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ABSTRACT 

This study focuses on the crucial task of forecasting population growth, a fundamental 

aspect of planning for a nation's future development. Utilizing advanced machine learning 

techniques, we aim to predict future population trends by analyzing historical demographic 

data. This approach is expected to enhance the process of strategic national planning 

significantly. Applying time series analysis to a comprehensive collection of historical 

population data, our methodology is able to provide valuable insights. Our team has utilized 

a range of machine learning models, such as Facebook's Prophet, LSTM (Long Short-Term 

Memory), State Space Model, Holt Winters, and SARIMA (Seasonal Autoregressive 

Integrated Moving Average). For processing time series data, each of these algorithms was 

carefully chosen based on its unique strengths. By utilizing a combination of these various 

models, we can guarantee a comprehensive and efficient population forecasting approach. 

The effectiveness of our methods is demonstrated by our encouraging findings. 

Highlighting its precision in forecasting, the Prophet algorithm achieved an impressively 

low Mean Absolute Percentage Error (MAPE) of just 0.48%. Reinforcing the accuracy of 

our approach, the LSTM model recorded a Root Mean Squared Error (RMSE) of 

300020.64. Vast and impactful are the potential applications of this research. Crucial 

insights for various sectors, including urban development, resource management, and 

environmental planning, can be offered by providing more detailed and location-specific 

population predictions. Setting a foundation for future applications of machine learning in 

generating precise and dependable population predictions, this study makes a significant 

contribution to the field of demographic forecasting. Not just academic achievements, these 

advancements in forecasting methodologies serve as vital tools for policymakers and 

planners. They empower them to make more informed decisions for the betterment of 

national and regional development. 
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CHAPTER 1 

INTRODUCTION 

1.1 Introduction 

Over time, population forecasting has undergone significant evolution, adjusting to the 

shifting dynamics of human populations and advancements in technology. With an initial 

focus on discovering patterns in larger-scale population phenomena, the field has gradually 

transitioned to employing more intricate methodologies. Given the crucial role population 

forecasts play in strategic decision-making across various sectors, this shift is a response 

to the increasing need for accuracy in predictions. 

 

1.2 Motivation 

The increased use of small area population forecasts is a significant development in 

population forecasting. These are particularly used by governments and businesses for 

planning, research, policy-making, and investment decisions. While the methods and 

techniques for small area forecasting are not as extensive as those for national or large 

subnational regions, there has been significant progress. The literature from 2001 to 2020 

shows key themes like extrapolative and comparative methods, simplified cohort-

component methods, model averaging and combining, and the incorporation of 

socioeconomic variables and spatial relationships. 

 

1.3 Rationale of the Study 

Another major shift in demographic methods occurred post-1960s with the availability of 

micro-level survey data and a change in theoretical focus towards causal mechanisms. This 

shift led to the widespread adoption of regression-based models and borrowing methods 

from other social science disciplines. Future development in demographic methods is 

expected to continue incorporating techniques from various disciplines, including those for 

analyzing unstructured "big" data. However, formal demographic techniques will maintain 

their relevance in population forecasting, improvements in measurements, and correction 

of faulty data, thus providing foundational knowledge across social science disciplines. 
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1.4 Research Questions 

Regarding errors in population forecasting, it's been observed that errors are more 

pronounced in smaller countries compared to larger ones, mainly due to the lesser attention 

devoted to the former. Additionally, errors are more significant at the extremes of the age 

spectrum due to the impact of fertility and mortality assumptions and more pronounced at 

the country level than at regional or global levels. For longer projection periods, the 

compounding effects of incorrect assumptions over time become more prominent. In short-

term projections, inaccuracies in initial population data are the most critical source of error, 

while in the long-term, assumptions about future fertility, mortality, and migration trends 

play a greater role. 

 

1.5 Expected Output 

The study of fertility trends and their impact on population change has been a key focus in 

demographic research. Fertility changes reflect a complex interplay of various factors and 

significantly influence the population size, particularly in less developed regions. The 

debate among experts about the future path of fertility, whether it will stabilize at a specific 

level in every country, usually at replacement level, has been a topic of much discussion. 

In most industrialized countries, average fertility is now below the two-child-per-woman 

replacement level, leading to debates about whether fertility will continue to fall, level off, 

or rise again. 

 

1.6 Project Management and Finance 

The project will be managed using a phased approach, ensuring systematic progress and 

effective utilization of resources. Key milestones will be established for each phase, with 

regular reviews to monitor progress and manage risks. Financial planning will focus on 

allocating budget efficiently across research activities, data acquisition, and analysis tools. 

Funding sources will be diversified, seeking support from academic grants, government 

funding, and industry partnerships. 
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1.7 Report Layout 

The report is structured as follows: 

Chapter 1: Introduction 

Chapter 2: Background, exploring terminologies, related works, and a comparative 

analysis of traditional and modern forecasting methods. 

Chapter 3: Research Methodology, detailing the research subjects, data collection 

procedures, and statistical analysis methods. 

Chapter 4: Experimental Results and Discussion, presenting the findings from the research 

and their implications. 

Chapter 5: Impact on Society, Environment and Sustainability, assessing the broader 

implications of the study. 

Chapter 6: Summary, Conclusion, Recommendation and Implication for Future Research, 

offering a comprehensive overview and future directions. 

The report concludes with references and appendices, providing additional resources and 

supporting materials. 
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CHAPTER 2 

BACKGROUND 

2.1 Preliminaries/Terminologies 

1. The Extreme Gradient Boosting model in population forecasting.[1] 

2. The effectiveness of the Naive Bayes algorithm in demographic forecasting 

tasks.[2] 

3. Grey and ARIMA algorithms for forecasting linguistic and religious diversity.[3] 

4. LSTM network designs for small area population prediction using Keras Tuner.[4] 

5. The Linear Regression Model in the Population Forecasting System.[5] 

6. Gender-specific forecasts using a non-linear ANN model in India.[6] 

 

2.2 Related works 

The study comparing machine learning techniques and traditional demographic models for 

population prediction found that the Extreme Gradient Boosting model demonstrated 

superior accuracy in projecting Turkey's 2017 population. This highlights the potential of 

machine learning algorithms in achieving more precise population forecasts, particularly 

for specific regions or timeframes.[1] 

 

In a different study, Naive Bayes, IBk, and Random Trees algorithms were compared using 

WEKA on a UCI repository dataset, with Naive Bayes excelling in forecasting population 

outcomes. This showcases the effectiveness of Naive Bayes, a popular machine learning 

algorithm, in demographic forecasting tasks.[2] 

 

Another research endeavor delved into the use of Grey and ARIMA algorithms to 

anticipate future diversity within a cohort, with a focus on the challenging aspects of 

forecasting linguistic and religious diversity. This study recognizes the evolving nature of 

linguistic and religious diversity and the need for advanced forecasting techniques to 

address these complexities.[3] 
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A study presenting two tailored LSTM network designs for small area population 

prediction optimized model parameters using Keras Tuner, demonstrating comparable 

forecast errors to established benchmarks. This emphasizes the role of optimization 

techniques in enhancing the accuracy of machine learning models for population 

forecasting.[4] 

 

The Population Forecasting System, developed with Object-Oriented analysis, revealed the 

Linear Regression Model's superiority over other models, displaying lower percentage 

error margins. This suggests the potential of advanced modeling techniques in achieving 

more accurate population forecasts.[5] 

 

In a study predicting India's population with a non-linear ANN model, gender-specific 

forecasts were emphasized. The results showed strong correlations with errors consistently 

below 1, suggesting the ANN as a suitable predictive tool for demographic forecasting, 

with a focus on gender-specific projections.[6] 

 

Machine learning, including the extreme gradient boosting model, outperformed traditional 

methods in forecasting global population trends from 1960 to 2017. Notably, these models 

excelled in predicting Turkey's 2017 population, showcasing their potential in 

demographic forecasting on a global scale.[7] 

 

A comprehensive review of small area population forecasting techniques from 2001 to 

2020, including extrapolation, comparative approaches, socioeconomic variables, and 

machine learning, highlights the evolving landscape of population forecasting methods and 

the importance of staying up-to-date with emerging techniques.[8] 

 

Assessment studies highlighted significant forecast errors in age and gender categories, 

with default boosted regression tree models found to produce more precise predictions with 

fewer outliers than conventional methods like the Hamilton-Perry method. This 
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underscores the importance of choosing appropriate modeling techniques for specific 

demographic forecasting tasks.[9] 

 

Research evaluating the top ten methods from the 'M4' forecasting competition for 

improving small area population predictions demonstrates their favorable performance 

compared to benchmarks, indicating promising avenues for future research in small area 

population forecasting.[10] 

 

One study combines historical population maps with machine learning to forecast urban 

development and population distribution under Shared Socioeconomic Pathways, 

highlighting the potential for advanced techniques to inform urban planning decisions.[11] 

 

Another study introduces the Hierarchical User Representation with Attention (HURA) 

model for forecasting user demographics based on search queries, significantly improving 

accuracy in predicting age and gender compared to baseline methods in real-world 

datasets.[12] 

 

This research examines the modified Mean Absolute Percent Error (MAPE-R) for 

evaluating cross-sectional data, emphasizing its practical application in predicting U.S. 

county populations over a 10-year period. [13] 

 

A machine learning-driven approach using the XGBoost algorithm to forecast population 

growth in major cities in Taiwan evaluates feature importance and predicts population 

shifts for regional urban planning, providing an unbiased reference point.[14] 

 

An urban population forecasting model using a Lioness optimization algorithm and system 

dynamics highlights the significant positive impacts of employment and fertility policies, 

recommending their coordinated implementation for efficient population growth.[15] 
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Machine learning methods for predicting urban population growth in the United States and 

China emphasize factors like human capital, real estate investment, amenities, and location, 

indicating substantial growth in specific areas.[16] 

 

Another study developed a machine learning method to predict populations in 262 

countries from 1960 to 2017 using various techniques, with ARIMA showing the highest 

accuracy in comparison of an error of 4.6%.[17] 

 

Using the GreyMarkov model for forecasting, a study proves its higher accuracy and 

efficacy compared to the standalone Grey model when forecasting China's population from 

2011 to 2015.[18] 

 

A population projection technique using Chen, Cheng, and Markov Chain fuzzy time series 

models, applied to 2014-2016 monthly data, demonstrates the Markov Chain model's 

superior accuracy in population projection.[19] 

 

A study forecasts Karachi's population from 1951 to 2015 using the ARIMA model, 

outperforming other methods for the years 2015 to 2030, demonstrating high accuracy.[20] 

 

In assessing forecasting models for COVID-19 infections, the Weibull (type 1) and 5-

parameter log-logistic models are identified as the most accurate in predicting daily 

infections in Iraq. [21] 

 

Comparing forecasting models for active COVID-19 cases in ten countries as of May 2020, 

traditional methods like ARIMA and TBAT often performed better than deep learning 

techniques.[22] 

 

A study uses machine learning methods for long-term load forecasting, with the ANN 

identified as the most effective among the models, focusing on the New England Network 

case.[23] 
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Forecasting COVID-19 cases in India using deep learning models, the BRNN model proves 

most effective, considering daily weather, population, and COVID-19 data.[24] 

 

A proposed neuron model for population forecasting addresses learning issues with the 

cubic spline method and improves forecasting with a twice-pruning structure determination 

algorithm.[25] 

 

An optimal intelligent algorithm for population statistics and forecasting using a simplified 

and efficient cross-validated parameter LSSVM method is introduced, emphasizing the 

importance of parameter selection and kernel functions.[26] 

 

An examination of the Chinese WA Nationality population using 2010 census data and 

Spectrum Population Prediction software provides insights into migration and 

demographic trends for policymaking.[27] 

 

A mathematical model for forecasting population growth over the next thirty years, 

combining a BP neural network and a logistic equation, explores the use of chaos neural 

networks for population control.[28] 

 

The introduction of fuzzy time series for predicting demographic processes in dynamic and 

uncertain populations emphasizes the importance of historical patterns for accurate 

forecasts, contributing to future software and algorithm enhancements.[29] 

 

A population prediction model comparison between natural growth, exponential growth, 

and linear prediction models using data from 1978 to 2004 and projecting population from 

2005 to 2007 reveals that natural and exponential growth models outperform linear 

prediction.[30] 

 



©Daffodil International University  18 

A WASD-PAN method, combining a 3-layer feedforward neural network with a WASD 

algorithm for population prediction in China, avoids the cohort-component approach due 

to limitations.[31] 

 

A novel population prediction model based on System Dynamics, focusing on gender, age, 

and mobility characteristics, is validated with Beijing's census data, showing close 

alignment with real results.[32] 

 

An advanced population prediction method for China using a three-layer feedforward 

neural network, the WASD-PAN model, outperforms BP-PAN, utilizing historical 

population data for training and validation.[33] 

 

An enhanced Logarithm Logistic Model for population forecasting, using U.S. census data, 

employs the Least Squares Method and evaluates models considering a gradual decline in 

growth rate.[34] 

 

A Chebyshev-Activation WASD Neuronet approach for forecasting a future decline in the 

European population is proposed, emphasizing its superiority over traditional BP neuronet 

methods.[35] 

 

A model to estimate student numbers at campus locations using consumption and Wi-Fi 

data, considering variables like day, time, weather, holidays, and exams, evaluates 

performance with a Bayesian classifier and an error-based learning algorithm, comparing 

predictions with and without holiday and exam information.[36] 

 

2.3 Comparative Analysis and Summary 

In the realm of population forecasting, a range of studies have embarked on a comparative 

analysis of various algorithms and models, highlighting the evolving nature and 

complexities of this field. One such study introduced the Hierarchical User Representation 

with Attention (HURA) model, which significantly improved the accuracy in predicting 
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age and gender demographics based on search queries when compared to baseline methods. 

This model's success in real-world datasets underscores the potential of machine learning 

techniques in demographic analysis. Another notable research effort involved the modified 

Mean Absolute Percent Error (MAPE-R) for evaluating cross-sectional data, emphasizing 

its utility in predicting U.S. county populations over a decade. This approach offers a 

practical tool for demographic forecasting, particularly in assessing the accuracy of 

predictions over time. Additionally, the XGBoost algorithm was specifically applied to 

forecast population growth in major cities in Taiwan. This study not only evaluated feature 

importance but also provided crucial insights for regional urban planning, demonstrating 

the algorithm's unbiased and comprehensive predictive capabilities. Furthermore, an urban 

population forecasting model using a Lioness optimization algorithm and system dynamics 

was developed. This model highlighted the significant positive impacts of employment and 

fertility policies, recommending their coordinated implementation for efficient population 

growth management. Also noteworthy is a study focusing on urban population growth in 

the United States and China, which emphasized factors like human capital, real estate 

investment, amenities, and location. This research indicated substantial growth in specific 

areas, showcasing the breadth and depth of factors influencing urban population dynamics. 

 

These studies collectively illustrate the sophistication and diversity of modern 

demographic forecasting methods. By employing various advanced techniques and 

algorithms, they offer a more nuanced and comprehensive understanding of population 

dynamics, which is crucial for effective policy formulation and urban planning. This 

comparative analysis underlines the importance of embracing diverse methodologies to 

tackle the intricacies of population forecasting in a rapidly changing global landscape. 

 

2.4 Scope of the Problem 

A machine learning method to predict populations in 262 countries from 1960 to 2017, 

with ARIMA showing high accuracy.[17] also GreyMarkov model's efficacy in forecasting 

China's population.[18], on the other hand Markov Chain model's accuracy in population 
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projection using fuzzy time series models.[19] and ARIMA model's performance in 

forecasting Karachi's population.[20] 

 

2.5 Challenges 

Forecasting models for COVID-19 infections, including the Weibull (type 1) and 5-

parameter log-logistic models.[21] 

Comparing forecasting models for active COVID-19 cases in ten countries.[22] 

Machine learning methods for long-term load forecasting, focusing on the New England 

Network case.[23] 

Forecasting COVID-19 cases in India using deep learning models, including the BRNN 

model.[24] 

A proposed neuron model for population forecasting using the cubic spline method.[25] 

An intelligent algorithm for population statistics and forecasting using LSSVM.[26] 

Examining the Chinese WA Nationality population for migration and demographic 

trends.[27] 

A mathematical model combining a BP neural network and a logistic equation for 

population growth forecasting.[28] 

Fuzzy time series for predicting demographic processes.[29] 

Comparing population prediction models, including natural growth, exponential growth, 

and linear prediction.[30] 

The WASD-PAN method combining a neural network with a WASD algorithm for 

population prediction in China.[31] 

A System Dynamics model for population prediction based on gender, age, and mobility 

characteristics.[32] 

The WASD-PAN model for advanced population prediction in China.[33] 

An enhanced Logarithm Logistic Model for population forecasting using U.S. census 

data.[34] 

A Chebyshev-Activation WASD Neuronet approach for forecasting the European 

population.[35] 

Estimating student numbers at campus locations using consumption and Wi-Fi data.[36] 
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CHAPTER 3 

RESEARCH METHODOLOGY 

3.1 Research Subject and Instrumentation 

The research subject of this study is centered around the evolving field of population 

forecasting, with a special focus on integrating advanced computational techniques such as 

machine learning and artificial intelligence algorithms. This subject is selected due to its 

critical importance in providing accurate demographic insights, which are essential for 

effective policy making, urban planning, and resource allocation. In terms of 

instrumentation, the study leverages a combination of software tools and analytical 

platforms that are proficient in handling large datasets and performing complex statistical 

analyses. These tools include, but are not limited to, data analysis software like Python and 

R, known for their robust libraries for statistical computation and machine learning, and 

specialized machine learning frameworks like TensorFlow and Keras for developing and 

testing predictive models. Additionally, data visualization tools such as Tableau and Power 

BI are employed to effectively interpret and present the results. The integration of these 

advanced tools and technologies is crucial in examining the efficacy and accuracy of 

various forecasting models and algorithms, thereby offering a comprehensive 

understanding of the current trends and future directions in the field of population 

forecasting. The methodology section is the cornerstone of our research, outlining our 

systematic approach from data collection and preprocessing to model selection, training, 

and evaluation. We prioritize data quality through diligent collection and preprocessing. 

Model selection involves a careful assessment of algorithms like ARIMA, Prophet, LSTM, 

and more, with rigorous training and evaluation. We also discuss forecasting and validation 

techniques to ensure reliable and accurate predictions. Our methodology reflects our 

commitment to robust and trustworthy population forecasting 
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Figure 3.1 : Methodology outline for the current research 

 

3.2 Data Collection Procedure/Dataset Utilized 

Thoroughness characterized the data collection process for this research, with a specific 

focus on acquiring extensive and precise data necessary for population forecasting. 

Enhancing the reliability of our research, we utilized a diverse and comprehensive dataset, 

primarily sourced from the internet and complemented by additional population statistics 

sections. The dataset consists of three main columns: country name, year, and population. 

A clear and straightforward representation of population trends over time is facilitated by 

this organized format. Our methodology relies heavily on the comprehensive temporal 

perspective provided by yearly data spanning from 1960 to 2022 for every country in the 

dataset. Accurately capturing long-term population patterns and variations is made possible 

by deliberately choosing data that spans more than six decades. By ensuring that our 

machine learning models are well-informed by a comprehensive historical dataset, the 

extended timeframe significantly enhances the robustness of our forecasts. We designed 

our data collection process with meticulous attention to detail, ensuring a strong foundation 

for our research. Equipped with detailed and comprehensive population data, our machine 

learning models are primed to forecast future population trends. The credibility of our 

research is underscored by our rigorous approach to data collection, which in turn bolsters 

the reliability of our findings. 
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The effective application of algorithms and models in machine learning research heavily 

relies on the foundational pillar of data preprocessing, which lays the groundwork for this 

realm. We meticulously executed a series of preprocessing steps in our study, with each 

step being of immense significance in maintaining the integrity and relevance of our data. 

Addressing the presence of null values within our dataset was our top priority, as we were 

aware of the potential distortions, they could cause to the predictive accuracy of machine 

learning algorithms. We meticulously examined our dataset for any null or missing values 

and implemented careful strategies to correct them. We either filled in these voids using 

statistical measures like mean, median, or mode, or we made deliberate choices to remove 

the corresponding rows or columns, depending on the scope and nature of these voids. 

Afterwards, we explored the process of data organization, which involved intentionally 

removing unnecessary columns. By focusing on the most salient features, we were able to 

effectively reduce dimensionality and improve our dataset. Our dataset was streamlined by 

removing irrelevant variables, resulting in improved efficiency and efficacy for our 

subsequent analyses. 

 

Feature engineering was the next step in our preprocessing journey, requiring a deep 

understanding of intricate techniques. With the explicit purpose of enhancing the 

performance of our machine learning models, this project involved creating new features 

or refining existing ones. Extracting features that captured the temporal dynamics in our 

population data was a crucial step in our analysis. 

In conclusion, we were deeply committed to the preprocessing stage, approaching it with 

great thoroughness. Our goal was to ensure that our dataset was not only clean and relevant, 

but also meticulously prepared for the following phases of our methodology. The 

robustness and credibility of our research are underscored by our meticulous approach to 

data preprocessing. This approach also serves as the crucial bridge connecting data quality 

to the effectiveness of our chosen machine learning algorithms. 

 

3.3 Statistical analysis/EDA 
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We thoroughly examined each variable in the dataset, which includes country names, years, 

and population figures, during our extensive Exploratory Data Analysis (EDA). Population 

changes were examined in relation to historical events, urbanization, and migration trends, 

while countries were classified based on their region and development status. Anomaly 

detection and outlier correction were part of our enhanced data cleaning process, and we 

also incorporated metrics like population density and growth rates through advanced 

feature engineering. Uncovering nuanced temporal patterns involved the use of 

sophisticated statistical analyses and visualizations, such as time series decomposition and 

interactive GIS maps. In addition, we examined the relationships with socio-economic 

indicators and utilized predictive machine learning models to predict future population 

trends. For policy-making, this comprehensive EDA yielded valuable insights and laid a 

solid groundwork for future demographic studies and predictive modeling. 

 

 

Figure 3.3.1: Population trend indicating linearity of country global trend 

Offering valuable insights for research focused on "World Population Prediction using 

Time Series Analysis," this line plot showcases the population trends of Bangladesh, USA, 

China, Brazil, and India from 1966 to 2022. It is worth mentioning that the plot showcases 

a variety of growth patterns. Until the late 20th century, China experienced a significant 
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increase, which was later followed by a plateau. This is believed to be a result of the 

implementation of its one-child policy. With a consistent and steep upward trajectory, India 

highlights its sustained population growth and emphasizes its potential to become the 

world's most populous country. Stable demographic trends are indicated by the steady 

growth displayed by the USA and Brazil, albeit at a less dramatic rate. Highlighting the 

challenges of population density, Bangladesh demonstrates a significant increase in 

population despite its smaller size. Developing accurate time series models for future 

population predictions relies heavily on understanding the crucial role of varying growth 

patterns. These patterns indicate that different countries may follow distinct trajectories, 

influenced by their unique socio-political and economic contexts. Significantly 

contributing to the broader field of demographic forecasting, this analysis can guide the 

formulation of tailored predictive models for each country. 

 

Figure 3.3.2 Dynamic changes in country demographic. 

Understanding the unique demographic shifts in Japan and Italy is greatly enhanced by this 

visualization. Both countries have experienced significant changes in their population 

structures, including aging populations and varying birth rates, making this visualization 

particularly insightful. Studies that focus on demographic transitions and their socio-

economic impacts greatly rely on these valuable insights. 
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3.4: Proposed methodology/applied mechanism 

First let’s get a brief Understanding of the model we used. 

In our research, we used a number of different machine learning models to try to predict 

population trends. We chose each model based on its own specific strengths and how well 

it handled time-based data patterns. 

 

Our research was greatly influenced by the implementation of Facebook's Prophet, a 

predictive algorithm that was executed using R and Python. Prophet is specifically 

designed to handle time series data with strong seasonal patterns and a long history. It uses 

an additive modeling approach to achieve this. This approach allows for the inclusion of 

nonlinear trends, taking into account seasonal variations on a yearly, weekly, and daily 

basis, as well as the impact of holidays. The software's ability to handle missing data and 

fluctuations in trends, as well as effectively manage outliers, was extremely valuable in our 

research. The Prophet model has proven to be a valuable asset in handling the significant 

seasonal influences in our population data. It ensures the reliability and precision of our 

forecasts, even when dealing with incomplete or unusual data instances. 

 

Our research was greatly influenced by the use of Long Short-Term Memory (LSTM) 

networks, which are a type of recurrent neural networks that excel at capturing temporal 

dependencies in sequential prediction tasks. LSTM networks are designed to address the 

problem of long-term dependency that arises in traditional recurrent neural networks. 

Enhanced forecasting accuracy was achieved by capturing intricate temporal dynamics 

within our population data, thanks to their exceptional capability to retain information over 

extended periods. 

 

Our investigation was made easier by using a state space model, which is a mathematical 

representation of a physical system. It is characterized by a set of first-order differential or 

difference equations that use state variables. These models allowed us to capture the 

dynamic fluctuations in population over time by converting the governing nth order 
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differential equation into a set of n first-order differential equations. They were highly 

skilled at handling first-order differential equations, which made them ideal for modeling 

the complex dynamics present in our population data. 

 

In our study, the Holt-Winters method, also referred to as triple exponential smoothing, 

emerged as a popular and relatively straightforward approach for time series forecasting. 

The technique used addresses level, trend, and seasonal components by employing a triple 

exponential smoothing approach. The method uses three order parameters, alpha, beta, and 

gamma, to determine the smoothing coefficients for the level, trend, and seasonal 

components. We found the Holt-Winters method to be extremely useful in our research 

because it effectively handles data that has both a trend and a seasonal component. By 

utilizing the triple exponential smoothing approach, we were able to effectively capture the 

underlying trend and seasonality present in our population data. This, in turn, led to 

significantly improved forecast accuracy. 

 

Another important tool in our research arsenal was the Seasonal Autoregressive Integrated 

Moving Average (SARIMA) model. This model extends the ARIMA framework by 

incorporating seasonality along with non-seasonal components. SARIMA models are used 

to analyze univariate time series data that have a seasonal component. These models 

introduce three extra hyperparameters to specify the autoregression (AR), differencing (I), 

and moving average (MA) for the seasonal component. Additionally, an extra parameter is 

used to define the seasonality period. By utilizing SARIMA, we were able to successfully 

model the seasonal aspect of our population data. This was crucial in capturing the cyclical 

patterns present in our data, resulting in improved forecast accuracy. 

 

Now let’s talk about the training process and the procedures used for this. 

To preserve the intrinsic temporal dependencies within our time series dataset, we adopted 

a country-specific approach for model training. The data was meticulously split into 

training (80%) and testing (20%) sets to maintain the integrity of chronological order. 
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The Facebook Prophet model's parameters were thoughtfully configured as follows: 

Seasonality Mode: Set to additive. 

Changepoint Prior Scale: Assigned a value of 0.05. 

Holidays Prior Scale: Set at 10.0. 

 

For LSTM, the model architecture consisted of the following components: 

Single LSTM Layer. 

Neurons: 80, after an extensive grid search for optimization. 

Dropout Rate: Set to 0.2. 

Learning Rate: Established at 0.01. 

Batch Size: 8. 

Epochs: Training was carried out over 100 epochs. 

 

The choice of the Exponential Triple Smoothing (ETS) model was underpinned by these 

specifications: 

Trend: Additive. 

Seasonal Component: None. 

Initialization Method: Estimated. 

 

The Holt-Winters model was parameterized as follows: 

Trend: Additive. 

Seasonal Component: None. 

Seasonal Periods: Configured as 12, aligning with yearly seasonality. 

 

The SARIMA model's parameterization encompassed the following orders: 

Autoregressive Order (p): 2. 

Differencing Order (d): 2. 

Moving Average Order (q): 2. 

 

3.5 Implementation Requirements/Training Procedures 
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The training methodology was tailored to the individual model characteristics: 

Facebook Prophet: A holistic training approach was applied, encompassing the complete 

training dataset. 

LSTM: Training for the LSTM model was conducted in batches, optimizing memory 

usage, and reached convergence over 100 epochs. 

State Space Model (ETS): The ETS model was trained comprehensively, leveraging the 

full training dataset. 

Holt-Winters: Training for the Holt-Winters model involved the entirety of the available 

data. 

SARIMA: The SARIMA model was trained utilizing all available data. 

 

Model Optimization: A careful combination of grid search and manual fine-tuning was 

used to determine the most effective model parameters. The parameter configurations were 

explored in a systematic and iterative process, with the selection based on achieving the 

lowest error rates. Our population forecasting models are designed to ensure precision and 

reliability. 

 

Feature Inclusion: Considering the time series dataset's temporal nature, we deemed it 

necessary to include all features (country name, year, and population) for comprehensive 

modeling. We kept all the available features because they were crucial for accurate 

population forecasting, providing valuable chronological context. 

 

To address overfitting, we took great care to mitigate the risk through a thorough model 

optimization process. We ensured that the models could make accurate population 

forecasts by prioritizing parameter configurations that minimized error rates. This 

approach prevented overfitting and allowed for reliable and robust generalization. 
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CHAPTER 4 

EXPERIMENTAL RESULT AND DISCUSSION 

4.1 Experimental Setup 

In our research, we embarked on a comprehensive evaluation of various machine learning 

models to assess their suitability for population forecasting. The experimental setup was 

meticulously designed to test the effectiveness of each model in accurately predicting 

population trends. This involved the use of diverse and sophisticated machine learning 

algorithms, each with its unique capabilities and approaches to handling demographic data. 

Our experimental framework was structured around a set of well-established evaluation 

metrics. These metrics included Mean Absolute Error (MAE) and Root Mean Squared 

Error (RMSE), which are critical in assessing the accuracy and reliability of the forecasting 

models. The performance of each model was then rigorously analyzed against these 

metrics. The models tested in our study included Facebook Prophet, LSTM (Long Short-

Term Memory), State Space Model (ETS), Holt-Winters, and SARIMA (Seasonal 

Autoregressive Integrated Moving Average). Each of these models was chosen for its 

relevance and potential in handling the complexities of population data. Facebook Prophet 

was included for its noted accuracy in previous studies, LSTM for its ability to capture 

long-term dependencies in time series data, ETS for its proficiency in capturing temporal 

patterns, Holt-Winters for its effectiveness in seasonal trend analysis, and SARIMA for its 

comprehensive approach to autoregressive integrated moving average modeling with a 

seasonal component. The dataset used for this study was extensive, comprising 

approximately 12,000 entries from various countries, spanning over 50 years from 1966 to 

2022. This dataset provided a robust foundation for our analysis and allowed for a detailed 

examination of the models’ performance across different temporal and spatial scales. We 

strategically split the dataset into an 80/20 ratio for training and testing, respectively. This 

ratio was carefully chosen to provide a substantial amount of data for model training while 

reserving a significant portion for validation, ensuring a thorough assessment of each 

model's predictive capabilities. 
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During the initial phase of the experiment, each model was subjected to a validation process 

against actual demographic data. This phase was crucial in identifying the strengths and 

weaknesses of each model, as well as understanding how different models perform under 

varying conditions. Special attention was given to the challenge of overfitting, particularly 

in the case of the LSTM model. Regularization techniques were subsequently incorporated 

into the LSTM model to mitigate this issue. Additionally, fine-tuning procedures were 

applied to the SARIMA and State Space Models, and adjustments were made to the Holt-

Winters model to enhance its analysis of seasonal trends. This experimental setup, with its 

focus on a diverse range of models and a robust validation process, underscores our 

commitment to exploring various methodologies in population forecasting. The iterative 

approach, involving continuous adjustments and enhancements based on initial validation 

results, was key to improving the accuracy of all models and showcases our original 

approach to demographic studies. 

 

4.2 Experimental Results & Analysis 

In this section, we provide a comprehensive evaluation of the performance of the machine 

learning models that we employed in our research, with a focus on their suitability for 

population forecasting. We assessed our models using a set of well-established evaluation 

metrics, summarized in Table 1 below: 

Table 4.2: Evaluation Metrics for Used algorithms 

Model Mean Absolute Error (MAE) Root Mean Squared Error (RMSE) 

Facebook Prophet 0.48% - 

LSTM   279,580.91 300,020.64 

State Space Model 227,678.52 248,678.73 

Holt-Winters 18,016.03 29,704.29 

SARIMA - 79,193,532.98 

 

Facebook Prophet: The Facebook Prophet model demonstrated remarkable accuracy, 

with a MAPE of 0.48%. This low MAPE suggests that the model's predictions closely align 

with the actual population figures, substantiating its efficacy for population forecasting. 
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LSTM (Long Short-Term Memory): The LSTM model exhibited competitive 

performance, with a MAE of 279,580.91 and an RMSE of approximately 300,020.64. 

These metrics indicate the model's ability to capture population trends. 

 

State Space Model (ETS): The ETS model showcased a MAE of 227,678.52 and an 

RMSE of 248,678.73. These metrics underscore its competence in capturing temporal 

patterns in population data. 

 

Holt-Winters: The Holt-Winters model, with MAE and RMSE values of 18,016.03 and 

29,704.29 respectively, demonstrated a solid performance in population forecasting, albeit 

with some minor deviations. 

 

SARIMA (Seasonal Autoregressive Integrated Moving Average): SARIMA, with an 

RMSE of approximately 79,193,532.98, proved to be a valuable addition to our modeling 

arsenal, even though the model faced some challenges in capturing nuanced population 

trends. 

 

Overall Implications: Our research endeavors to advance the realm of population 

forecasting by harnessing machine learning techniques. The implications of our findings 

are multifaceted. The models' performance, especially the low MAPE of the Facebook 

Prophet model, underscores the potential for accurate and reliable population forecasts. 

Accurate population forecasting plays a crucial role in informed policy-making, resource 

allocation, and urban planning, contributing to the growth and development of nations and 

regions. The exploration of region-based and specification-based population forecasting 

presents exciting opportunities for future research, extending its implications beyond 

population statistics into environmental and socio-economic domains. According to our 

model evaluation, our machine learning models can generate accurate population forecasts, 

offering valuable insights for policymakers and researchers. The foundations laid here 
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show potential for improvement, offering a promising path towards more accurate and 

insightful population forecasting. 

 

Our research focused on exploring the unexplored potential of using advanced machine 

learning models to accurately predict population trends. Our study is unique in its 

methodology, as we carefully assessed the effectiveness of various forecasting models. 

These include the innovative Facebook's Prophet, the traditional SARIMA and State Space 

Models, the advanced LSTM, and the reliable Holt-Winters model. We have a diverse 

range of models, including classical statistical approaches and modern neural network-

based techniques, which demonstrates our dedication to exploring various methodologies 

in population forecasting. 

 

Our research is distinguished in the field of demographic studies by the thorough validation 

phase, which is a crucial aspect of our work. We had a dataset that consisted of around 

12,000 entries from different countries all over the world. This dataset covered a time 

period of over 50 years, from 1966 to 2022, and served as a valuable foundation for our 

analysis. The decision to split the training-testing data into a strategic 80/20 ratio was 

crucial. It allowed for a strong and comprehensive training foundation, while also reserving 

a significant portion for validation. This balance is often lacking in many studies. 

 

We deliberately aligned our choice of validation metrics - Mean Relative Error (MRE) and 

Mean Squared Error (MSE) - with the nuances of time series forecasting to enhance the 

relevance and accuracy of our evaluation. During the initial phase of model validation, a 

thorough comparison was made between the models' outputs and actual demographic data, 

which uncovered interesting differences in accuracy levels. Overfitting is a challenge that 

is often overlooked in population studies, as indicated by the higher error metrics observed 

in the LSTM model. On the other hand, the Holt-Winters model showcased lower error 

rates, indicating its potential as a more precise predictor in demographic forecasting. 

 



©Daffodil International University  34 

In response to these initial findings, we decided to focus on optimizing the model. We 

incorporated regularization techniques into the LSTM model to prevent overfitting. On the 

other hand, we performed fine-tuning procedures for SARIMA and State Space Models, 

showcasing our ability to adapt and respond to the initial results. We made some 

adjustments to the Holt-Winters model to improve its ability to analyze seasonal trends, 

even though it was already performing well. 

 

Through a series of iterations and building upon our initial validation results, we were able 

to greatly improve the accuracy of all models. This improvement is clearly demonstrated 

by the decrease in MAE and RMSE values. Our original approach is demonstrated by this 

iterative methodology, which involves continuous adjustments and enhancements. The 

study enhanced the accuracy of each model's forecasting and offered valuable insights into 

the application and modification of various machine learning models in population 

forecasting. 

 

In the following section, we explore the findings of our extensive study, which centers on 

the use of various machine learning models for population forecasting. We conducted an 

extensive study on various well-known models, including Prophet from Facebook, LSTM, 

State Space Model, Holt-Winters, and SARIMA. Valuable insights about the efficacy of 

each model in predicting population trends were obtained through a thorough evaluation 

process. 

 

Performance Analysis: To provide a more detailed analysis of the models' performance, 

we utilized two well-established metrics: Mean Absolute Error (MAE) and Root Mean 

Squared Error (RMSE). The selection of these metrics was based on their capacity to 

precisely represent the models' prediction accuracy and error magnitude. The evaluation 

results are carefully presented in Table 1, offering a complete overview of the performance 

of each model. Table 1 displays the MAE and RMSE values for each model, enabling a 

straightforward comparison of their predictive capabilities. This comparative analysis is 
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crucial for our research, providing a clear and measurable understanding of the strengths 

and weaknesses of each model in the context of population forecasting. 

 

Our study not only emphasizes the different performance of each model but also provides 

insights into the application of machine learning techniques to demographic data. The 

insights gained from this analysis are pivotal in guiding future applications and 

improvements in the field of population forecasting using machine learning models. 

 

Facebook Prophet: Precise and Reliable 

 

Figure 4.2.1: prophet algorithm performance on Bangladesh Dataset. 
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Figure 4.2.2: population forecasting for the next 20 years. 

This above figure shows that the population is relatively stable when looking at a close up 

shot and the zagged site is only very natural. The raggedness shows the little imperfection 

that is obviously going to be present in any machine learning application. 
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Figure 4.2.3: Test accuracy of the prediction. 

This figure is a very good example of the accuracy of the trend following of the  Prophet 

model for the population of a relatively linear progressing population, while You might 

think that this is very much possible with any regressive mode the fine details and 

remarkable close attention of the prophet model makes it the best in this research. 

 

The first figure shows the amazing pattern learning capability of the Facebook Prophet 

model, it demonstrated outstanding accuracy, with a remarkably low Mean Absolute 

Percentage Error (MAPE) of 0.48%. This implies that the model's predictions closely align 

with actual population figures, establishing its reliability for population forecasting. The 

exceptional precision of Facebook Prophet makes it an invaluable tool for policymakers 

and urban planners seeking highly accurate predictions. 

 

LSTM: Competence in Capturing Trends 

The LSTM model exhibited competitive performance, with a MAE of 279,580.91 and an 

RMSE of approximately 300,020.64. Although these metrics indicate some variability in 

predictions, the model excels in capturing population trends. Its ability to identify temporal 
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patterns positions it as a valuable asset for forecasting population dynamics over time, more 

is shown in the figure below. 

 

Fig 4.2.4: LSTM forecast vs actual value. 

State Space Model: Temporal Sensitivity 

 

Figure 4.2.5: state space model forecast 

As depicted in the above figure, the temporal consistency of the model is brilliant, it shows 

generalization on a very fundamental level, the State Space Model showcased a MAE of 

227,678.52 and an RMSE of 248,678.73. These metrics underscore its competence in 
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capturing temporal patterns in population data. Its sensitivity to seasonality and trends 

makes it a suitable choice for applications where understanding long-term population 

trends is essential. 

Holt-Winters: Consistency and Robustness 

 

Figure 4.2.6: holt winters forecast. Showing adaption to challenging scenarios 

Holt-Winters, As depicted in Figure 4, the Holt-Winters model demonstrates a robust 

performance in population prediction on a country dataset. With a Mean Absolute Error 

(MAE) of 18,016.03 and a Root Mean Square Error (RMSE) of 29,704.29, the model 

exhibits minor deviations from the actual values. However, these are offset by its reliability 

and consistency in forecasting, making it a dependable choice for scenarios requiring 

steady population predictions. The plot in Figure 4 effectively illustrates the model’s 

performance, underscoring its potential for reliable population forecasting. 

 

SARIMA: Navigating Complexity 

In order to maintain an uninterrupted and unbiased opinion on the whole process, we tried 

to work with the US data for this model primarily. 
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Figure 4.2.7: Raw population data for the USA 

 

Figure 4.2.8: autocorrelation plot for SARIMA model 
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Figure 4.2.9: partial autocorrelation plot for SARIMA. 

The population data of the United States exhibits a pattern of decline, suggesting that the 

current value is influenced by its recent past values. There are notable correlations at lag 1 

and 2 in the partial autocorrelation plot, indicating direct influences from these time 

periods. After taking the second difference, the series becomes stationary according to the 

results of the Augmented Dickey-Fuller (ADF) test. Using the second difference of the 

population data could potentially enhance the accuracy of the SARIMA model for weather 

forecasting, based on these insights. The insights are further refined by the partial 

autocorrelation plot, which highlights the direct influences at different lags. This is crucial 

for selecting the parameters for the SARIMA model. 
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Figure 4.2.10: actual vs predicted value close up view for SARIMA. 

The population forecasting is effectively handled by the SARIMA model, which achieves 

an RMSE of around 79,193,532.98. The plot provided shows how the model's predictions 

consistently overestimate population growth when compared to the actual data. In spite of 

its somewhat high RMSE, the model's capacity to deal with complex temporal relationships 

in the data provides valuable insights into subtle population trends. The plot demonstrates 

the capability of SARIMA in population forecasting research, highlighting the challenges 

it may pose for other models. 

 

4.3 Discussion 

Policy and Planning: Providing policymakers and urban planners with accurate population 

forecasts allows for data-driven insights, leading to efficient resource allocation, 

infrastructure planning, and informed decision-making. 
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Population forecasts can be used by businesses and industries to strategically expand, 

create jobs, and customize products/services for specific demographic segments, thus 

contributing to economic development. Designing environmentally sustainable cities and 

regions is aided by precise population predictions, which help minimize ecological 

footprints. Proactive planning in healthcare and education is facilitated by population 

forecasts, which help ensure access to quality services. During crises, having reliable 

population data is crucial for emergency management. It greatly improves preparedness 

and response, ultimately saving lives. Population forecasts are essential for developing 

long-term visions that aim to achieve sustainable growth and enhance quality of life. Our 

research findings highlight the promising capabilities of machine learning models in 

accurately predicting and providing valuable insights into population forecasting. There 

are different strengths in each model that can be customized to meet specific forecasting 

requirements. These findings can be used by policymakers, urban planners, businesses, and 

researchers to inform their decision-making and contribute to a more prosperous and 

sustainable future. The models demonstrate precision, robustness, and temporal sensitivity, 

which create opportunities for additional research and application. Our work in the field of 

population forecasting continues to evolve, providing valuable tools and insights to inform 

decisions that shape communities and societies. 
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CHAPTER 5 

IMPACT ON SOCIETY ENVIRONMENT AND SUSTAINABILITY 

5.1 Impact on Society 

Population forecasting has a profound impact on society, influencing economic, social, and 

geopolitical aspects across the globe. The accuracy of such forecasts plays a crucial role in 

shaping policy and planning decisions. For instance, historical projections by the United 

Nations, dating back to 1968, have shown reasonable accuracy for global population 

estimates, albeit with larger errors in earlier decades. These projections, while generally 

close to real figures in the short-to-medium term, tend to diverge over longer timescales 

due to the complexities of predicting changes in fertility rates and life expectancy. Errors 

in these projections can significantly affect regions differently, often due to initial 

inaccuracies in population data, especially in countries with poor census records. For 

example, in Europe, projections often overestimated the number of future children while 

underestimating the elderly population, due to incorrect assumptions about birth rates and 

life expectancy improvements. Such inaccuracies have implications for planning in areas 

such as healthcare, education, and social services, highlighting the importance of accurate 

and reliable population forecasting in societal planning and development. 

 

5.2 Impact on Environment 

Population growth and its forecasting have direct implications for environmental 

sustainability. The scale and pace of population growth can exacerbate environmental 

pressures, such as increased demand for natural resources, higher levels of pollution, and 

greater strain on ecosystems. Accurate population forecasts are vital for environmental 

planning and management, helping to anticipate and mitigate these impacts. They are 

essential for developing sustainable practices in areas such as urban development, resource 

allocation, and environmental conservation. 

 

5.3 Ethical Aspects 

Ethical considerations in population forecasting include issues related to privacy, data 

accuracy, and the potential misuse of demographic data. Ensuring the confidentiality and 



©Daffodil International University  45 

ethical use of personal data collected for forecasting purposes is paramount. Additionally, 

the ethical implications of using demographic data for policy-making, which may 

disproportionately affect certain groups within society, must be carefully considered. This 

involves balancing the need for accurate data for effective planning against the rights and 

interests of individuals and communities. 

 

5.4 Sustainability Plan 

A sustainability plan in the context of population forecasting involves developing strategies 

that ensure the long-term viability and effectiveness of forecasting efforts. This includes 

continuous improvement in data collection methods, incorporation of emerging 

technologies, and adaptation to changing demographic trends. It also involves 

collaboration with various stakeholders, including governments, international 

organizations, and local communities, to ensure that forecasting informs sustainable 

development policies and practices. The plan should emphasize the responsible use of 

resources, promote environmentally friendly practices, and consider the long-term impact 

of population changes on both the environment and society. 
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CHAPTER 6 

SUMMARY, CONCLUSION, RECOMMENDATION AND 

IMPLICATION FOR FUTURE RESEARCH 

6.1 Summary of the Study 

Our research aims to utilize machine learning to predict population trends. We have 

thoroughly evaluated various models such as Facebook Prophet, LSTM, State Space 

Model, Holt-Winters, and SARIMA. This evaluation has provided valuable insights into 

their capabilities and the implications they have for accurate population predictions. 

 

6.2 Conclusions 

The spectrum of achievements we have uncovered reveals how each model brings its own 

unique strengths to the field of population forecasting. Facebook Prophet's exceptional 

performance, boasting an impressive Mean Absolute Percentage Error (MAPE) of 0.48%, 

highlights the potential for accurate and dependable population predictions. Our 

forecasting toolkit is enriched by the collective capabilities of LSTM in capturing 

population trends, the State Space Model's temporal sensitivity, Holt-Winters' consistency, 

and SARIMA's capacity to navigate complex temporal dependencies. The foundation of 

well-informed urban planning lies in accurate population forecasts. Our models can assist 

city officials and urban planners in predicting population growth, which in turn helps guide 

the development of sustainable infrastructure, transportation networks, and public services. 

As a result, it promotes the creation of urban environments that are more livable, efficient, 

and vibrant. Healthcare providers and policymakers can use population forecasts to predict 

healthcare demands, allocate resources efficiently, and guarantee access to medical 

services. Through our research, individuals are equipped to make informed choices that 

improve public health and the delivery of healthcare. Utilize our population forecasts to 

strategically target areas with growing populations, benefiting businesses and industries 

poised for expansion. By aligning their efforts with current demographic trends, they have 

the potential to boost economic growth and generate employment prospects. 

 

6.3 Implication for Further Study 
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As we wrap up this research, we recognize that the future holds potential and fascination. 

The discoveries we made open up possibilities for future research to improve and broaden 

the use of machine learning in predicting population trends. Possible areas to explore could 

be: 

By combining the strengths of multiple models, more accurate and robust forecasts can be 

achieved with hybrid models. Exploring the fusion of machine learning and traditional 

statistical approaches is worth considering. 

 

Refinement: By continuously adjusting model parameters and refining data preprocessing 

techniques, the forecasting capabilities can be improved, leading to a potential reduction 

in minor deviations. By incorporating scenario analysis, population forecasts can become 

more adaptive and resilient, as they account for unforeseen events or policy changes. 

 

Enhancing Collaboration: Working together with specialists from various fields, including 

demographers, epidemiologists, and environmental scientists, can offer fresh perspectives 

and enhance the applicability of forecasts. 

 

Enhancing Data: Having access to more detailed and diverse data sources, such as social 

and environmental factors, can greatly improve the accuracy and comprehensiveness of 

population forecasts. 

 

We are dedicated to pushing the boundaries of population forecasting through the use of 

machine learning. Our findings have far-reaching implications for urban planning, 

healthcare, and economic development. They provide decision-makers with a valuable 

toolbox for making data-driven decisions. Looking forward, our top priority is to enhance 

accuracy and adaptability. We are committed to ensuring that the models and insights we 

present here continue to make a positive impact on our communities and societies. 
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APPENDIX 

 
The main novelty of this research lies in its unique approach. Global population data and 

it’s forecasting rarely utilize time series analysis. Time series models are typically 

employed within specific local demographics to address specific tasks. These models take 

into account other relevant features and have shown promising results on a global scale. 
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