly shown by the study to understand and to predict the CO₂ emissions. The work has been done by using the open datasets and the transparent Python pipeline only. Even a simple feature set like the population with the year has been used to create the useful global models and the policy-related forecasts. It has also been shown that the population growth has been identified as an important cause of emissions, but not the only cause. The energy systems, income, policy, and technology have been clearly found to change how the pressure from people has caused the CO₂ output. The clear link between the population and the emissions has been measured, and helpful forecasts have been shared for the climate policy talks, along with a basic comparison for deeper plans with more causes.
5.3. [bookmark: _Toc215614175]Policy and Practical Recommendations:
The need for proper integration of demographic forecasts into climate and energy planning has been clearly demonstrated by the governments along with the policymakers. A steady growth of the population, especially in the emerging countries, has been observed. Therefore, stronger climate steps have been required for lowering the emissions per person and per unit of output through the use of clean energy, better efficiency and full support for the low-carbon tools. The population forecasts have been used to show where the rising needs may have heavily pressed the national and global carbon limits.
The benefits of open data and repeatable workflows have been clearly demonstrated through this project by the researchers along with the data experts. The shared codes, data and steps have been provided so that the results may be updated, expanded or questioned by others. Tools like the Random Forest have been used as helpful guides instead of unclear systems, and the results have been read with full care, using feature weights, checks and field knowledge.
5.4. [bookmark: _Toc215614176]Recommendations for Future Work:
The foundation has been able to be used by future research in many directions.
First, more predictors such as the GDP, the urbanisation rate, the energy use in the sectors, and the share of the renewables have been able to be added for capturing the deep and wide differences in the countries.
Second, better ML and deep learning ways have been able to be tested, along with the careful tuning of the settings, for making the predictions more correct and less unsure.
Third, country or region models have been able to be used, as well as the global one, for showing the local details.
Lastly, forecasts using the future paths have been able to be made for testing the climate and the energy plans.
5.5. [bookmark: _Toc215614177]Final Reflection:
In the end, the rising value of the green data and the AI has been shown for supporting the environmental safety and the sustainable growth. The open and good datasets, along with the accessible machine-learning tools, have been used by the students, the researchers, and the policymakers for identifying useful ideas from the complex and wide global systems, such as the climate-population link. At the same time, the analysis has been regarded as only as strong as the data and the ideas on which it has been based. The regular updating of the datasets, the models, and the cases has been required as new details have been found, the tools have been changed, and the rules have been shifted. The steady spending on the open data system and the clear study steps has been needed for guiding the world toward a low-carbon and climate-safe future.
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import numpy as np

import pandas as pd

import seaborn as sns

import matplotlib.pyplot as plt

from sklearn.model_selection import train_test_split
from sklearn.linear_model import LinearRegression
from sklearn.ensemble import RandomForestRegressor
from sklearn.metrics import mean_squared_error, r2_score,
mean_absolute_error

import warnings

warnings. ('ignore')

sns. ('whitegrid')
plt.rcParams['figure.figsize'] = (12, 6)





image14.png
co2_df = pd. ('Data/co2_emissions_kt_by_country.csv')
population_df = pd. ('Data/population_by_country.csv')

("C02 Emissions Dataset:")

¢ . (0))
(f"\nShape: 5 ")
(f"\nData Types:

(f"\nMissing Values:

("\n" + + "\n")

("Population Dataset:")
¢ . )
(f"\nShape:

(f"\nData Types:
(f"\nMissing Values:





image15.png
C02 Emissions Dataset:
country_code country_name value
ABW Aruba 11092.675
ABW Aruba 11576.719
ABW Aruba 12713.489
ABW Aruba 12178.107
ABW Aruba 11840.743

Shape: (13953, 4)

Data Types:

country_code object
country_name object
year inte4
value float64
dtype: object

Missing Values:
country_code
country_name
year

value

dtype: inté64

Population Dataset:
country_code country_name value
ABW Aruba 54608.0
ABW Aruba 55811.0
ABW Aruba 56682.0
ABW Aruba 57475.0
ABW Aruba 58178.0

Shape: (16400, 4)

Data Types:
country_code object
country_name object
year int64
value floate4
dtype: object

Missing Values:
country_code
country_name
year

value

dtype: int64
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co2_df = co2_df. (columns={'value': 'co2_emissions_kt'})
population_df = population_df. (columns={"'value': 'population'})

merged_df = pd. ¢ N b
on=[ 'country_code’, 'country_name', ‘'year'],
how="inner")

VONOV A WN R

("Merged Dataset:")
( . (10))
(f"\nShape:

(f"\nMissing Values:

merged_df = merged_df. QO
(f"\nShape after removing missing values:

("\nBasic Statistics:")

« . (0))





image17.png
Merged Dataset:
country_code country name year co2_emissions_kt population
ABW Aruba 1960 11092.675 54608.
ABW Aruba 1961 11576.719 55811.
ABW Aruba 1962 12713.489 56682.
ABW Aruba 1963 12178.107 57475.
ABW Aruba 1964 11840.743 58178.
ABW Aruba 1965 10623.299 58782.
ABW Aruba 1966 9933.903 59291.
ABW Aruba 1967 12236.779 59522.
ABW Aruba 1968 11378.701 59471.
ABW Aruba 1969 14891.687 59330.

WooNOUVAEWNRO®
[SICINGC RN IS R I

Shape: (13923,

Missing Values:
country_code
country_name
year
co2_emissions_kt
population
dtype: int64

Shape after removing missing values: (13923, 5)

Basic Statistics:

year co2_emissions_kt population
count 13923.000000 1.392300e+04 1.392300e+04
mean 1990.767292 8.271363e+05 2.387050e+08
std 17.184854 .791702e+06 7.340793e+08
min 1960 .000000 .067400e+01 5.484000e+03
25% 1976 .000000 .092766e+03 1.763752e+06
50% 1992 .000000 .364124e+04 8.720742e+06
75% 2006 .000000 .648683e+05 6.082081e+07
max 2019.000000 .434401e+07 7.742682e+09
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global_trends = merged_df. ('year'). (€4
'co2_emissions_kt': 'sum',
‘population’: ‘sum’

b. (0]

fig, axes = plt. (1, 2, figsize=

VKONV A WNR

axes[@]. ¢ ['year'], ['co2_emissions_kt'],
color="red', linewidth=2, marker='o', markersize=3)

axes[@]. ('Year', fontsize=12)

EPCHIB ('Total CO, Emissions (kt)', fontsize=12)

axes[0]. ('Global CO, Emissions Over Time', fontsize=14,

fontweight="bold")

axes[0]. ( , alpha=

axes[1]. ( ['year'], [ 'population’],
color="blue', linewidth=2, marker='o', markersize=3)

axes[1]. ('Year', fontsize=12)

axes[1]. ('Total Population', fontsize=12)

axes[1]. ('Global Population Over Time', fontsize=14,

fontweight="bold")

axes[1]. ( , alpha=

plt. QO
plt. (0]

("Global Trends Summary:")

¢ . (0))
(f"\nTotal years covered: ['year']. ()} to

['year'].max()}")
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image20.png
Global Trends Summary:
year co2_emissions_kt population
1960 7.702298e+07 3.043238e+10
1961 7.628584e+07 3.085054e+10
1962 7.856840e+07 3.141916e+10
1963 8.309549e+07 3.212029e+10
1964 8.767972e+07 3.284014e+10

Total years covered: 1960 to 2019
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correlation = merged df[['population’, 'co2_emissions_kt']].corr()
("Correlation Matrix:")

( )

fig, axes = plt. (1, 2, figsize=

( , annot= , cmap='coolwarm', center=e,
square=True, linewidths=1, cbar_kus={"shrink }, ax=

[el)
axes[0]. ('Correlation: Population vs CO, Emissions', fontsize=
, fontweight="bold")

sample_data = merged_df. (n=
random_state=42)
axes[1]. C ['population’],
co2_emissions_kt'],
alpha=e.5, s=20, color='green')
axes[1]. (*Population’, fontsize=12)
axes[1]. ('C0. Emissions (kt)', fontsize=12)
axes[1]. ('Population vs CO; Emissions (Sample)', fontsize=14,
fontweight="bold")
axes[1].grid(True, alpha=

plt. O
plt. O
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image23.png
top_emitters = merged_df. ('country_name')[ 'co2_emissions_kt'].
o (ascending= Vo (¢2)}

plt. (figsize= )

colors = sns. ('Reds_r',

top_emitters. (kind="barh', color= )

plt. ('Total CO, Emissions (kt)', fontsize=12)

plt. ('Country', fontsize=12)

plt. ('Top 10 Countries by Total CO, Emissions', fontsize=14,
fontweight="bold")

plt.gca(). O

plt. (axis="'x", alpha=

plt. O

plt. O

("Top 10 CO, Emitting Countries:")
( )
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Country

Top 10 Countries by Total CO Emissions

World

High income

IDA & IBRD total

OECD members

1BRD only

Low & middle income
Post-demographic dividend
Middle income

Upper middle income

Late-demographic dividend

02 04 06 08 10 12

0.
Total COCl Emissions (kt) 169

5




image25.png
Top 10 CO, Emitting Countries:
country_name

World 1.317557e+09
High income 6.672858e+08
IDA & IBRD total 6.667335e+08
OECD members 6.537873e+08
IBRD only 6.398760e+08
Low & middle income 6.390232e+08
Post-demographic dividend 6.369414e+08
Middle income 6.296777e+08
Upper middle income 4.823171e+08
Late-demographic dividend 4.673344e+08
Name: co2_emissions_kt, dtype: float64
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top_5_countries = top_emitters. (5).index. Q)
top_5_data = merged_df[merged_df[ ‘country name"']. (

plt. (figsize= 0 )
for country in top_5_countries:
country_data = top_5_data[top_5_data['country name'] == country]
plt. ( ['year'], ['co2_emissions_kt'],
marker="'o"', markersize=4, linewidth=2, label= )

plt. ('Year', fontsize=12)

plt. ('CO, Emissions (kt)', fontsize=12)

plt. ('CO, Emission Trends for Top 5 Countries', fontsize=
fontweight="bold")

plt. (loc="best', fontsize=10)

plt. ( , alpha= )

plt. O

plt. O
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image28.png
merged_df[ 'co2_per_capita'] = (merged_df['co2_emissions_kt"'] *
merged_df[ "population’]

latest_year = merged_df[ ‘year']. Q)
latest_data = merged_df[merged_df[ 'year'] == latest_year]

top_per_capita = latest_data. (15, 'co2_per_capita')[[’
country_name', ‘co2_per_capita‘, ‘population’, ‘co2_emissions_kt']]

plt. (figsize= )

colors = sns. ('Y1Orrd', )))

)/

plt. ( )), ['co2_per_capita'],

color= )

plt. ( (len( ))s ['country_name'])

plt. ('CO, Emissions per Capita (tons/person)', fontsize=12)
plt. ('Country', fontsize=12)

plt. (f'Top 15 Countries by CO, Emissions per Capita (

)', fontsize=14, fontweight='bold")

plt.gca(). O

plt. (axis='x", alpha=

plt. O

plt. O

(f"Per Capita Analysis for
¢ )
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Country

Top 15 Countries by COZ Emissions per Capita (2019)

Qatar
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image30.png
Per Capita Analysis for 2019:

country_name co2_per_capita population co2_emissions_kt
10633 Qatar 32.761775 2807235. 9.197000e+04
1224 Bahrain 22.259581 1494188. 3.326000e+04
6828 Kuwait 20.861949 4441100. 9.265000e+04
506 United Arab Emirates 20.502283 9211657. 1.888600e+05
9649 Oman 16.518321 4602768. 7 .603000e+04
1701 Brunei Darussalam 15.957155 438048. 6.990000e+03
1919 Canada 15.430613 37601230. 5.802100e+05
7758 Luxembourg 15.306427 620001. 9.490000e+03
716 Australia 15.253618 25340217. 3.865300e+05
8970 North America 14.753530 365995094. 5.399720e+06
13238 United States 14.673411 328329953. 4.817720e+06
10933 Saudi Arabia 14.619553 35827362. 5.237800e+05
10009 EVEL] 13.954008 17916. 2.500000e+02
12398 Turkmenistan 11.832581 6158420. 7.287000e+04
6768 Korea, Rep. 11.799325 51764822. 6.107900e+05

OO O0OO0OO0OOOOOOOO®O OO
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fig, axes = plt. (1, 2, figsize=

ENCH B (np. ( ['co2_emissions_kt'] + 1), bins=50,
color="red', alpha= , edgecolor="black")

axes[@0]. ('Logl10(CO, Emissions in kt)', fontsize=12)

axes[@0]. ('Frequency', fontsize=12)

axes[@0]. ('Distribution of CO, Emissions (Log Scale)', fontsize

=14, fontweight="bold")

axes[@0]. ( , alpha=

axes[1]. (np. ( [ 'population'] + 1), bins=50,
color="blue', alpha= , edgecolor="black")

axes[1]. ('Loglo(Population)’, fontsize=12)

axes[1]. ('Frequency', fontsize=12)

axes[1]. ('Distribution of Population (Log Scale)', fontsize=

, fontweight='bold")

axes[1]. ( , alpha=

plt. O
plt. O
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image33.png
merged_df[[ 'population’, ‘year']].values
merged_df[ 'co2_emissions_kt'].values

("Feature matrix shape:", X.
("Target vector shape:",

X_train, X_test, y_train, y test = (X, y, test_size=
, random_state=42)

(f"\nTraining set size: [@]1} samples™)
(f"Testing set size: 5 [@]} samples™)

("\nSample of training data:")
("Features (Population, Year) -> Target (CO2 Emissions)")
for i in (5):
(f" [i]:.2F}")





image34.png
Feature matrix shape: (13923, 2)
Target vector shape: (13923,)

Training set size: 11138 samples
Testing set size: 2785 samples

Sample of training data:

Features (Population, Year) -> Target (CO2 Emissions)
[31337. 1996.] -> 210.00

[316955. 1970.] -> 36.67

[4.36294062e+08 1.99800000e+03] -> 2956948.22
[1450661. 2014.] -> 22040.00

[2.217278e+06 2.013000e+03] -> 5420.00
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1r_model =
1r_model.

y_train_pred_1r =
y_test_pred_1r =

1r_model.
1r_model.

1r_train_mse =
1r_test_mse
1r_train_r2
1r_test_r2 =
1r_test_mae

("="+60)
("LINEAR
("="*60)
(f"Training MSE:
(f"Testing MSE:
(f"Training R2? Score:
(f"Testing R2? Score:
(f"Testing MAE:

("\nModel Coefficients:")
(f"
(f"
(f"

Year coefficient:
Intercept:

REGRESSION MODEL PERFORMANCE")

)
1, .2F}")
:.4f}")
:.4fF}")
1, 2F}")

Population coefficient:
[1]:.2F}")
1.2F}")
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LINEAR REGRESSION MODEL PERFORMANCE

Training MSE: 2,093,209,967,156.15
Testing MSE: 2,061,200,440,816.79

Training R2? Score: 0.7403
Testing R2 Score: 0.6931
Testing MAE: 541,837.31

Model Coefficients:
Population coefficient: 0.003242
Year coefficient: 3468.36
Intercept: -6854604.36
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(n_estimators= , random_state=42,

rf_model.

y_train_pred_rf = rf_model.
y_test_pred_rf = rf_model.

rf_train_mse =
rf_test_mse =
rf_train_r2 =
rf_test_r2 =

rf_test_mae =

("="+60)
("RANDOM FOREST REGRESSION MODEL PERFORMANCE")
("="*60)
(f"Training MSE: :,.2F}")
(f"Testing MSE: :,.2F}")
(f"Training R2? Score: :.4f}")
(f"Testing R2? Score: :.4f}")
(f"Testing MAE: :,.2F}")
("\nFeature Importances:")

for feature, importance in ([ 'Population’, 'Year'],

):
(f" : 1.4f}")
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Tr‘alnlng MSE: 149,358,422,574.21
Testing MSE: 1,226,770,030,128.70

Training R2? Score: 0.9815
Testing R2? Score: 0.8173
Testing MAE: 332,392.95

Feature Importances:
Population: ©.8985
Year: 0.1015
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# Compare model performance

comparison_df = pd.DataFrame({
'Model’': ['Linear Regression', 'Random Forest'],
'Training R2': [1lr_train_r2, rf_train_r2],
'Testing R2': [1r_test_r2, rf_test_r2],
'Testing MSE': [1lr_test_mse, rf_test_mse],
'Testing MAE': [1lr_test_mae, rf_test_mae]

)]

print("\nMODEL COMPARISON SUMMARY")
print("="*60)
print(comparison_df.to_string(index=False))

# Visualize comparison
fig, axes = plt.subplots(l, 2, figsize=(16, 6))

# R2 Score comparison

models = comparison_df[ ‘Model']
X_pos = np.arange(len(models))
width 0.35

axes[@].bar(x_pos - width/2, comparison_df['Training R2'], width, label
='Training R2?', color="skyblue')

axes[@].bar(x_pos + width/2, comparison_df['Testing R2'], width, label=
'Testing R?', color='coral')

axes[@].set_xlabel('Model', fontsize=12)

axes[@].set_ylabel('R? Score', fontsize=12)

axes[@].set_title('Model Comparison: R2 Score', fontsize=14, fontweight
="bold")

axes[@].set_xticks(x_pos)

axes[@].set_xticklabels(models)

axes[@].legend()

axes[@].grid(axis="y"', alpha=0.3)

# MSE comparison

axes[1].bar(models, comparison_df['Testing MSE'], color=['skyblue', '
coral'])

axes[1].set_xlabel('Model', fontsize=12)

axes[1].set_ylabel('Testing MSE', fontsize=12)
axes[1].set_title('Model Comparison: Testing MSE', fontsize=14,
fontweight="bold")

axes[1].grid(axis="y"', alpha=0.3)

plt.tight_layout()
plt.show()
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plt. (figsize=

plt. 1, 2, 1)
plt. 5 , alpha=@.5, s=30, color='blue')
plt. (I -min(), -max()], [ -min(), -max()1, *
r--', lw=2, label='Perfect Prediction')

plt. ('Actual €O, Emissions (kt)', fontsize=12)

plt. ('Predicted CO, Emissions (kt)', fontsize=12)

plt. ('Linear Regression: Actual vs Predicted', fontsize=14,
fontweight="bold")

plt. O

plt. , alpha=

residuals_1r y_test - y test_pred_1r

plt. « > 2)

plt. ( , alpha=| , =30, color='blue"
)

plt. (y=0, color='r', linestyle='--', 1lw=2)

plt. ('Predicted CO, Emissions (kt)', fontsize=12)

plt. ('Residuals', fontsize=12)

plt. ('Linear Regression: Residual Plot', fontsize=14, fontweight="'
bold')

plt. , alpha=l

plt. O
plt.
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plt. (figsize=

plt.

plt. ( » alpha= , $=30, color='green')
plt.plot([ .min(), .max()1, [ .min(), .max()1, *
r--', lw=2, label='Perfect Prediction')

plt. ('Actual CO, Emissions (kt)', fontsize=12)

plt. ('Predicted CO, Emissions (kt)', fontsize=12)

plt. ('Random Forest: Actual vs Predicted', fontsize=14, fontweight
='bold")

plt. QO

plt. alpha=

residuals_rf = y_test - y_test_pred_rf

plt. ( > 2)

plt. ( » alpha= , s=30, color="green
)

plt. (y=0, color='r', linestyle='--', lw=2)

plt. ('Predicted €O, Emissions (kt)', fontsize=12)

plt. ('Residuals’, fontsize=12)

plt. ('Random Forest: Residual Plot', fontsize=14, fontweight='bold
)

plt. , alpha=

plt. O
plt.
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fig, axes = plt. (1, 2, figsize=

axes[0]. , bins=50, color='blue', alpha= , edgecolor=
'black')

axes[@]. (x=0, color='red', linestyle='--', linewidth=2)

axes[@]. ('Prediction Error (kt)', fontsize=12)

axes[@]. ('Frequency', fontsize=12)

axes[@]. ('Linear Regression: Error Distribution', fontsize=14,
fontweight="bold")

axes[0]. ( , alpha=

axes[1]. , bins=50, color='green', alpha= , edgecolor
="black')

axes[1]. (x=0, color='red', linestyle='--', linewidth=2)
axes[1]. ('Prediction Error (kt)', fontsize=12)

axes[1]. ('Frequency', fontsize=12)

axes[1]. ('Random Forest: Error Distribution', fontsize=14,
fontweight="bold")

axes[1]. ( , alpha=

plt. O
plt.show()

("Error Statistics:")
(f"\nLinear Regression:")
(f" Mean Error:

(f" Std Error:
(f"\nRandom Forest:")

(f" Mean Error:

(f" Std Error:
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future_years = np.
predictions = []

for country in forecast_countries

country_data = forecast_data[forecast_data['country_name'] ==
country]. ('year")

last_year = country_data['year']. QO

last_population = country_data[country_data['year'] == last_year]["
population’].values[@]

for year in future_years:
years_ahead = year - last_year

future_population = last_population * ((1 + growth_rates[

country]) ** years_ahead)

X_future = np. ([
predicted_co2 = rf_model.

predictions. (€4
'country_name’:
‘year': 5
'projected_population':
'predicted_co2_emissions_kt"':

b

future_predictions_df = pd. ¢ )
("\nFuture CO, Emission Predictions (2025-2030):")
( - (15))
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Future CO, Emission Predictions (2025-2030):
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plt. (figsize=

for i, country in
plt. (2, 3, i)

0NV A WN R

historical = forecast_data[forecast_data['country name'] == country
('year')
plt. ( ['year'], ['co2_emissions_kt'],
marker='o', markersize=4, linewidth=2, label='Historical',
color="blue")

future = future_predictions_df[future_predictions_df['country_name’
] == country]
plt. ( ['year'], ['predicted_co2_emissions_kt'],
marker='s"', markersize=5, linewidth=2, linestyle='--',
label="'Predicted', color='red')

plt. ('Year', fontsize=10)

plt. ('CO, Emissions (kt)', fontsize=10)

plt. (f' ', fontsize=12, fontweight="bold")
plt. (loc='best', fontsize=9)

plt. , alpha=| )

QO





image50.png
Emissions (kt)

coo

55

50

45

5
E
i}

coo
N
S

35

30

900000

800000

700000

600000

500000

1e6 United States
—— Historcal
—=- Predicted
10
I
LA 08
HE}
1
y =
1y P
[ S 06
[ 8
s E
LI w
i Q
1 8 o4
.
02
00
1960 1970 1980 1990 2000 2010 2020 2030
Year
Germany
—— Historical
—a— Predicted 600000
500000
£ 400000
&
& 300000
g
8
200000
o 100000
]
]

1990 1995 2000 2005 2010 2015 2020 2025 2030
Year

1e7 China

—e— Historical
s~ Predicted

1960 1970 1980 1990 2000 2010 2020 2030
Year

Brazil

— tisora
= preditos ;

1960 1970 1980 1990 2000 2010 2020 2030
Year

5
E
i}

coo

25 —e— Historical
—=— Predicted

20

b

B

05

166

India

1960

1970

1980

1990
Year

2000

2010

2020

I
¥

2030




image51.png
1 # Calculate total future emissions for forecast countries
2 future_totals = future_predictions_df.groupby(" [
*].sum().reset_index()
historical_totals = forecast_data.groupby(" I
sum().reset_index()

plt.figure(figsize=(14, 7))
plt.plot(historical_totals["' '], historical_totals["
I]’

marker='o"', markersize=5, linewidth=2.5, label="
', color=" ")
.plot(future_totals["' '], future_totals["'
']’
, markersize=6, linewidth=2.5, linestyle='--', label
', color=" ")

marker="

.xlabel(" ', fontsize=12)
plt.ylabel("’ ', fontsize=12)
plt.title("’

fontsize=14, fontweight=" ")
plt.legend(loc=" ', fontsize=11)
plt.grid(True, alpha=0.3)
plt.tight_layout()

plt.show()

print("
)
print(future_totals)
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. DATA OVERVIEW:
- Total countries analyzed: 255
- Time period covered: 1960 to 2019
- Total data points: 13,923

. CORRELATION FINDINGS:
- Correlation between population and CO, emissions: ©.8554
- This indicates a strong positive relationship

. MODEL PERFORMANCE :
- Linear Regression R2? Score: 0.6931
- Random Forest R2 Score: 0.8173
- Best performing model: Random Forest

. TOP EMITTERS:
- Highest emitter: World (1,317,556,807 kt)
- Second highest: High income (667,285,815 kt)
- Third highest: IDA & IBRD total (666,733,460 kt)

. FUTURE PROJECTIONS:
- Projected emission growth (2025-2030): -11.84%
- This forecast is based on continued population growth trends

. ENVIRONMENTAL IMPLICATIONS:
- Strong correlation between population and emissions highlights the need T
sustainable development strategies
- AI-driven forecasting can help policymakers plan climate mitigation effor
- Green data analytics provides actionable insights for environmental prote

This analysis demonstrates the power of green data and AI in understanding

and forecasting global CO, emissions. The strong relationship between populati
growth and emissions underscores the critical need for sustainable policies,
renewable energy adoption, and data-driven environmental decision-making.
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