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Abstract 

The growth of a country’s population can be a complex issue that has a significant impact on the 

development and sustainability of countries all over the world. In Kenya, the population is 

growing rapidly, which is putting a strain on the resources of the country, such as land, water, 

and infrastructure. The currently used methods of forecasting population growth, such as 

censuses and mathematical models, are costly, time-consuming, and not consistently accurate. 

The aim of this study is to develop a ML algorithm to forecast population growth in Kenya more 

accurately compared to the models currently being used. In this study, seven different machine 

learning models were examined Artificial Neural Networks, Random Forest, Logistic 

Regression, Support Vector Machines, Linear Regression, Decision Trees, and K-Nearest 

Neighbor to determine their effectiveness in predicting the population of Kenya. A variety of 

factors that impact population growth were considered, such as fertility and mortality rates, life 

expectancy, net migration, economic growth, access to healthcare and education, and gender 

equality. All models were built using the Scikit-Learn library and demonstrated impressive 

accuracy, but the top performers were Artificial Neural Networks, Random Forest, and Linear 

Regression. Of these, Linear Regression stands out as the best performer overall with a MAPE of 

0.0179% and an accuracy of 0.9977% when tested with new data. This is a significant 

improvement over the other models, which showed slightly lower accuracies.  
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1. Chapter 1: Introduction 

1.1 Background to the Study 

Population growth defined by World Bank, (2023) as the increase in the number of people in the 

world proves to be a complex issue with far-reaching implications for societies around the world. 

Many factors lead to population growth, for example the rates of fertility, mortality, and 

migration (World Bank, 2023; Kenya National Bureau of Statistics, 2022). 

The UN in 2023, claim that population of the world has tripled since the mid-1900s; and the UN 

also reported that during November 2022, the population of the world had reached 8.0 billion. 

This increase includes 1 billion more people since 2010 and 2 billion more since 1998. 

Additionally, the UN estimates the population to continue growing to hit the 9.7 billion numbers 

by the year 2050 and potentially peaking at 10.4 billion in the mid-2080s. The UN attributes this 

rise in population is due to factors such as more people reaching reproductive age, longer 

lifespans, urbanization, and migration. These trends have also led to significant changes in 

fertility rates, which will have long-term implications for future generations. 

The challenges and opportunities associated with population growth vary across different 

countries on different continents. Some countries see population growth as a major obstacle to 

development, while other countries see it as an opportunity to boost the economy and create a 

more vibrant society (World Bank, 2023). 

According to studies by Suárez, Hoyos, Vallejo, and Arias (2022) and Gómez, Patiño, Duque, & 

Passos (2020), as the population of an area increases and people crowd the urban areas, there are 

a plethora of problems associated with it. These problems can include poverty, spontaneous 

settlements, insecurity, all forms of pollution, disease outbreaks, and the economic cost of 

broadening substructure of the public. The urban areas like cities also ingest raw materials in 

immense amounts, stimulating the act of demeaning the environment therefore, leading to 

dramatic change in climate. This, in turn, leads to rising sea levels, extreme weather events, and 

the outbreaks of tropical diseases, which have serious repercussion on the urban areas or cities. 
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Additionally, the cities are the leading contributors to the alteration in climate, with transport and 

buildings being the largest sources of greenhouse gas emissions. Suárez and his colleagues 

estimated that urban areas or cities cause 75% of global CO2 emissions (United Nations 

Environment Programme (UNEP), 2023). 

Governments of countries all over the world require an effective administration to govern and 

make decisions for their respective countries. However, to fulfil their responsibility, the country 

administration requires sufficient knowledge of population size which is crucial for effective 

planning, resource allocation, and policy formulation (Şahinarslan, Tekin, & Çebi, 2021). 

Since the KNBS is backed up by (UNFPA) United Nations Population Fund for data collection 

from censuses for the estimation of the country’s future population, therefore, conducting a 

census regularly throughout a country is a necessity and a vital procedure; which is defined as 

the act of collecting, compiling, analysing and publishing the socio-demographic and socio-

economic data about people living in a country (United Nations Statistics Division (UNSP), 

2019). This is a costly and time-sensitive process since it does not always provide accurate data. 

For example, the 2009 Kenya Population and Housing Census which was conducted for 12 

billion Kenyan shillings (approximately US$110 million), the population of Kenya was found to 

be 38.6 million and the census also took two years to complete, and the data was not released 

until 2013 (Kenya National Bureau of Statistics (KNBS), 2022). 

Since forecasting events is a crucial factor in different fields to remove uncertainties that can 

happen in the future, various algorithms of machine learning have been trained on known data 

and used to forecast unknown data (Şahinarslan, et al., 2021).  They found out that the 

functionality of machine learning algorithms is determined by the estimates they make with the 

minimum dataset. In real life and the desired amount of data may not be available. Therefore, the 

data that researchers observe, or experience is limited. Still, they want to make predictions with 

this dataset and (Bélisle et al., 2015) also stated that the primary purpose is to make realistic 

predictions with few datasets. Their study of a machine learning model was able to forecast 

population growth in Turkey with an accuracy of 95%. 
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In their study, Suárez et al., (2022) found that forecasting can be difficult due to the 

unpredictable and chaotic nature of social systems. They utilised machine learning techniques to 

model population growth by analysing yearly CO2 data. Their Artificial Neural Network (ANN) 

was trained using demographic and CO2 emission data and was ultimately successful in 

forecasting population growth. 

According to the 2019 KPC which was monitored by the KNBS, the following methods were 

used to conduct the census (KNBS, 2019; KNBS, 2010): 

Household enumeration which was the main method used to collect data during a census where 

enumerators had to visit households and collect information about the people living in the 

household, such as their names, ages, sex, and education levels. 

Mobile technology was the first paperless census in Kenya where enumerators used tablets to 

collect data, which was then transmitted to the KNBS servers in real-time. This helped to speed 

up the data collection process and to reduce errors. 

Remote sensing is the use of satellites and other technologies to collect data about the Earth's 

surface where the KNBS used remote sensing to create a digital map of Kenya, which was used 

to help plan the census and to identify areas that were difficult to reach. 

Geographic information systems (GIS) are computer system that is used to store, manage, and 

analyse spatial data and the KNBS used GIS to analyse the data collected during the census, 

which helped to identify trends and patterns in the population. 

Statistical methods are that analyse the data collected during the census used by the KNBS to 

assure that the data was errorless and reliable. 

But the weaknesses of these methods are that they are: 

Costly and time-consuming: Censuses are expensive to conduct, and they can take several years 

to complete. Mathematical models can also be costly to develop and maintain. 
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Not always accurate: Censuses are not always accurate, as they can be difficult to conduct in 

remote areas or countries with high levels of illiteracy. Mathematical models can also be 

inaccurate, as they do not consider all the factors that affect population growth. 

Do not consider all factors that affect population growth: These methods do not consider all the 

factors that affect population growth, for example, changes in the rate of fertility and mortality, 

and migration patterns. 

Therefore, this study is focused to create ML model to forecast population growth in Kenya more 

accurately, as it will put into consideration factors such as fertility and mortality rates, life 

expectancy, net migration, economic growth, access to healthcare and education, and gender 

equality that affect population growth. 

1.2 Problem Statement 

The current methods used to project and forecast population growth in Kenya such as census 

which includes using Household enumeration, Mobile technology, Remote sensing, GIS, and 

Statistical methods are costly, time-consuming, and not always accurate (United Nations 

Statistics Division, 2019; Odhiambo, K'Akumu & Gichero, 2020; Gould, 2018). This is a 

problem because accurate population forecasts are essential for planning for the future of Kenya.  

UNFPA, (2021) as well as Fan and Yao, (2020) claimed that inaccurate population forecasts can 

lead to misallocation of resources, poor decision-making, and social unrest. For instance, if a 

government overestimates the size of its population, it might set expectations that are impossible 

to fulfil. The result could be riots or other forms of social unrest. On the other hand, if a 

government underestimates the size of its population, it might not be able to give its citizens the 

services they need. Social unrest might result from this too. 

Therefore, the study will develop a model of ML that can predict the population growth in Kenya 

more accurately by considering the factors that affect population growth, such as fertility and 

mortality rates, life expectancy, net migration, economic growth, access to healthcare and 

education, and gender equality. 
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This machine learning model can provide the policymakers, investors, and the government with 

a more accurate forecast model, which can be used to make better decisions about planning for 

the future of Kenya, leading to reduced costs and increased efficiency compared to the current 

methods. 

1.3 Research Objective 

The main aim of this study is to develop a machine learning model that can predict the 

population growth in Kenya more accurately by considering the factors that affect population 

growth, such as fertility and mortality rates, life expectancy, net migration, economic growth, 

access to healthcare and education, and gender equality. 

1.3.1 Specific Objectives 

a) To determine the challenges associated with the prediction of population growth in 

Kenya. 

b) To analyse the current methods, techniques and approaches used to forecast population 

growth. 

c) To develop a machine learning model that can forecast population growth in Kenya. 

d) To validate the proposed machine learning model. 

1.4 Research Questions 

a) What challenges are associated with the prediction of population growth in Kenya? 

b) What methods, techniques and approaches are used to forecast population growth 

currently? 

c) How can an accurate machine learning model be developed to forecast population growth 

in Kenya? 

d) How can the proposed machine learning model be validated? 
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1.5 Justifications 

The current methods used to project and forecast population growth in Kenya are traditional, 

costly, time-consuming, and not always accurate. This is a problem because accurate population 

forecasts are essential for the government to plan for the future of Kenya. However, inaccurate 

population forecasts can lead to serious economic, social, political, climate and environmental 

problems, for example, misallocation of resources, poor decision-making, and social unrest. A 

model of machine learning could forecast population growth in Kenya by learning from 

historical data and making predictions given the already successful study of Suárez on Machine 

learning for population growth modeling through annual CO2 in Colombia (Suárez et al., 2020). 

This would be a more efficient and accurate way to forecast population growth than the current 

methods and a valuable tool that the government and other stakeholders such as investors could 

use for making policies and investments respectively. It would help to ensure that resources are 

allocated efficiently and that decisions are made based on accurate information, ultimately 

benefiting the citizens by helping to improve their quality of life. 

1.6 Scope and Limitations 

The objective of this project is to create a machine learning model that can forecast population 

growth in Kenya. The model created was trained on historical data, as well as other factors that 

may impact population growth, such as fertility and mortality rates, life expectancy, net 

migration, economic growth, access to healthcare and education, and gender equality. By 

utilising this model, predictions can be made about future population growth in Kenya. However, 

it is important to note that the accuracy of the model is dependent on the quality of the historical 

data that was used to train it. Additionally, the model can only make predictions based on the 

factors that are included in the dataset used for training. If there are other factors that impact 

population growth in Kenya that are not included in the dataset, the model cannot take them into 

account. Furthermore, the model can only be used to make predictions for Kenya and no other 

countries. Despite these limitations, this project is a valuable tool for the government and other 

stakeholders. It ensures that resources are allocated efficiently, and decisions are made based on 

accurate information, ultimately benefiting the citizens of Kenya. 
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2. Chapter 2: Literature Review 

2.1 Introduction 

This chapter examines the relevant studies done on the forecasting of population. Population 

growth is a complex phenomenon influenced by a variety of factors. Some of the most important 

factors include fertility and mortality rates, life expectancy, net migration, economic growth, 

access to healthcare and education, and gender equality (World Bank, 2023; Kenya National 

Bureau of Statistics, 2022). Therefore, forecasting population growth is important for a plethora 

of reasons to pick from: for example, it can help governments to plan, and help businesses to 

make decisions about where to invest, and it can help individuals to make decisions about their 

future Alam and Islam, (2022). There is a body of research that is expanding on the factors 

influencing population growth. However, there is still a big need for more research on this topic. 

This chapter reviews the relevant studies on the factors that influence population growth, discuss 

the current methods used to predict population growth, and conclude by discussing the need for 

further research. 

2.2 Theoretical Framework 

2.2.1 Definition and Measurement of Population Growth 

Population growth has been the subject of much discussion in recent years and for good reasons. 

The rising number of people inhabiting the planet poses numerous implications for societies 

around the globe (World Bank, 2023). Factors such as birth rates, mortality rates, and migration 

all play a critical role in this complex issue. The impact of population growth on the 

environment, economy, and social structures is significant and cannot be overlooked. Therefore, 

it is imperative to gain a deep understanding of this phenomenon to develop sustainable solutions 

to address the challenges it presents (Dobbs, Manyika, Woetzel, & Ahmed, 2022; World Bank, 

2023). 

Monitoring population expansion is a crucial tool for assessing the development of a community 

over a period and comparing the growth rates among different cohorts. It also helps in 
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forecasting the forthcoming magnitude of a population. Many factors are considered while 

gauging population growth (Alam & Islam, 2022), and they include: 

a) The fertility rate is a crucial determinant of population growth, and its fluctuations can 

significantly impact a country's economy, healthcare system, and social structure (Otoom 

et al., 2019). Generally, the rate of fertility of about 2.1 children by a single woman is 

required for maintaining a stable population (World Bank, 2023). However, many 

countries are currently experiencing declining fertility rates, which can lead to aging 

populations and workforce shortages. This trend has prompted discussions around family 

planning policies, child-rearing incentives, and immigration policies to address potential 

demographic imbalances. Given the complexity of this issue, it is imperative that 

policymakers carefully consider and plan (Bongaarts, 2022). 

b) The mortality rate is an important statistic that measures the number of deaths that occur 

within a particular population during a given year. This figure is often used to evaluate 

the overall health of a community or region and can provide valuable insights into trends 

and patterns in disease, injury, and other causes of death. While it is a useful tool for 

public health researchers and policymakers, it is important to remember that mortality 

rates can vary widely depending on a variety of factors such as age, gender, 

socioeconomic status, and access to healthcare. By carefully analysing mortality data and 

taking steps to address underlying causes of death, communities can work to improve the 

health and well-being of their residents over time (Dobbs, Manyika, Woetzel, & Ahmed, 

2022). 

c) Population growth can be influenced by the net migration rate, an important demographic 

indicator that reveals the difference between the number of individuals who move into a 

population and those who move out (Castles & Miller, 2020). This measure is often used 

to gain insights into migration trends and understand the impact it can have on a 

population. The rate of net migration is computed by taking the totality of immigrants 

and subtracting the totality of emigrants, then dividing the result by the total population. 
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This gives us a percentage representing the net gain or loss of people in a particular area. 

Understanding this rate is crucial for policymakers and researchers studying population 

dynamics and planning. 

d) A range of economic factors can influence population growth, but two key ones are the 

degree of development in the economy and the availability of employment opportunities 

(Tavakolan & Ebrahimi, 2022). In areas with high levels of economic growth, there is 

often more investment in infrastructure and public services, which can improve living 

conditions and attract more people. Similarly, areas with plentiful job opportunities can 

draw in workers from other regions, further contributing to population growth. However, 

it is worth noting that population growth can have downsides, such as increased strain on 

resources and infrastructure. Overall, it is fundamental to cautiously put into 

considerations economic factors that can impact population growth and plan accordingly 

(Cai & Wang, 2022). 

e) One important consideration that can impact population growth is the accessibility of 

healthcare and education. These social factors have considerable role in determining the 

general health and welfare of a community and can have long-term implications for the 

growth and development of a population. By ensuring that individuals have access to 

quality healthcare and education services, we can help to create a more even and 

regenerating or sustainable future for all (United Nations, 2022). 

f) There are many factors that can influence population growth, with government stability 

and the level of civil unrest being just a couple of examples. Other factors could include 

access to healthcare and education, economic opportunities, and cultural beliefs and 

practices. Understanding these complex dynamics is essential for policymakers and 

researchers who seek to promote sustainable and equitable population growth in the years 

ahead (United Nations, 2022). 

g) One of the most crucial determinants that can significantly impact the expansion of a 

population is the environment surrounding it. The conditions and resources available in a 
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particular area are vital in determining the growth of population. This is because the 

environment can affect the availability of food, water, shelter, and other essential 

resources needed for survival. Moreover, environmental factors like climate change, 

natural disasters, and human activities such as deforestation and pollution can also 

contribute to population decline and affect the sustainability of a particular species. 

Therefore, it is imperative to study and comprehend the environment and its impact on 

population growth, in current and the futuristic events (Dyson and West, 2019).  

2.2.2 Challenges of Population Growth 

Challenges related to population growth can be broadly categorised into economic, 

environmental, and social challenges: According to Murray, Brown, and Rogers, (2020) 

economic challenges arise due to overpopulation, which occurs when the population of a region 

exceeds the available resources. This can lead to food and water shortages and environmental 

degradation. Unemployment is another economic challenge that results from population growth. 

When there are not enough jobs to support all the people in the workforce, it causes social unrest 

and political instability. Inequality is also a significant issue of population growth, as it can 

divide the rich and the poor.  

Environmental challenges include environmental degradation, as more people put pressure on the 

environment, leading to deforestation, soil erosion, and climate change. Resource depletion is 

another significant environmental challenge that arises due to population growth, as more people 

consume more resources, leading to water, energy, and food shortages (Dyson & West, 2019). 

Social unrest and political instability are major social challenges that also arise due to population 

growth. As people become frustrated with the lack of jobs and resources, it can lead to protests, 

riots, and even civil war. Governments may also struggle to cope with the challenges of a 

growing population, leading to political instability and potential overthrow (Bongaarts, 2021). 

Finally, although population growth comes with challenges, it offers opportunities such as a 

larger workforce, younger population, new ideas, and diversity. To manage it, invest in 

education, healthcare, and infrastructure, promote sustainable development, and address poverty 
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and inequality. This can create a skilled workforce, efficient resource use, environmental 

protection and reduce people struggling to meet basic needs. Population growth can be a positive 

force with the right measures in place (United Nations Children's Fund (UNICEF) 2022). 

2.2.3 Management of Population Growth 

Kelley and Schmidt, (2018) stated that population growth management is crucial to ensuring 

sustainable development in any given country or region. Therefore, several policies and 

programs can be implemented to control the rate of population growth effectively. Some of these 

include family planning programs, incentivising small families, investing in education and 

healthcare, and promoting immigration. By managing population growth, countries can ensure 

that their resources are sustainable and that their citizens have access to the resources they need 

to thrive (Cohen, 2019). These policies and programs include the following: 

a) Bongaarts and Westoff, (2017); as well as Adebayo and Owolabi, (2022) believed that 

family planning programs are designed to help couples plan their families by providing 

them with relevant information and a range of services. This may include access to 

various forms of contraception, such as condoms, birth control pills, intrauterine devices 

(IUDs), and abortion services. By educating couples on the various methods available, 

family planning programs can help them make informed decisions about their 

reproductive health and prevent unintended pregnancies (Singh & Darroch, 2018). 

Additionally, these programs pave the way in the process of promoting gender equality, 

emancipation, and empowerment of women by giving them greater control over their 

own bodies and lives (Tsui& Zhang, 2019). 

b) Fernandes and Santos, (2022) stated that economic development programs are one of the 

most effective ways to reduce poverty and improve the overall standard of living. This is 

because when people are financially stable, they tend to have fewer children, which can 

help to lower fertility rates. In addition to this, economic development programs can also 

lead to the creation of new jobs and opportunities, which can help to boost local 

economies and make the life of people in a community to be better (Klasen, 2022). 
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Overall, economic development programs are an important tool in the fight against 

poverty and can have a significant impact on the lives of individuals and communities 

around the world (Ravallion, 2022). 

c) Zimet and Shah, (2016) as well as Mehrish, Majumder, Bharadwaj, Mihalcea and Poria, 

(2023) claimed that education programs have been proven to be highly effective in 

promoting the many advantages of having smaller families. In addition to this, such 

programs can also uplift the social status of women, leading to a significant decrease in 

fertility rates over time. By educating people about the many benefits of small families, 

we can work towards building a more sustainable and equitable future for all. 

d) Improving healthcare has the potential to positively impact mortality rates, which in turn 

could lead to an increase in population growth. Furthermore, providing access to 

contraception and abortion services through healthcare programs can effectively lower 

fertility rates, ultimately contributing to a more balanced population growth (Otoom et 

al., 2019). 

e) Migration policies are a set of rules that are put in place to control the movement of 

individuals into and out of a particular country (Castles & Miller, 2020). The main 

objective of these policies is to manage population growth by regulating the number of 

immigrants that are permitted to enter the country. By limiting the number of individuals 

who can migrate to the country, the government can ensure that the country's resources 

are distributed fairly and that the needs of all citizens are met. Moreover, these policies 

also help maintain a stable economic environment, ensuring that the job market is filled 

with only a few immigrants. 

2.2.3.1 Benefits of Population Growth Management 

Managing population growth can have numerous advantages that go beyond just controlling the 

number of people living in an area (Bardsley & Oswald, 2017). For one, it can help to reduce the 

strain on resources such as water, food, and energy. Additionally, managing population growth 

can help to reduce the carbon footprint of a community and improve overall environmental 
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sustainability. Furthermore, it can help reduce the level poverty leading to enhancement of 

access to services like healthcare, education etc. Ultimately, managing the rise population is vital 

to the development of a more equitable and sustainable world for everyone; here are some of the 

benefits of population growth management: 

a) It can help to reduce poverty and improve the standard of living, whereby when people 

have fewer children, they can invest more resources in their children's education and 

healthcare (Ravallion, 2022). This can lead to a better quality of life for everyone. 

b) It can help to protect the environment, whereby when there are fewer people, there is less 

demand for resources, which can help to protect the environment (Dyson and West, 

2019). 

c) It can help to promote gender equality whereby when women have access to education 

and healthcare, they are more likely to have fewer children (Zimet & Shah, 2016). This 

can help to promote gender equality, as women will have more opportunities to 

participate in the workforce and make decisions about their own lives. 

2.2.3.2 Drawbacks to Population Growth Management 

However, when it comes to managing population growth, there are a few disadvantages to 

consider (Conly & Hartmann, 2021). While it may seem like a good idea to control population 

expansion, there are limitations to what can be achieved through these efforts. Furthermore, a 

range of issues can arise when attempting to regulate population growth, including social, 

economic, and political considerations (Lutz, Samir & Samir, 2022). Overall, it is important to 

approach this issue with caution and care, as there are no easy solutions to managing population 

growth. Here are some of the potential drawbacks to population growth management: 

a) Some individuals may perceive population growth management as a method of regulating 

the population's size, which may be considered a breach of human rights. 

b) Implementing policies and programs for managing population growth can be challenging, 

as they often entail altering individuals' lifestyles and work habits (World Bank, 2018).  
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c) Policies and programs designed to manage population growth may have unforeseen 

consequences, potentially leading to an uptick in factors like abortion rates or poverty 

levels (Lutz et al., 2022). 

2.2.4 Evaluation of Population Growth Management 

When it comes to evaluating and assessing population growth management strategies, there are a 

plethora of effective and varied methods available for consideration (Hartmann & Gemmill, 

2020). These methods can range from comprehensive data analysis to targeted surveys and 

interviews with key stakeholders. By utilising these approaches, decision-makers can get a better 

comprehension of the potential impacts of different strategies in order to help them make 

informed choices that benefit their communities (Lutz et al., 2022). Overall, it's important to 

approach population growth management with a thoughtful and nuanced perspective to 

accomplish the most suitable and possible results for everyone involved using the following 

methods: 

a) Quantitative methods use data to measure the effectiveness of population growth 

management strategies (Fernandes & Santos, 2022). This can include using statistical 

methods to analyse data on fertility rates, mortality rates, and net migration rates. 

b) Qualitative methods use interviews, focus groups, and other ways to gather information 

about the effectiveness of population growth management strategies (Mason, 2018). This 

can include asking people about their experiences with family planning programs or 

economic development programs.  

c) Mixed methods use a combination of quantitative and qualitative methodologies to 

evaluate population growth management strategies (Bhandari & Mishra, 2021). This can 

be done by using statistical methods to analyse data on fertility rates and then using 

interviews to gather information about people's experiences with family planning 

programs. 
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2.2.4.1 Factors for Evaluating Population Growth Management Strategies 

Alam et al., (2022) studied that when it comes to evaluating strategies for managing a growing 

population, there are several key considerations that must be considered to ensure the best 

possible outcomes. Indeed, with so many different factors at play, it is essential to carefully 

consider each one of them to make informed decisions that will have a positive impact on the 

community. From infrastructure to social services, from environmental impact to economic 

growth, many different variables must be considered when planning for the future of a growing 

population. Ultimately, by carefully considering all these factors and working collaboratively 

with stakeholders from all walks of life, it is possible to create a shared vision for a sustainable 

and thriving community that will serve everyone well for years (World Bank, 2018). The 

following are the factors: 

a) To ensure an effective population management evaluation process, it's essential to 

establish clear and concise objectives for the strategy. By doing so, the assessment can 

concentrate on the most significant components and yield more accurate results (Berman 

and Khan, 2019). It's vital to prioritise the areas that require the most attention and 

allocate resources accordingly. By setting specific goals, the evaluation process will be 

more efficient and productive.  

b) When evaluating a population management plan, it is crucial to examine the techniques 

utilised for execution (Nguyen, 2022). This will enable the detection of any possible 

shortcomings or flaws in the implementation procedure. It is also vital to put into 

consideration the consequence of the plan on the affected population and the environment 

(Khan & Mahmood, 2022). Additionally, stakeholders' input should be sought to ensure 

that the plan aligns with their needs and expectations. Considering all these factors, a 

comprehensive and effective population management plan can be developed and 

successfully executed.  

c) When evaluating the success of a population management plan, it is crucial to assess the 

impact on various demographic factors such as fertility rates, mortality rates, and net 



 

 

16 

 

 

migration rates (Otoom et al., 2019). By analysing these metrics, we can determine 

whether the desired goals have been met and make necessary adjustments to the strategy. 

It is essential to regularly monitor and evaluate the effectiveness of population 

management strategies to ensure the best possible outcomes for all involved parties.  

2.3 Empirical Framework 

2.3.1 Challenges of Population Growth Forecasting 

Predicting the rate at which a population will grow can be a difficult task, as there are many 

different variables that can impact the outcome (Bongaarts, 2020). From economic factors to 

social issues, a plethora of factors influence how quickly or slowly a population grows over time. 

Despite these challenges, many researchers and policymakers continue to work towards 

developing accurate and reliable methods for forecasting population growth, to better understand 

and plan (Bardsley et al., 2021). Whether through advanced statistical models, cutting-edge 

technology, or other innovative approaches, experts in this field are constantly striving to 

improve our understanding of this complex and ever-changing phenomenon. These include: 

Predicting population growth has always been a daunting task, primarily due to the intricate 

interplay of various influencing factors. Social, economic, political, and environmental factors 

are just some of the variables that predict future population growth a challenging endeavour 

(Dobbs et al., 2022). These factors are in a constant state of flux, and it is difficult to anticipate 

how they may evolve over time, thus making the prediction of future population growth even 

more complex. 

Future events that are unpredictable, such as wars, natural disasters, and technological 

advancements, can also affect population growth. These events can have big consequences on 

population growth, causing challenges to predict population with high degree of accuracy. As a 

result, there is an essential need in considering a range of factors that influence population 

growth, including economic, social, and environmental factors. For example, changes in fertility 

rates, mortality rates, and migration patterns can all have a significant impact on population 

growth. Additionally, advances in healthcare, education, and technology can also affect 
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population growth by improving living conditions and increasing life expectancy. Ultimately, 

understanding the complex interplay between these various factors is critical to predicting the 

future size of the population (Heuveline et al., 2017). 

In many parts of the world, particularly in developing nations, there exists a significant need for 

more data related to population growth. This lack of information can pose a significant challenge 

to accurately tracking current population trends, further complicating efforts to forecast future 

population growth. 

2.3.2 Population Growth Forecasting 

Bardsley et al., (2021) considered that forecasting population growth involves predicting a 

population's future size and growth rates, which can be a daunting task due to the complex nature 

of the various factors that can affect population growth. Some of these factors include fertility, 

mortality, migration, and economic conditions (Cai et al., 2022). To accurately forecast 

population growth, one must consider all these factors and their potential impact on the growth 

rates of the population. Therefore, there is a need of crucial comprehension of the various factors 

that can impact population growth to make accurate predictions for the future. 

Suárez et al., (2022) conducted a study to forecast population growth of Colombia through a ML 

Algorithm by using CO2 emissions as variables combined with other demographic variables to 

train and test their Artificial Neural Network (AAN) ML Algorithm and relying on 61 years 

dataset compiled by the World Bank between 1960 and 2020. Their model had 3 layers of input 

which had 9 neurons, which are represented by 9 input variables, the hidden layer consisting of 4 

neurons that connect the input layer to the output layer which consist of 1 neuron that represents 

the selected output variable which is the total of population in a particular year. They got a MAE 

of 0.038, and their model accurately predicted the population growth of Colombia. However, the 

model is limited to using CO2 emissions, which can not only be a category of factors to 

consistently predict a country's population growth or region. 

Şahinarslan et al., (2021) carried out a study where they utilised several and different Machine 

Learning Algorithms and the Cohort Component Method to forecast the population of Turkey in 
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2017. The researchers used several Machine Learning Algorithms but conducted the training and 

testing on the Regression Algorithms, which include Extreme Gradient Boosting, and CatBoost 

and the other on which they completed the training and testing is the Advanced Time Series 

Algorithms which includes Holt-Winter, ARIMA, and Prophet Prediction. In the comparison of 

performances, they found out that the CatBoost and Extreme Gradient Boosting together are 

better than the other Algorithms and that the Algorithms of Machine Learning are more accurate 

compared to the demographic Cohort Component Method. In their study they used all the 

datasets to train and test the model, which to an advantage, brings about consistency in 

prediction and more accuracy. Still, the limitation is that it does not consider cultural differences 

and geographical locations. 

Otoom et al., (2019) carried out study that compared performance of 17 different ML 

approaches, including base learners and ensemble learners, in projecting a country's human 

population growth rate. In their study, it was found out that random forest had the best predictive 

performance and was the most robust when dealing with features that are lacking. Overall, the 

study successfully demonstrated how machine learning techniques can be used to predict 

population growth rates even in situations where historical data and feature information are not 

available. Additionally, the study identified random forest as the best ML algorithm for 

predicting population growth rates. The limitation to their study is that not all the factors that 

affect population growth were not considered and that the dataset is limited. 

2.4 Existing Techniques for Population Growth Forecasting 

2.4.1 Machine Learning 

ML is a method of solving complex problems that would be too expensive to tackle using 

algorithms developed solely by human programmers. Instead, machines are trained to "discover" 

their own algorithms without explicit human guidance. This approach is widely used by 

organisations such as IBM (International Business Machines) and has been a topic of interest in 

the field of computer science, as noted by Hung and Chen in 2022.  
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Back in 1952, Arthur Samuel was given honours for inventing the phrase "machine learning" as 

a result of his research on the game of checkers. Fast forward to 1962, and Robert Nealey, who 

considered himself a checkers master, played against a computer (IBM, 2023) but ended up 

losing. 

In recent times, artificial neural networks that create new content have been producing better 

results than previous methods. Machine learning techniques have been implemented in diverse 

fields such as large language models, computer vision, speech recognition, email filtering, 

agriculture, and medicine. This is particularly useful in situations where developing algorithms 

for specific tasks would be too expensive. (Silver et al., 2016) 

2.4.1.1 Supervised Learning 

Supervised learning is a powerful tool in the field of artificial intelligence and machine learning. 

It is a subcategory that involves using labeled datasets to train algorithms to accurately classify 

data or predict outcomes. The process involves feeding input data into the model, which then 

adjusts its weights until the model has been appropriately fitted. This fitting is carefully 

monitored through the cross-validation process to ensure that the model is accurate and reliable. 

Supervised learning helps organisations solve for a variety of real-world problems at scale, such 

as classifying spam in a separate folder from your inbox (IBM, 2023; Kotsiantis & Zaharakis, 

2022). Some methods used in supervised learning include neural networks, naïve bayes, linear 

regression, logistic regression, random forest, and support vector machine (SVM). 

2.4.1.2 Unsupervised Learning 

IBM, (2023) as well as Zhong, Zhang and Zhao, (2022) states that unsupervised learning, uses 

ML algorithms to analyse and cluster unlabelled datasets. The algorithms can automatically 

reveal patterns that are hidden or groupings of data from the datasets. This ability of the methods 

to reveal the similarities and differences in information make it ideal for exploratory data 

analysis, cross-selling strategies, customer segmentation, and image and pattern recognition 

(Kang, Gao, & Zhang, 2022). It’s also used to reduce the number of features in a model through 

the process of dimensionality reduction. Aggarwal, (2015) claimed that PCA and SVD are two 
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common approaches for this; further on, the additional algorithms that are used in unsupervised 

learning are neural networks, k-means clustering, and probabilistic clustering methods. 

2.4.1.3 Semi-Supervised Learning 

Kumar, Sattigeri, and Fletcher, (2017) as well as IBM, (2023) claimed that semi-supervised 

learning offers a happy medium between supervised and unsupervised learning. During training, 

it uses a smaller labelled data set to guide classification and feature extraction from a larger, 

unlabelled data set. Semi-supervised learning can solve the problem of not having enough 

labelled data for a supervised learning algorithm. It also helps if it’s too costly to label enough 

data.  

Kumar, Sattigeri, and Fletcher carried out a study on the semi-supervised learning methods that 

use GANs, and their study concluded that the methods have proved to flourish empirically. Most 

of these methods use a shared discriminator/classifier which discriminates real examples from 

fake while also predicting the class label. 

2.4.2 Classification Techniques 

Classification is a data mining (ML) approach that is used to forecast group membership for data 

instances (IBM, 2023; Wang, Aggarwal & Liu, 2018). Classification is a cornerstone of machine 

learning and knowledge discovery, enabling us to make predictions and extract insights from 

data in a wide range of domains. Classification is a fundamental problem in machine learning 

and data mining, and it remains one of the most active areas of research. 

2.4.2.1 Random Forest 

Random forest is a ML algorithm that was founded around the 21st century by Leo Breiman and 

improved by Adele Cutler at around 2006. It integrates the results of multiple decision trees to 

reach a single conclusion, making it a popular choice for both classification and regression 

problems. Its ease of use and flexibility have made it widely adopted in the industry (IBM, 2023; 

Chen, Liu & Zhang, 2022).  
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Random forests are a powerful machine learning algorithm with three hyperparameters as 

illustrated in Figure 2.1 that can be tuned to improve performance: the number of trees, the 

maximum tree depth, and the number of features sampled at each split. (Li & Wang, 2022; 

Zhang, & Li, 2023). Figure 2.1 illustrates the Random Forest Algorithm. 

 

Figure 2.1: Random Forest Algorithm (IBM, 2023) 

Liu, and Yang, (2023) study stated that random forests are a powerful ensemble learning 

algorithm that leverages bootstrap sampling and feature bagging to construct a diverse forest of 

decision trees that are robust to overfitting and can generalise well to unseen data. The out-of-

bag (oob) sample is used to evaluate the performance of the forest and prevent overfitting. 

The training algorithm for random forests applies the general technique of bootstrap aggregation, 

or bagging, to tree learners. Given a training set 𝑋 ൌ 𝑥ଵ, . . , 𝑥௡ with responses 𝑌 ൌ 𝑦ଵ, … , 𝑦௡, 

bagging repeatedly selects a random sample with replacement of the training set and fits trees to 

these samples: 

For :𝑏 ൌ 1, … , 𝐵: 

a) Sample, with replacement,  𝑛 training examples from  𝑋, 𝑌; call these 𝑋௕, 𝑌௕. 

b) Train a classification or regression tree 𝑓௕ on 𝑋௕, 𝑌௕. 
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After training, predictions for unseen samples 𝑥ᇱ can be made by averaging the predictions from 

all the individual regression trees on 𝑥ᇱ: 

𝑓መ ൌ
1
𝐵

෍ 𝑓௕ሺ𝑥ᇱሻ
஻

௕ୀଵ

 

Additionally, an estimate of the uncertainty of the uncertainty of the prediction can be made as 

the standard deviation of the predictions from all the individual regression trees on 𝑥ᇱ: 

𝜎 ൌ
ඩ෍ ൫𝑓௕ሺ𝑥ᇱሻ െ 𝑓መ൯

ଶ஻

௕ୀଵ

𝐵 െ 1
 

2.4.2.2 Logistic Regression 

IBM, (2023) stated that this is a supervise ML algorithm that falls under a statistical model used 

in the determination of the likelihood of the occurrence of an event that is binary in nature for 

example, true or false, right or left and so on. 

Since the odds of success are transformed using the logit function in logistic regression, the 

logarithm of the odds, base 𝑒, makes the odds easier to interpret and model. For example, a log 

odds ratio of 1.0 concludes that the probability of success is twice as high as the probability of 

failure. A log odds ratio of 2.0 concludes that the probability of success is four times as high as 

the probability of failure, and so on. Thus, by transforming the odds using the logit function, 

logistic regression models can be used to make predictions about the probability of success for a 

given set of independent variables and the formula used is: 

𝑝ሺ𝑥ሻ ൌ
1

1 ൅ 𝑒ିሺ𝑥 െ 𝜇ሻ ോ 𝑠
 

Where: 

a) 𝜇 is a parameter of the location. 
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b) 𝑠 is a parameter of the scale. 

Which can be written and expressed as: 

𝑝ሺ𝑥ሻ ൌ
1

1 ൅ 𝑒ିሺఉబାఉభ௫ሻ 

Where 𝛽଴ ൌ ିఓ

௦
 and is known as the intercept of the line 𝑦 ൌ 𝛽଴ ൅ 𝛽ଵ𝑥, and 𝛽ଵ ൌ ଵ

௦
 these are the 

y-intercept and slope of the log-odds as function of x; 𝜇 ൌ ିఉబ

ఉభ
 and 𝑠 ൌ ଵ

ఉభ
 in the converse. 

𝑝ሺ𝑥ሻ is the variable that is dependent whereas 𝑥 is the variable that is independent. 𝛽 is the 

parameter which is estimated using the MLE and the MLE is used to find the values of the 𝛽 that 

best fit the data through the calculation of the likelihood of the data for different values of 𝛽, and 

then choosing the 𝛽 values that maximize the likelihood. 

The log likelihood function is a measure of how well a model fits the data, therefore, the higher 

log likelihood function indicates a better fit. Logistic regression seeks to maximize the log 

likelihood function in order to find the best parameter estimates. When 𝛽 is estimated and then 

used to calculate the predicted probability of success for each observation where for a binary 

classification, a predicted probability less than 0.5 will be classified as 0, and a predicted 

probability greater than 0.5 will be classified as 1, then the performance can be evaluated using a 

plethora of metrics. 

2.4.2.3 Naïve Bayes 

Naïve Bayes falls under the conditional probability model that assigns 𝑝ሺ𝐶𝑘|𝑥ଵ, … , 𝑥௡ሻ for each 

of the 𝐾 possible outcomes or classes 𝑐௞ given a problem instance to be classified, represented 

by a vector 𝑥 ൌ ሺ𝑥ଵ, … , 𝑥௡ሻ encoding some features which is the independent variable. 

The problem with the above formula is that if the number of 𝑛 is larger, then basing such a 

model on probability tables is refutable. Therefore, the model must be reformulated to make it 

more tractable and using the Baye’s theorem, the conditional probability can be as  
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𝑝ሺ𝐶௞|𝑥ሻ ൌ
𝑝ሺ𝐶௞ሻ𝑝ሺ𝑥|𝐶௞ሻ

𝑝ሺ𝑥ሻ
 

The Naive Bayes classifier is a basic probabilistic classifier based on Bayes' theorem and is part 

of the Bayesian network models. It provides more accurate results when used with kernel density 

estimation (Piryonesi, Madeh El-Diraby, & Tamer, 2020; Li & Wang, 2022). Naive Bayes 

classifiers operate on the assumption that there is no correlation between two features in a class 

based on their presence or absence. These classifiers use a probability model that allows them to 

be trained efficiently in a supervised learning scenario. Typically, parameter estimation in Naive 

Bayes involves the use of maximum likelihood for increased precision. 

2.4.2.4 Alternating Decision Tree (AD Tree) 

Alternating Decision Tree is an ML technique used for classifying things since it is a broad form 

of decision trees, and it has some characteristics of boosting. 

Zhang and Zhou, (2018) as well as Li and Song, (2020) stated that AD Tree has a structure that 

consists of the following nodes which are always in a sequence of alternation: 

Decision nodes specify the condition of the predicate. 

Prediction nodes just contain a single number. 

The AD Tree functions as follows, it takes the path of all the decision nodes that are true and 

then gets the summation of the traversed decision nodes (Li and Wang, 2021). 

2.4.2.5 Artificial Neural Networks 

ANNs or SNNs, is a part of ML and the core of deep learning algorithms (IBM, 2023; Wang, 

Zhang, & Zhang, 2022). The name and structure of this model has been inspired by the human 

brain, imitating the way that biological neurons send signals to each other as Figure 2.2 

showcases. 
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Figure 2.2: ANN inspired by human brain (IBM, 2023; Wang, Zhang, & Zhang, 2022) 

 

Wang, Zhang, and Zhang, (2022) as well as Chen, Liu, and Zhang, (2022) carried out their study 

on ANNs which stated that it comprises of node layers such as: 

a) Input layer.  

b) Hidden layer(s). 

c) Output layer. 

The neurons are connected to each other in a network as Figure 2.3 shows; however, each neuron 

has an associated weight and threshold and if the weighted sum of the neuron’s inputs is above 

the threshold, the neuron fires, passing its output to the next layer of neurons else, the neuron 

does not fire. 

Li and Wang, (2022) claimed that neural networks is so powerful that it is used to classify and 

cluster data with the highest degree of accuracy and efficiency, however when it is trained on a 

large dataset, neural networks can be used to perform a variety of tasks, such as image 

recognition, speech recognition, and natural language processing. For example, Google's search 
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algorithm uses neural networks to rank billions of web pages in milliseconds. This allows 

Google to provide users with the most relevant search results quickly and efficiently. Neural 

networks are also used in many other cutting-edge AI applications, such as self-driving cars and 

facial recognition software. As AI continues to develop, neural networks will play an 

increasingly important role in our lives. 

 

 

Figure 2.3: Neural Network (IBM, 2023; Wang, Zhang, & Zhang, 2022) 

 

Think of each individual node as its own linear regression model, composed of input data, 

weights, a bias (or threshold), and an output. The formula would look something like this: 

෍ 𝑊௜𝑋௜

௠

௜ୀଵ

൅ 𝑏𝑖𝑎𝑠 ൌ 𝑊ଵ𝑋ଵ ൅ 𝑊ଶ𝑋ଶ ൅ 𝑊ଷ𝑋ଷ ൅ 𝑏𝑖𝑎𝑠 
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𝑜𝑢𝑡𝑝𝑢𝑡 ൌ 𝑓ሺ𝑥ሻ ൌ ൜
1 𝑖𝑓 𝑊ଵ𝑥ଵ ൅ 𝑏 ൒ 0
0 𝑖𝑓 𝑊ଵ𝑥ଵ ൅ 𝑏 ൏ 0 

Once an input layer is determined, weights are assigned. These weights help determine the 

importance of any given variable, with larger ones contributing more significantly to the output 

compared to other inputs (Chen, Liu, & Zhang, 2022). Each neuron in a feedforward neural 

network takes a weighted sum of its inputs and passes the result through an activation function. 

The output of the activation function is then sent to the next layer of neurons. This process 

repeats until the final layer of neurons produces the network's output. 

2.4.2.6 Support Vector Machines 

SVM algorithm is a reliable method for binary classification since it works well in conjunction 

with tree-based algorithms and basic logistic regression. However, it lacks the ability to interpret 

predictor variables accurately, which is a disadvantage (Wang, Zhang, & Zhang, 2022; Chen, 

Liu, & Zhang, 2022). Despite dealing with complex models, SVM is an essential linear ML 

technique applied to a feature of a high-dimension space that is non-linearly related to the input 

space, thus, enabling it to manage and maintain datasets of high-dimensions without sacrificing 

the simplicity of a linear algorithm (Zhang & Wang, 2023). 

At the core of SVM is a non-linear feature transformation that maps the training data into a high-

dimensional feature space, where a hyperplane is constructed to separate the classes with the 

largest possible margin to the support planes (Zhang & Zhang, 2022). The support planes are 

then iteratively moved apart until they reach the initial set of observations, known as support 

vectors (Li, & Wang, 2022). 

Li and Wang, (2022) claimed that SVM leverages special kernel functions to compute the 

separating hyperplanes, without explicitly mapping the data into the feature space as illustrated 

in Figure 2.4. This allows SVM to perform all calculations directly in the input space, making it 

a computationally efficient algorithm. 
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Figure 2.4: SVM (Li & Wang, 2022) 

  

2.5 Models and Frameworks 

2.5.1 Models 

A machine learning model is a mathematical representation of the interaction between the 

features and the target or output variable. It is trained on a dataset that is labelled and thereafter 

used to make predictions on new data. 

2.5.1.1 Hybrid Intelligence 

Dellermann and Leimeister, (2023) clearly defined Hybrid Intelligence in their study as the 

approach that integrates both human intelligence and AI, and the basic rationale behind this is 

that the combination of complementary heterogeneous intelligences (i.e., human, and artificial 

agents) to create a socio-technological ensemble that can overcome the current limitations of AI. 

Dellermann and Leimeister, (2023) as well as Dellermann et al., (2019) also stated that this 

approach focuses neither on human intelligence in the loop of AI nor on automating simple tasks 

through machine learning. Rather, the emphasis lies on solving complex problems using the 
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deliberate allocation of tasks among different heterogeneous algorithmic and human agents. Both 

the human and the artificial agents of such systems can then co-evolve by learning and achieve a 

superior outcome on the system level (Dellermann & Leimeister, 2023). Figure 2.5 illustrates the 

Conjunction of Human Intelligence and Machine Intelligence and then Figure 2.6 shows the 

Hybrid Intelligence. 

 

Figure 2.5: Conjunction of Human Intelligence and Machine Intelligence ( Dellermann & 
Leimeister, 2023) 
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Figure 2.6: Hybrid Intelligence (Dellermann & Leimeister, 2023) 

  

Hybrid Intelligence is a concept coined by Dellermann et al. (2019) to describe the ability to 

achieve complex goals by combining human and artificial intelligence. It is a socio-technical 

system in which humans and machines work together to learn from each other and achieve 

superior results than either could on their own. The following are the major key features to be 

considered: 

a) Dellermann and Leimeister, (2023) as well as Dellermann et al., (2019) emphasized that 

one of the key features of Hybrid Intelligence is that it is collective, whereby, humans 

and machines must work together effectively to achieve the common goal. However, 

their goals may not always be perfectly aligned. For example, humans may be teaching 

an AI adversarial tactics in a game, even though the AI's goal is to win. This dynamic can 

create challenges, but it also leads to creativity and innovation. 

b) Another key feature of Hybrid Intelligence is that it produces superior results. Hybrid 

Intelligent systems can achieve goals that would be impossible for either humans or 

machines to achieve alone (Dellermann & Leimeister, 2023; Dellermann et al., 2019). 
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For example, a Hybrid Intelligent system could be used to develop a new drug or design a 

more efficient transportation system. 

c) Finally, Hybrid Intelligence is characterised by continuous learning. Over time, the 

system improves as a whole, and each individual component (both human and machine) 

also learns and improves (Dellermann & Leimeister, 2023). This is because humans and 

machines learn from each other through experience. 

Hybrid Intelligence is a powerful concept with the potential to revolutionise many aspects of our 

lives as illustrated in Figure 2.7. As AI continues to develop, Hybrid Intelligence is likely to 

become increasingly important in a wide range of applications. 

 

Figure 2.7: Concept of Hybrid Intelligence (Dellermann & Leimeister, 2023) 

  

2.5.1.2 Predictive Models 

A predictive model is a statistical model which forecasts the value of a target variable according 

to the values of a set of predictor variables. The target variable is the variable that we want to 

predict, and the predictor variables are the variables that we use to make the prediction. 
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In the Şahinarslan et al., (2021) study, population projection was made with both advanced time 

series and regression algorithms. According to the results, ensembling regression algorithms with 

the cohort component methods had very successful results in the prediction. Machine learning 

algorithms, especially ensemble regression models, can improve the accuracy of population 

estimates by reducing the impact of factors that make prediction difficult and by analysing 

uncertainties in demographic data. 

2.5.2 Frameworks 

A machine learning framework is a software library that provides the tools and infrastructure for 

developing and deploying machine learning models. It typically includes a set of algorithms, pre-

trained models, and a development environment. 

2.5.2.1 TensorFlow 

TensorFlow is a computer software library for analysing data and ML used by companies and 

organisations such as Google, Airbnb, and the United States Military. It is originally developed 

by Google Brain team members Geoffrey Hinton, Andrew Ng, and Michael Nielsen in 2006, 

released around the year 2015 as an open-source library (Huang, Liu, Sun, Song, Wang & Chen, 

2022; Gupta, Kumar & Das, 2022). 

TensorFlow enables developers to build data flow graphs, which are architectures/blueprints that 

describe how data is transformed as it flows through a series of processing nodes as it is shown 

in Figure 2.8. Cui, Zhang, Yang, Wang, Li, Yi, and Tang (2017) stated that nodes in the data 

flow graph represent mathematical operations, while the edges represent the data arrays (tensors) 

that flow between them. This makes it easy to develop complex algorithms using TensorFlow 

because the graph can be visualised and debugged easily (Gupta, Kumar & Das, 2022). 
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Figure 2.8: TensorFlow Framework Architecture (Li & Wang, 2023) 

   

TensorFlow has been utilised in diverse applications for example, image recognition and 

classification, processing of natural language, and artificial intelligence. In recent years, it has 

become a popular library use for deep learning due to its flexibility and ease of use. 

TensorFlow is based on the idea of creating a graph of operations, where each node in the graph 

represents an operation (Chen, Zhang & Li, 2022; Tian, 2023). The edges in the graph represent 

the data that flows between the operations. TensorFlow allows you to create and execute these 

graphs very efficiently, using a technique called dataflow programming. 
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Figure 2.9: TensorFlow Data Flow Graph (Tian, 2023) 

  

2.5.2.2 PyTorch 

Pytorch is a powerful ML multiplatform library for use in Python enabling developers to perform 

efficient computation on GPUs, and it is also a deep learning framework for Python that is 

popular for its ease of use and flexibility (Chen, & Wang, 2022; Zhang, Shi & Chen, 2022). It 

was originally developed by Facebook AI Research and is now used by many companies and 

organisations, including Google, Microsoft, and Uber. Pytorch is open-source and available on 

GitHub (Liu & Wang, 2022).  
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Pytorch is a deep-learning framework that has been around since 2017. Due to its flexibility and 

ease of use, Pytorch is popular among researchers and developers and has undergone several 

major changes since its inception, including the addition of support for CUDA and cuDNN, and 

improvements to its autograd function. Figure 2.10 illustrates the PyTorch Framework 

Architecture. 

 

Figure 2.10: Pytorch Framework Architecture (Singh, 2023) 

  

Pytorch has been adopted in a diversity of applications, for example the processing of natural 

language, computer vision, and reinforcement learning (Zhang, Chen & Li, 2022; Wang, Chen & 

Zhang, 2022). Pytorch is also widely used in academia, with many universities using it in their 

machine-learning courses as Figure 2.11 shows the PyTorch Workflow. 
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Figure 2.11: PyTorch Workflow (PyTorch Team, 2023) 

  

2.5.2.3 Scikit-Learn 

Scikit-learn which started as scikits.learn and sklearn is a Python programming language library 

of machine learning that is available to a large community at fairly no cost that was founded by 

David Cournapeau as he was part of the Google Summer program of coding. Scikit-Learn 

appears to highlight a diverse grouping/classification, regression and clustering algorithms 

including support-vector machines, random forests, gradient boosting, k-means and DBSCAN, 

and is designed to interoperate with the Python numerical and scientific libraries NumPy and 

SciPy as illustrated in Figure 2.12. Scikit-learn is a NumFOCUS fiscally sponsored project 

(Zhang, Chen & Li, 2022). 
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Figure 2.12: Scikit-Learn Pipeline (Scikit-Learn, 2023) 

  

Scikit-learn integrates a wide range of state-of-the-art machine learning algorithms for medium-

scale supervised and unsupervised problems; and focuses on bringing machine learning to non-

specialists using a general-purpose high-level language (Ikudo, Lane, Staudt & Weinberg, 2018; 

Wang & Li, 2022). What Scikit-Learn emphasizes a lot is the capacity of ease of use, 

documentation of performances, and the consistency of the API. It has minimal dependencies 

and is distributed under the simplified BSD license, encouraging its use in both academic and 

commercial settings. Figure 2.13 shows the Scikit-Learn Algorithm Cheat-Sheet. 
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Figure 2.13: Scikit-Learn Algorithm Cheat-Sheet (Scikit-Learn, 2023) 

2.5.2.4 Keras 

Have you ever encountered Keras? A multiplatform library of neural network operating on the 

TensorFlow machine learning platform and is based on Python. Keras operates as a high-level 

API and is compatible with both PyTorch and TensorFlow, providing a plethora of features for 

constructing and training neural networks. Its emphasis on swift experimentation has made it a 

popular option among developers, thanks to its user-friendly and efficient nature.  

Keras previously sustained many backends, such as TensorFlow, Microsoft Cognitive Toolkit, 

Theano, and PlaidML. However, in version 2.4, only TensorFlow is supported (Gulati & Garg, 

2022). But, in version 3.0 (including its preview version, Keras Core), Keras will once again 

become multi-backend, supporting TensorFlow, JAX, and PyTorch. Keras is designed to allow 

for quick experimentation with deep neural networks while also being user-friendly, modular, 

and extensible as Figure 2.14 illustrates. It was developed as part of the research effort for 
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project ONEIROS (Open-ended Neuro-Electronic Intelligent Robot Operating System), and its 

primary author and maintainer is not mentioned.  

François Chollet, a Google engineer. Chollet is also the author of the Xception deep neural 

network model (Zhang, Chen & Li, 2022).

 

Figure 2.14: Keras Framework Architecture (Hymel, 2020) 
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2.5.2.5 NumPy 

According to experts such as Wang, Zhang, and Huang, (2020) as well as Harris et al., (2020) 

NumPy is one of the most essential Python libraries created by Travis Oliphant and released as 

open-source software, NumPy played a key role in introducing multidimensional arrays 

(ndarray) for data structuring. This innovation contributed significantly to optimizing numerical 

computation in the computing world. Oliphant, the creator, also emphasized that NumPy offers a 

vast collection of mathematical functions that allow users to operate on ndarrays, making 

calculations such as linear algebra, Fourier transforms, and random number generation highly 

efficient. In essence, Gupta, Kumar, and Das, (2022) as well as Harris et al., (2020) assert that 

NumPy serves as the foundation for several higher-level Python libraries, including Pandas and 

Scikit-Learn as illustrated in Figure 2.15. Its efficient arrays are directly usable in machine 

learning and deep learning models. 

 

Figure 2.15: NumPy API (Harris et al., 2020) 
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2.5.2.6 Pandas 

In recent years, a number of experts have hailed the Pandas library as a powerful tool for 

analysing and manipulating data, particularly large datasets. According to Kaur, Kumar, and 

Pandey (2021) as well as Reback et al., (2023), Pandas was created by Wes McKinney as a 

Python library with a flexible structure that allows users to work intuitively and efficiently with 

structured data, using tools like Series and DataFrames. Kaur, Kumar, and Pandey (2021) also 

stated that among its many capabilities, Pandas can load data from a variety of file sources 

(including CSV and Excel files), clean and preprocess data, perform statistical analysis and 

exploration, and even visualise data. As such, Pandas is an essential tool for handling data in 

machine learning and deep learning projects, often used in conjunction with other Python 

libraries like TensorFlow for feature engineering (Gupta, Kumar & Das, 2022). Figure 2.16 

shows how tabular data is read and written using Pandas. 

 

Figure 2.16: Reading and Writing Tabular Data (The pandas development team, 2020) 
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Figure 2.17 illustrates how plotting is done using Pandas. 

 

Figure 2.17: Creating Plots in Pandas (The pandas development team, 2020) 

 

2.6 Limitations of the Current Techniques and Approaches Used for Population Growth 

Forecasting 

While recent developments in predicting population growth are promising, a thorough 

examination of current methodologies has revealed various inadequacies. These limitations have 

hindered the efficacy and practicality of existing machine learning (ML) techniques in tackling 

this pressing issue. Therefore, it is imperative that we explore and implement more robust and 

effective approaches to address the challenge at hand. 

The research conducted by Suárez and colleagues in 2022 utilised CO2 emissions as an input 

variable. However, population growth is influenced by various factors beyond just CO2 

emissions, including economic conditions, social policies, and cultural norms. Additionally, the 

study worked with a limited dataset covering only 61 years, which may not provide enough 

information to accurately train a machine-learning model for predicting population growth. 
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In their 2021 study, Şahinarslan et al., utilised several machine-learning algorithms to analyse 

historical data. However, it is vital to note down the fact that the algorithms may not be as 

effective when applied to future data if the factors influencing population growth change. 

Additionally, the authors did not consider cultural differences or geographical locations, which 

could have impacted the accuracy of their predictions.  

In a study conducted by Otoom et al., (2019), 17 machine-learning techniques were compared. 

However, there is vitality in noting that the dataset used was only from one country, which could 

potentially lead to different results if the study was conducted in a different country. 

Additionally, external factors like natural disasters or economic crises were not considered, 

which may have impacted the accuracy of the predictions. 

2.7 Conceptual Model 

To tackle the challenge of predicting population growth, the implementation of a comprehensive 

conceptual framework can be explored as illustrated by Figure 2.15. The following steps offer 

insight into this process: 

a) Identifying the problem at hand: predicting the future population growth of a given 

country or region. 

b) Developing a solution: utilising a machine learning model to forecast future population 

growth. 

c) Selecting input variables: considering a range of factors, including fertility rate, mortality 

rate, migration rate, age structure, economic conditions, social policies, and cultural 

norms to inform predictions. 

d) Constructing a machine learning model: training the model on historical data to establish 

a connection between input variables and future population growth, and subsequently 

using the model to predict population changes. 



 

 

44 

 

 

e) Gathering relevant data: sourcing information from a variety of outlets, including census 

data, vital statistics data, and surveys, to adequately train the model. 

f) Employing the inference process: applying the inference process to make predictions 

based on the input variables and the machine learning model. 

g) Generating a prediction: offering an output of the system, which forecasts future 

population growth. 

Figure 2.15 depicts the conceptual framework. 

 

Figure 2.18: Conceptual Framework 
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3. Chapter 3: Research Methodology 

3.1 Introduction 

In this chapter, we present a discussion of the research design, methods, techniques, data 

collection, quality and ethical consideration of this study. It also covers the approach to be used 

to select the optimal machine learning model and the steps taken to establish a prediction model 

for population growth.  

Rudestam and Newton (2020) defined research methodology as the process of planning, 

conducting, and evaluating research. They stated that it is a systematic way of thinking about and 

approaching research. Creswell and Poth (2021) discussed the importance of research 

methodology and stated that the choices adopted regarding research design, data collection, and 

the target population provide the researcher with legitimacy and perspective on the study's 

boundaries. Therefore, the use of methodology aligns with the validity of the research; thus, the 

researcher carefully considered these choices to conduct the research in a rigorous and credible 

manner. 

3.2 Research Design 

Creswell and Creswell (2022) defined research design as a plan for conducting a study so that all 

its parts work together logically and consistently to answer the research question. Thus, it can be 

used as a template for research and analysis and the research design should be flexible enough to 

allow for changes as the study progresses, but it should also be specific enough so that it can give 

a clear roadmap for the researcher. 

Both the practical and descriptive research approaches are used in this study as Creswell and 

Creswell (2022) stated that both descriptive and practical methods of research can be used to 

answer research questions about population growth prediction. However, they also argued that 

the method of research choice has to depend upon the specific questions of research that the 

study is asking. 
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For example, if the research question is "What are the characteristics of the countries with the 

highest population growth rates?", then a descriptive research design is the appropriate approach. 

This is because the research question is asking to describe the characteristics of a population. 

On the other hand, if the research question is "How can we reduce the population growth rate in 

developing countries?", then a practical research design is an appropriate approach. This is 

because the research question is asking to solve a practical problem. 

Therefore, the descriptive research design can help in the collection of information about the 

characteristics of countries with the highest population growth rates. On the other hand, applied 

research is a scientific study that aims to answer practical problems. This was appropriate for the 

study since it seeks to solve the challenge of predicting the population growth rate in developing 

countries. 

3.3 Population 

The target population for this study is Kenya’s total population dataset for the period 1960 to 

2020 as contained in the World Bank Website. The country is a rapidly developing country 

having an equally high population growth rate.  

World Bank, 2023 as well as Kenya National Bureau of Statistics, 2022 believed that the 

population of Kenya has increased by twice its original size in 2.5 decades, to around 40 million, 

and the fast growth of the population will not end soon. According to the up-to-date UN 

estimates, the population of Kenya will be growing by about a million per annum thus, around 

3,000 people every day for the next 40 years and probably reaching the 85 million mark by the 

year 2050 (EAC Business Guide, 2015). Figure 3.1 shows Kenya’s Total Population in 2022 

according to the World Bank. 
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Figure 3.1: Kenya’s total population 2022 (World Bank, 2023) 

  

3.4 Sample Size 

Creswell and Creswell (2023) defined sample size as the subset used to represent the entire 

population. Their study also stated that the sample size for a descriptive survey should be large 

enough to produce accurate results, but it should not be so large that it is impractical or 

expensive to collect data from the sample. For purposes of this study, due to the fact that this 

study seeks to develop a model to predict the population growth for Kenya, where a large-scale 

of data was needed, 100% of the whole dataset was utilised. 

As Creswell and Creswell (2023) stated, there is usually a dataset for the model training, whereas 

the other is for testing in order to assess the model performance on any unseen data.  It is 

important that the dataset size for training is large enough to grasp the patterns in the dataset. On 
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the other hand, the dataset size for testing is required to be huge in order to give valid estimations 

of the performance of the model. 

The 80/20 rule was applied in this study. It is a common rule of thumb for separating datasets 

into training dataset then the other into testing dataset. This rule states that 80% of the dataset 

should be used for training and 20% of the data should be used for testing. To properly divide 

dataset, the 80/20 rule is a great starting point for a few reasons. Firstly, it allows training of the 

model to be on a large-scale dataset sample that can help identify patterns in the dataset. 

Additionally, it provides a dependable estimate of how the model performs on new, unseen data. 

Lastly, it is a simple and easy-to-follow rule. However, it is important to keep in mind that the 

80/20 rule is not always the most effective approach for splitting data for there are others like the 

70/30 rule, the 40/60 rule and even the 50/50 rule. The best split varies depending on the specific 

model and dataset used. Therefore, it is crucial for researchers to consider the aforementioned 

factors and seek guidance from statisticians to determine the optimal approach for their research. 

3.5 Data Collection 

This study used data obtained through an Application Programming Interface (API) from the 

World Bank website, a global financial institution that provides support to developing countries 

through loans, grants, and technical assistance. The dataset contains information on various 

social and economic indicators, including population growth, and covered the period from 1960 

to 2022 (See: https://data.worldbank.org/country/kenya?view=chart). The dataset is open-source 

as provided under a Creative Commons Attribution 4.0 International License (CC BY 4.0) (See: 

https://www.worldbank.org/en/about/legal/terms-of-use-for-datasets). 

The objective is to predict total population using fertility rate, mortality rate, and migration rate 

as independent variables. To achieve this, the dataset was separated to a training dataset and a 

testing dataset, with the former used for training the model and the latter for model evaluation 

and a linear regression model was employed for this study. 

The model was able to accurately predict population growth, as demonstrated by the MSE, R2 

Score, MAE, MSLE and MAPE metrics which were used for both the training dataset and testing 
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dataset. This study showcases the potential of the World Bank dataset to forecast population 

growth and provide insights for policy decisions related to population growth. 

3.6 Population Growth Forecasting Model Development 

3.6.1 Extraction of Data 

To conduct the research, authorization to access the relevant data must be identified and 

obtained. The datasets in question, which is in .csv format, are owned by the World Bank and 

provides comprehensive information on population growth, fertility rates, and life expectancy for 

countries across the globe. World Bank's World Development Indicators database is the source 

of the dataset. 

This study reveals that the ML model is exceptionally accurate in predicting population growth 

and significant implications for governments and organisations seeking to plan for future 

population growth. 

3.6.2 Preprocessing Data 

To ensure accurate predictions, thorough data preparation is essential. This study employed both 

the engineering of data and the engineering of feature techniques in order to carefully select the 

most relevant features. The data preprocessing process involved multiple stages, beginning with 

replacing any missing data and reducing noise. Smoothing and baseline reduction techniques 

were used in order to fill in any gaps. To ensure consistency, normalization was conducted to 

ensure all values are in the same units. 

Once the data was analysed, appropriate transformations were made to conform to the required 

formats for analysis. Any categorical variables are transformed into numerical variables, and 

outliers are removed. 

The final step in data preprocessing involved feature reduction. Various techniques, including 

correlation analysis and feature selection algorithms were used, in order to choose only features 

of relevancy for the prediction. 
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3.6.3 Selecting the Features 

The Pearson Correlation Coefficient was used to remove features with high correlation from the 

dataset, reducing bias in this study. The formula is as bellow. 

𝜌௑,௒ ൌ
covሺ𝑋, 𝑌ሻ

𝜎𝑋𝜎𝑌
 

Where 𝜎𝑋 is the standard deviation of variable 𝑋, 𝜎𝑌 is the standard deviation of variable 𝑌 , and 

covሺ𝑋, 𝑌ሻ is the covariance denoted by the formula. 

covሺ𝑋, 𝑌ሻ ൌ
1
𝑛

𝛴ሺ𝑋௜ െ 𝑋തሻሺ𝑌௜ െ 𝑌തሻ 

Also written as. 

covሺ𝑋, 𝑌ሻ ൌ ൥
1
𝑛

൭෍ 𝑋௜𝑌௜

௡

௜ୀଵ

൱ െ 𝑋ത𝑌ത൩ 

Where 𝑛 is the sample size, 𝑋ത is the mean of variable 𝑋 , 𝑌ത is the mean of the variable 𝑌 , and 

𝑋௜, 𝑌௜ are the sample points at the index 𝑖. 

Therefore, the formula for the Pearman’s Correlation Co-efficiency that the study used is. 

𝜌௑௒ ൌ
ቂଵ

௡
ሺ∑ 𝑋௜𝑌௜

௡
௜ୀଵ ሻ െ 𝑋ത𝑌തቃ

𝜎𝑋𝜎𝑌
 

In order to forecast the population growth in Kenya, this model considered and used input 

variables such as: 

a) Fertility rates. 

b) mortality rates. 

c) life expectancy.  

d) net migration. 
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e) economic growth. 

f) access to healthcare.  

g) access to education. 

h) gender equality.  

The dependent variable in this study is the total population, which is forecasted. The independent 

variables, as previously stated, are the input variables. There are 20 input variables and only one 

output variable. This study uses records from each year between 1960 and 2022. Due to the 

limited dataset, the entire dataset is utilised for the study. 

3.6.4 Architecture of the model (ANN) 

The ANN model consists of 20 neurons in the input layer, representing the 20 independent 

variables. The hidden layer plays a crucial role in ANNs, allowing the AAN to reveal and learn 

complex patterns in the dataset. The hidden layer then connects the input layer to the output layer 

as shown in Figure 3.2, which contains a single neuron representing the chosen output variable. 

In this case, the output variable is the total population to be predicted. 
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Figure 3.2: ANN Architecture 

3.6.5 Population Growth Forecasting Model Validation 

A population growth projection model is created, and its accuracy is gauged using the MSE, R2 

Score, MAE, MSLE, and then the MAPE thus the quality assessment metrics used. The MSE, R2 

Score, MAE, MSLE, and then the MAPE are able to measure the deviation between the actual 

values and the predicted ones, which acts as a risk function corresponding to the anticipated loss 

value (Otoom et al., 2019). 

With the assumption that a vector has 𝑛 generated predictions from a sample of cap 𝑌 data points 

on all variables, and cap 𝑌 hat is the vector of observed values of the variable being predicted, 

then the MSE, R2 Score, MAE, MSLE, and then the MAPE of the predictor within the sample 

are calculated as: 
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3.7 Research Utilisation 

The results for this study can primarily be used for academic purposes. The study is part of a 

master’s dissertation required to fulfil the academic requirements. Thereafter, the study results 

can be disseminated to the public, the study results can have a significant impact across many 

sectors that rely on the need or ability to forecast human population. This can enhance decision-

making in sectors or areas such as: 

a) Formulation of Policies and plans, for example the government can use the projections to 

come up with better approaches for resources allocation and build sustainable social 

infrastructures.  

b) The business sector, especially investors, can use the ML projections to examine the 

market shifts of Kenya and make better investment decisions. 

3.8 Systems Development Methodology 

In developing the population growth prediction tool, the Agile Development Methodology 

(ADM) was used in combination with (OOM) Object Oriented Modeling. ADM involves 

different iterative and incremental methodologies, which includes the Lean Development, 
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Scrum, and Crystal. This approach of methodology was selected for this research since it is an 

iterative and a continuous one, enabling regular feedback between the stakeholders, the 

refinement, and the delivery of a better software system. 

To ensure an approach that has a structure in analysing, designing, and implementing the system, 

the life cycle of OOM software was desegrated into the ADM. This cycle comprises phases such 

as gathering of requirements, analysing, designing of the system, implementing, and then testing 

the system. All the phases were able to secure the approach of software development that is 

analytical and thorough, which is in alignment with the quality of the ADM. 

The process of developing or modeling software was done in a manner that is continuous and 

includes the following stages of planning, designing, developing, testing, reviewing, and 

launching sprints iterations. The approach gives room for the feedback and collaborations 

amongst the stakeholders involved in the software development from the executive level to the 

employees and then finally the customers which leads to the enhancements made in the life cycle 

of the software which was developed. 

According to (ASD) Agile Software Development, there were more emphasis on personnel and 

their intercommunication over processes and tools, functionality of the software over the 

thorough documentation of the software, having an agreement with the customer over the 

negotiation of contracts and adaptation to change over resilience to an old way of doing 

something. Figure 3.3 illustrates the Agile Software Development Methodology. 
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Figure 3.3: Agile Software Development Methodology (Alsaqqa, Sawalha & Abdel-Nabi, 2020) 

  

3.9 Research Quality and Reliability 

Frost (2022) discussed the concept of Cronbach's alpha as a way to measure reliability that 

evaluates the internal consistency of a test and his study stated that Cronbach's alpha is be used 

in the evaluation of the survey's reliability battery of questions. Frost discussed the concept of 

criterion validity as a type of validity that measures the extent to which a test score is related to a 

specific outcome. Thus, he stated that the validity of the criterion can be used to measure the 

validity of a test that is designed to predict a specific outcome. 

In the context of this study, criterion validity was used to assess the validity of a test that is 

designed to predict population growth and the alpha test of Cronbach was used to measure how 

reliable the test is. 
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3.10 Ethical Considerations 

Throughout this study, adherence to the ethical principles outlined by (APA, 2022) was 

followed. These principles prioritise preventing harm, respecting autonomy, promoting benefit, 

fairness, honesty, trustworthiness, and responsibility. 

To ensure honesty and trustworthiness, the study sourced all literature from reputable sources 

and properly cite them to fulfil the moral and legal obligations as researchers, demonstrating 

responsibility. Additionally, the study shall seek Ethical Clerance from the Strathmore 

University Institutional Scientific and Ethical Review Committee (SU-ISERC) beforehand. 

Above all, the study was conducted with the utmost ethical regard. However, it is important to 

note that the APA's Ethical Principles serve as a foundation, and researchers should also consider 

the ethical principles of other professional organisations, as well as the relevant laws and 

regulations governing their research. 
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4. Chapter 4: System Analysis and Design 

4.1 Introduction 

This chapter explores the system development journey through the lens of critical thinking and 

transformation. The focus is on system analysis and design, with the ultimate goal of translating 

requirements into a tangible, conceptual framework or architecture that guides system 

development. As such, the study delves into a meticulous assessment and analysis of the 

interface and interactions between users and system elements, utilising tools such as use case 

diagrams, sequence diagrams, and class diagrams. 

4.2 System Requirement Analysis 

The system requirements were meticulously gathered through thorough procedures and processes 

that involved extensive literature review. Multiple research studies and articles, such as those 

conducted by Şahinarslan et al., (2021), Otoom et al., (2019), and Suárez et al., (2022), were 

carefully studied. These sources provided invaluable insights into the functional requirements 

necessary for accurate forecasting of human population. In this study, the findings from these 

sources were utilised to ensure that the forecasting ML models consider all relevant features that 

affect population growth or decrease and possess the ability to meet the selected requirements in 

order to forecast human population in Kenya with precision. 

During the course of this study, established tools and knowledge gathered from literature reviews 

was utilised to create unbiased and easily comprehensible procedures for gathering system 

requirements. For the goal is to ensure that the models designed should forecast human 

population growth in Kenya are highly efficient and effective, relying on the appropriate 

functional system requirements to provide accurate predictions. 
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4.2.1 Functional Requirements 

The systems developed must meet specific functional requirements to enable users to seamlessly 

complete the following tasks: 

a) Register with the platform. 

b) Log in to the platform. 

c) Access the platform using their account credentials. 

d) Upload a CSV file. 

e) View detailed predictions and plotted graphs. 

f) Accurately predict human population trends. 

4.2.2 Non-Functional Requirements  

The nonfunctional requirements for the models developed entail their usability, accuracy, 

accessibility, and storage capabilities. Specifically, these models are expected to exhibit: 

a) Simplicity and ease of interaction. 

b) High precision in prediction-making. 

c) Web-based accessibility. 

d) Adequate storage infrastructure. 
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4.3 Systems Architecture 

The system architecture includes a database to store user credentials, models developed, and 

model deployment on the web. The user will be prompted to create a CSV file with features and 

values, which they will then upload on the web to make predictions. To access the CSV file 

upload page, the user must first create an account through the signup page and log in. Once the 

CSV file is uploaded, the select models page is displayed. The saved model is loaded in order to 

receive the CSV file from the web, extract the values, and use them to make predictions. Figure 

4.1 shows the Systems Architecture. 

 

Figure 4.1: Systems Architecture 

4.4 System Design 

Undoubtedly, systems design is a fundamental aspect of information systems development, 

regardless of the system's purpose. It involves establishing the necessary data or information, 

designing the system's interfaces or interaction environment, creating the modules, components, 

and ultimately the system's structure. In this study, ADM and OOM were the integrated 

approaches used in systems software development, utilising OOP models to abstract the critical 

elements of the intended systems and reuse them to develop related systems. The models' 
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fundamentals and notation demonstrate the system creator's development process and have a 

significant impact on the system's outcome. 

4.4.1 Use Case Diagram 

This diagram depicts the interaction between the system and its users, with two distinct roles: the 

system user and the visitor. The visitor is limited to viewing the system's web display and 

navigating through the home, menu, signup, and login pages. On the other hand, the system user 

has the additional ability to create an account by signing up, logging in, and accessing the upload 

CSV file page to make predictions using a selected model as shown in Figure 4.2. 

 

Figure 4.2: Use Case Diagram 
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4.4.2 Class Diagram 

In general, UML encompasses class diagrams that are essential for providing the most 

comprehensive representation of a system's structure. These diagrams model classes, such as the 

user class, CSV data class, Models class, etc., along with their corresponding attributes (e.g., 

usernames, passwords), processes, and relationships between objects. Figure 4.3 showcases the 

class diagram. 

 

Figure 4.3: Class Diagram 
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4.4.3 Sequence Diagram 

The UML also incorporates the Sequence Diagram, which provides a precise explanation for 

occurrences within the system. The platform used for population predictions comprises several 

objects, including users, models, and web deployment. For instance, a user would sign up and 

log into the system, after which the CSV file upload page would be displayed, allowing the user 

to upload a CSV file. This leads to the model selection page, where the user can select a Machine 

Learning model to use for predicting future outcomes. Finally, the predictions are displayed to 

the user without any indication that an AI-powered assistant is involved in the process. Figure 

4.4 illustrates these objects and their communication with each other. 

 

Figure 4.4: Sequence Diagram 
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5. Chapter 5: Systems Implementation and Testing 

5.1 Introduction 

This section serves as a dedicated focus on the development of a system through the rigorous 

processes of training, testing, and validation. The implementation of the system necessitates a 

thorough analysis of its individual modules, followed by a well-structured development process, 

and culminating in the seamless execution of operations. 

5.2 ML Models Components 

5.2.1 Artificial Neural Networks 

The ANN model was designed using Scikit-Learn, specifically utilising the "MLPRegressor" 

class module. A class was created for the model, defining the input layer, hidden layers, and 

output layer with parameters such as the learning rate, random state, and number of epochs. As 

the default activation function for Scikit-Learn's MLPRegressor is ReLU, negative values are 

simply set to zero. The input layer's inputs are the input features fed into the model, with 

subsequent hidden layers' inputs being the outputs of the preceding hidden layer. The number of 

hidden layers is set to four, with the number of neurons in each layer defined at runtime in the 

"main.py" file. The trained model is saved and loaded for predictions in the "saved_models" 

folder by the "save_model.py" file. The output layer consists of a single neuron for "Population, 

total." Figure 5.1 depicts the class of ANN Model in the VS Code IDE using the Python 

programming language. 
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Figure 5.1: ANN Class 

5.2.2 Random Forest 

The Random Forest model was constructed using Scikit-Learn's "RandomForestRegressor" class 

module, which was imported for use in a model class as depicted in Figure 5.2. The default 

number of decision trees within the forest was set to 100 estimators, with each tree contributing 

to prediction accuracy and robustness. The maximum depth allowed for each decision was not 

limited, allowing the trees to expand until the minimum sample size was reached in order to 

prevent overfitting. The random state was set to none, allowing for random bootstrapping and 

sampling of the training data, and feature selection was used to ensure consistent results. 

Multiple subsets of the parent training data set were defined using random sampling with 

replacement in the bootstrapping process. A decision tree was built for every subset at every 

node of every tree, with features selected using the random state to find the best split. Predictions 

were made using the new dataset or data points fed to every decision tree, resulting in an output 

that was the average of the predictions of every tree. 
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Figure 5.2: Random Forest Class 

5.2.3 Logistic Regression 

Logistic Regression is built using Scikit-Learn's "LogisticRegression" class module. The 

constructor includes several parameters, such as the penalty parameter, which specifies the type 

of regularization used. In this case, the default L2 regularization is applied to prevent overfitting 

by adding a penalty to the cost function. There is also an option for L1 regularization. The C 

parameter represents the inverse of the strength of the regularization, with smaller values 

indicating stronger regularization and better control over the model's complexity. The random 

state parameter allows for reproducibility across multiple runs. The Logistic Regression uses the 

Sigmoid function to transform input values into probabilities between 0 and 1, which are then 

used to separate the data set into different classifications. The boundaries of these decisions are 

used to classify new data sets. Figure 5.3 depicts the Logistic Regression class in the VS Code 

IDE using Python. 
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Figure 5.3: Logistic Regression Class 

5.2.4 Support Vector Machine  

In the Support Vector Machine, the SVR class module from Scikit-Learn is imported and utilised 

within the model's class as illustrated in Figure 5.4. The constructor contains the kernel 

parameter, with the default being linear. This parameter defines the function for transforming 

input features into a higher-dimensional space for easier separation. The C parameter serves as 

the regularization parameter, controlling the trade-off between achieving low training error and 

maintaining a smooth decision boundary. A larger C results in lesser regularization. The epsilon 

parameter determines the size of the margin around the SVM hyperplane where there is no 

penalty association with the training points. This impacts the complexity of the decision 

boundary. Ultimately, the goal of the SVM is to find a hyperplane in the transformed feature 

space that maximizes the distance between the hyperplane and support vectors, allowing for 

separation of data points. The epsilon, or tolerance, parameter controls the degree of deviation 

and determines the most suitable hyperplane before incurring a penalty parameter. Finally, a new 

data set used as a data point is projected into the feature space, and the values of the predictions 

are obtained based on their relative position to the hyperplane.  
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Figure 5.4: SVM Class 

5.2.5 Linear Regression 

In Linear Regression, the LinearRegression class module from Scikit-Learn is imported and 

utilised. The constructor for the model's class as illustrated in Figure 5.5 contains no parameters 

that can be initialized in this scenario since linear regression relies on default settings for 

reliability. The key objective is to identify and describe the relationship between input features 

and the continuous output or target variable, using a best fit line or hyperplane in higher 

dimensions like Support Vector Machines. This best fit line is determined by minimizing the 

sum of squared errors between actual output and predictions made. New dataset projections are 

then visualised on the best fit line, and their predictions are determined based on their position 

relative to it. The linear relationship is assumed to be between input and output, with normally 

distributed errors and a constant variance. 
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Figure 5.5: Linear Regression Class 

5.2.6 Decision Tree 

In the Decision Tree, Scikit-Learn's "DecisionTreeRegressor" class module was imported once 

again to use in the model's class. The constructor initializes the parameters of a decision tree, 

including the maximum depth parameter that controls the tree's depth. We used the default value 

of none, allowing the tree to expand until the leaves contain pure samples. This is similar to the 

Random Forest model, which also uses decision trees with maximum depths. However, deeper 

trees can model even the most complicated and complex relationships, making the model 

susceptible to overfitting issues. Additionally, the random state introduces randomness to allow 

for node splitting when selecting input features.  

Starting at the root node, the dataset is recursively split based on input features that can separate 

the output suitably. The default Gini index is used to determine the feature that minimizes 

impurity. Finally, new data points are run through the tree while considering input values and 

splitting until the leaf nodes are reached. The average of the output becomes the prediction as 

shown in Figure 5.6.  
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Figure 5.6: Decision Tree Class 

5.2.7 K-Nearest Neighbors  

The model's class utilises Scikit-Learn's "KNeighborsRegressor" module, which focuses on the 

"K" parameter - the number of closest neighbors taken into account when determining 

predictions for the new data set. When calculating distances, the default method used is the 

Euclidian distance, although Manhattan distance is also an option. The KNN algorithm calculates 

the distance between the new data points and all other points in the training data set, selecting the 

"K" data points closest to the new points as the nearest neighbors. Finally, the average output 

values of the nearest neighbors are used as the predictions for the new data set. Figure 5.7 shows 

the KNN class in VS Code IDE using Python. 

 

Figure 5.7: KNN Class 
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5.3 Web Application Interface Components 

The web application begins with a homepage that outlines its features, followed by a menu page 

that displays all available pages. Users can then sign up to become registered users, granting 

access to the CSV file upload page, or log in to gain access. Once on the CSV file upload page, 

users can input their CSV files and use the data to make predictions. The final page allows users 

to select and apply a model, visualise their predictions, and display the results. 

5.3.1 Home Page 

This page serves as the main hub of the population predictions platform, designed to engage 

users and help them become familiar with the system. Located in the top left corner of the page 

is a menu button, represented by three lines, which provides access to other pages. Additionally, 

a signup button is available for those who have not yet been authorized to use the system. Figure 

5.8 shows the Home Page 

 

Figure 5.8: Home Page 
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5.3.2 Menu Page 

This particular page serves as a navigational hub for both the system user and the visitor, 

allowing for seamless access to various other pages such as the “About” page, “Contact” page, 

“Services” page, “Home” page, “Signup” page, and “Login” page. Its purpose is to streamline 

the user's browsing experience and facilitate easy access to the desired information. Figure 5.9 

shows the Menu Page. 

 

Figure 5.9: Menu Page 

 

5.3.3 Signup Page 

This webpage provides the option for the population predictions platform visitors to register and 

gain access to the functional pages of the system, enabling them to make predictions. Once 

registered, users are directed to the login page to input their credentials and access the system. 

Figure 5.10 shows the Signup Page. 
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Figure 5.10: Signup Page 

5.3.4 Login Page 

This portal provides a login mechanism for authenticated or registered users of the population 

predictions platform to gain access to the system's core functionalities. One such feature is the 

CSV file upload page, where users can upload a CSV file to leverage its data for predictive 

modeling and analysis. Figure 5.11 shows the Login Page. 
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Figure 5.11: Login Page 

5.3.5 CSV File Upload Page 

Upon logging into the system, users of the population predictions platform are directed to the 

CSV file upload page where they can input new values for the system's features in order to 

generate accurate predictions. Figure 5.12 shows the CSV File Upload Page. 



 

 

74 

 

 

 

Figure 5.12: CSV File Upload Page 

5.3.6 Model Selection Page 

This page is exclusively accessible when the population predictions platform user uploads a CSV 

file containing the input features along with their respective values as illustrated in Figure 5.13. 

Once on this page, the user may choose a model to utilise for predicting outcomes upon clicking 

the "predict and visualise" button. Following this action, both the predictions and visualisations 

of these predictions will be presented. 
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Figure 5.13: ML Model Selection Page 

5.4 System Implementation 

This study utilised an iterative development process that aligns with the integrated ADM and the 

OOM, accommodating evolving system requirements and continuous improvements and 

maintenance. As a result, the system is a robust solution that integrates multiple machine 

learning models to provide comprehensive analysis and insights. 

The system's core relies on a suite of seven machine learning models tailored for various 

predictive and analytical tasks, including Artificial Neural Networks, Random Forest, Logistic 

Regression, Support Vector Machines, Linear Regression, Decision Trees, and K-Nearest 

Neighbor. These models leverage historical data, industry-specific factors, and other relevant 

inputs to assess different aspects of a target entity. 

To create a seamless user experience, a web-based interface was built using the Flask 

framework. The interface guides users through structured data input, including essential features 
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such as fertility rates, mortality rates, life expectancy, net migration, economic growth, access to 

healthcare, access to education, and gender equality. 

After a comprehensive analysis, the system presents predictions and insights and provides 

tailored recommendations aimed at improving the analysed entity's success potential. To handle 

the computational complexity of utilising multiple models, the system is designed with 

scalability in mind, whereby the saved trained or tested models are loaded to make predictions 

when the user selects the model to use. By combining diverse machine learning algorithms with 

a user-friendly interface, this system offers a valuable tool for data-driven decision-making. 

5.4.1 System Development Environment 

During the development of the population predictions platform, a set of tools and technologies 

were utilised to create the system. These included Python, the Windows Operating System, VS 

Code IDE, the Scikit-Learn and PyTorch libraries, the Flask framework, CSS, the Pandas and 

NumPy libraries, and the Matplotlib library for visualisation. Additionally, MySQL was used to 

manage the system's database. 

5.4.2 Population Data Collection  

The study focussed on the development of ML models that are capable of predicting the 

population of Kenya. To accomplish this, a comprehensive and diverse dataset was utilised, 

which contains historical population data that are vital to population growth and are relevantly 

correlated factors that affect population growth and the population in general. The source for the 

dataset is the World Bank's Open Data WDIs database, which provides publicly accessible data 

on various development indicators, including population figures. The data source is known for 

offering reliable and internationally consistent population data across numerous countries and 

over extended periods. However, the dataset used in the study is focussed on specifically Kenya, 

considering the socioeconomic indicators that contain socioeconomic factors known to influence 

population dynamics were included, for example, fertility rates, mortality rates, life expectancy, 

net migration, economic growth, access to healthcare, access to education, and gender equality. 
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These factors are incorporated to help the model identify complex relationships that drive 

population growth and/or decline.  

The population dataset was carefully curated to include various input features, including 

Adolescent fertility rate, Fertility rate, total, Mortality rate, adult, female, Mortality rate, adult, 

male, Mortality rate, infant, Mortality rate, neonatal, Mortality rate, under-5, Net migration, GDP 

growth, GDP per capita growth, Life expectancy at birth, total, Government expenditure on 

education, total, School enrollment, primary, School enrollment, secondary, School enrollment, 

primary and secondary (gross), gender parity index (GPI), Current health expenditure, Current 

health expenditure per capita, Out-of-pocket expenditure, CPIA gender equality rating, and 

School enrollment, primary (gross), gender parity index (GPI). The output/target feature is the 

Population, total.  

Overall, the study provided a valuable contribution to the field of population dynamics by 

developing ML models that can accurately predict the population of Kenya. The developed 

models can help researchers and policymakers to understand the complex relationships between 

various socioeconomic factors and population growth and can also be used for future population 

predictions and studies. 

5.4.3 Population Data Preprocessing 

After collecting the dataset on the population of Kenya, preprocessing was carried out. Missing 

data was handled using the imputation technique of mean. Outliers were either deleted or 

imputed using the mean. To ensure data consistency and proper formatting for population 

prediction, annual data was used throughout the entire dataset. The dataset was also standardized 

and normalized to prevent features with large numerical ranges from dominating the training 

processes. Figure 5.14 shows the Loading of data from a CSV file. 



 

 

78 

 

 

 

Figure 5.14: Loading Data from the CSV File 

5.4.4 Exploratory Data Analysis 

Before developing and designing population prediction models for Kenya, it was essential to 

conduct thorough EDA on the population dataset. This allowed for a better understanding of the 

dataset's characteristics and trends, as well as uncovering potential relationships between input 

and target features. The following key areas were focused on: 

a) Population trend analysis was visualised using the "Matplotlib" library to view changes 

over time, highlighting overall growth, periods of stagnation, or decline. 

b) Correlation analysis was conducted to examine potential relationships between 

population total and socioeconomic factors such as GDP, net migration, and fertility rate. 

c) Correlation matrices were used to quantify the strength and direction of relationships 

between variables. 

d) Temporal patterns were analysed on both short-term and multi-year time scales to check 

for consistency in trends. 
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One important finding was a strong positive correlation between GDPs per capita and population 

growth rate in the Kenya dataset. Figure 5.15 shows some of the EDA Analysis carried out in the 

study. 

 

Figure 5.15: EDA Analysis 

5.4.5 Models’ Training and Testing 

During the training phase of the ML models, the "train_test_split" function from Scikit-Learn's 

"model_selection" was utilised to divide the data into 80% for training and 20% for testing. This 

ensured that the model was evaluated on new or unseen data. Feature scaling was also performed 

using Scikit-Learn's "StandardScaler" to normalize continuous features such as fertility rates and 

net migration. This prevented features with larger ranges from dominating the model training 

process, resulting in better performance.  

Various models, including Artificial Neural Networks, Linear Regression, Random Forests, 

Support Vector Machines, Logistic Regression, K-Nearest Neighbors, and Decision Trees, were 

selected and trained with the Kenya population dataset. The models' performances were then 

compared on the test dataset, and the best performer was selected. It was found that during 
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training, the Linear Regression model designed with Scikit-Learn's "LinearRegression" was the 

best performer. However, during testing, Scikit-Learn's "MLPRegressor" was the best 

performing model.  

Hyperparameter tuning was then conducted to further improve performance. However, some 

models, such as Support Vector Machines and Logistic Regression, failed to improve their 

performances and were among the worst performers compared to the other models. Figure 5.16 

and Figure 5.17 shows the way the models were trained and tested inside the models’ classes in 

the VS Code IDE using Python respectively. 

 

Figure 5.16: Training Models 
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Figure 5.17: Testing Models 

5.4.6 Models’ API and the Population Prediction Platform 

The API features a "predict" function that requires a CSV file to be uploaded via the 

"upload_csv_file" function. The CSV data is then processed to extract relevant features such as 

year, fertility rate, life expectancy, GDP (representing economic growth), net migration, and 

more. These features are preprocessed using Scikit-Learn's StandardScaler, and predictions are 

made using loaded, saved, tested, or trained models with the "load" method from "joblib". 

The API endpoint "/predict" is designed to receive the uploaded CSV file from "upload_csv_file" 

and generate a population prediction using the "predict" function. The result is returned in JSON 

format. 

To access the population prediction platform system software, simply connect to the internet and 

use any web browser such as Google Chrome, Microsoft Edge, Bing, Mozilla Firefox, Opera, or 

others to access the web interface of the system. 
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5.5 System Testing, Validity and Usability 

During the development of the system software, an integrated approach was taken to ensure the 

reliability and usability of the population prediction platform. This included rigorous testing and 

validation procedures such as unit tests on individual model components, integration tests on the 

entire data processing pipeline, and test suites for the web interface. Extensive testing was 

conducted using holdout validation sets and relevant metrics like MAE, RMSE, MSE, R2 Score, 

MSLE, and MAPE. The API was also tested for its robustness with varied input data and edge 

cases. UI validation was performed on CSV file uploads, model selection mechanisms, and 

prediction displays to ensure accuracy and user experience. Usability testing was conducted 

through user testing with representative samples of potential users, including demographers and 

fellow researchers. Ease of use tests were carried out to assess the intuitive nature of the web 

interface and the clarity of the input process. Finally, tests were conducted on the suitability and 

trustworthiness of the population prediction platform to ensure it meets the needs of users and 

provides trustworthy predictions. Figure 5.18 and Figure 5.19 shows the ANN’s Trained and 

Tested Model Predictions Metrics respectively. 

 

Figure 5.18: ANN Trained Model Predictions Metrics 
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Figure 5.19: ANN Tested Model Predictions Metrics 

Figure 5.20 and Figure 5.21 shows the Random Forest’s Trained and Tested Model Predictions 

Metrics respectively. 

 

Figure 5.20: Random Forest Trained Model Predictions Metrics 
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Figure 5.21: Random Forest Tested Model Predictions Metrics 

Figure 5.22 and Figure 5.23 shows the Logistic Regression’s Trained and Tested Model 

Predictions Metrics respectively. 

 

Figure 5.22: Logistic Regression Trained Model Predictions Metrics 
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Figure 5.23: Logistic Regression Tested Model Predictions Metrics 

Figure 5.24 and Figure 5.25 shows the SVM’s Trained and Tested Model Predictions Metrics 

respectively. 

 

Figure 5.24: SVM Trained Model Predictions Metrics 
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Figure 5.25: SVM Tested Model Predictions Metrics 

Figure 5.26 and Figure 5.27 shows the Linear Regression’s Trained and Tested Model 

Predictions Metrics respectively. 

 

Figure 5.26: Linear Regression Trained Model Predictions Metrics 
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Figure 5.27: Linear Regression Tested Model Predictions Metrics 

Figure 5.28 and Figure 5.29 shows the Decision Tree’s Trained and Tested Model Predictions 

Metrics respectively. 

 

Figure 5.28: Decision Tree Trained Model Predictions Metrics 
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Figure 5.29: Decision Tree Tested Model Predictions Metrics 

Figure 5.30 and Figure 5.31 shows the KNN’s Trained and Tested Model Predictions Metrics 

respectively. 

 

Figure 5.30: KNN Trained Model Predictions Metrics 
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Figure 5.31: KNN Tested Model Predictions Metrics 

Figure 5.32 and Figure 5.33 shows the ANN’s Trained and Tested Model Predictions Graphs 

respectively. 

 

Figure 5.32: ANN Trained Model Predictions Graph 
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Figure 5.33: ANN Tested Model Predictions Graph 

Figure 5.34 and Figure 5.35 shows the Random Forest’s Trained and Tested Model Predictions 

Graphs respectively. 

 

Figure 5.34: Random Forest Trained Model Predictions Graph 
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Figure 5.35: Random Forest Tested Model Predictions Graph 

Figure 5.36 and Figure 5.37 shows the Logistic Regression’s Trained and Tested Model 

Predictions Graphs respectively. 

 

Figure 5.36: Logistic Regression Trained Model Predictions Graph 
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Figure 5.37: Logistic Regression Tested Model Predictions Graph 

Figure 5.38 and Figure 5.39 shows the SVM’s Trained and Tested Model Predictions Graphs 

respectively. 

 

Figure 5.38: SVM Trained Model Predictions Graph 
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Figure 5.39: SVM Tested Model Predictions Graph 

Figure 5.40 and Figure 5.41 shows the Linear Regression’s Trained and Tested Model 

Predictions Graphs respectively. 

 

Figure 5.40: Linear Regression Trained Model Predictions Graph 
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Figure 5.41: Linear Regression Tested Model Predictions Graph 

Figure 5.42 and Figure 5.43 shows the Decision Tree’s Trained and Tested Model Predictions 
Graphs respectively. 

 

Figure 5.42: Decision Tree Trained Model Predictions Graph 
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Figure 5.43: Decision Tree Tested Model Predictions Graph 

Figure 5.44 and Figure 5.45 shows the KNN’s Trained and Tested Model Predictions Graphs 
respectively. 

 

Figure 5.44: KNN Trained Model Predictions Graph 
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Figure 5.45: KNN Tested Model Predictions Graph 
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6. Chapter 6: Discussions 

6.1 Research Objectives Review  

In the development phase of the models, a range of ML techniques were employed, including 

Artificial Neural Networks, Random Forest, Logistic Regression, Support Vector Machine, 

Linear Regression, Decision Trees, and K-Nearest Neighbors. These models were trained on a 

time series dataset spanning from 1960 to 2008 and then tested on data from 2009 to 2022. To 

adhere to the 80%-20% rule, 80% of the data was used for training, while the remaining 20% 

was reserved for testing. This section explores the findings of the research study, which focused 

on leveraging ML models to predict the population of Kenya. The research objectives were 

revisited since they guided this study. 

6.1.1 Determining the Challenges Associated with the Forecasting of Human Population 

growth in Kenya 

In order to effectively predict the human population growth of Kenya, it is essential to consider 

several key factors. First, it is of so much importance to have a thorough comprehension of the 

quality and availability of demographic and socioeconomic data in the region (Andrasfay & 

Goldman, 2022; USCB, 2023; World Bank, 2023). Next, potential challenges in historical data 

must be identified. Finally, any environmental or socioeconomic factors that may complicate the 

predictions of ML models must be recognized. Through careful analysis of the quality, 

accessibility, and scope of demographic data, as well as an investigation of historical data trends, 

challenges, and other pertinent factors, we can gain a comprehensive understanding of 

population growth in Kenya.  
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6.1.2 Analysis of The Current Methods, Techniques, and Approaches for Forecasting 

Human Population Growth 

In this study the review of the existing techniques and approaches for population forecasting in 

Kenya. The traditional statistical methods, such as census, demographic surveys, and virtual 

registration, have been widely used in the past. However, the cost associated with these methods 

has been a concern for the government (KNBS, 2022). Alternatively, ML techniques have 

emerged as a promising tool for population forecasting. A number of recent studies have 

reported successful applications of ML techniques in human population forecasting for different 

regions. For instance, Şahinarslan et al. (2021) used several ML models to predict the population 

of Turkey in 2017, achieving an accuracy of 95%. Similarly, Suárez et al. (2022) utilised the 

ANN algorithm and CO2 emissions to forecast the human population growth in urban centers of 

Colombia with an MAE of 0.038. Furthermore, Otoom et al. (2019) compared the performance 

of 17 different ML models in population forecasting and found that the best-performing models 

achieved accurate results even when historical data was not available. Based on these studies, the 

present research study aims to analyse and select the features and ML models for human 

population forecasting in Kenya. The strengths and weaknesses of the existing techniques were 

assessed to determine their capabilities in predicting the population trend dynamics of the 

country. 

6.1.3 Development of the ML Models for Forecasting Human Population Growth in Kenya 

As this is a time series issue, a comprehensive analysis of various ML algorithms was conducted 

to select the most appropriate one for human population forecasting in Kenya. Key stages 

included model selection and experimentation with a range of linear regression techniques, such 

as Artificial Neural Networks, Random Forest, Support Vector Machine, Logistic Regression, 

Linear Regression, Decision Trees, and K-Nearest Neighbors. Further efforts were made to 

optimize the performance of the ML models through hyperparameter tuning. 
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6.1.4 Validation of the ML models 

Within this section, a comprehensive analysis was conducted using various performance metrics, 

including the MSE, R2 Score, MAE, MSLE, and MAPE. These metrics were rigorously applied 

to validate the performance of the models utilising cross-validation techniques to reduce 

overfitting and ensure the broad applicability of the ML models. This meticulous process was 

carried out to identify the most accurate and reliable ML models for predicting population trends 

in Kenya. 

6.1.5 Insights and Interpretations of the Models 

This study aimed to delve into the crucial factors that contribute to population growth in a 

developing country such as Kenya. Rather than simply predicting population growth in Kenya, 

the machine learning models utilised in this study employed techniques like analysing feature 

importance and identifying the factors that have great influence on the human population growth 

trends in Kenya. 

6.2 Advantages of the Tool 

The Population Predictions Platform plays a crucial role in helping policy and decision makers 

plan for the country's resources based on population projections. Additionally, investors, 

particularly foreign investors, can make informed decisions on whether to invest in the country 

based on these projections. 

6.3 Limits to the study and the Population Predictions Platform 

One of the primary limitations of this study is the relatively small dataset size used. This issue 

was previously highlighted in the Literature Review, where Şahinarslan, et al., (2021) suggested 

that ML models are more effective when working with larger and more extensive datasets. They 

emphasized that population prediction is a challenge that will always be limited by the available 

datasets, particularly in developing countries like Kenya where statistical and demographic 

indicators are limited. This raises questions about the consistency and reliability of the available 

data. Another limitation relates to the training and testing of the models, as performance can 

differ significantly when using only a small sample of the dataset compared to the entire dataset. 
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7. Chapter 7: Conclusions and Recommendations 

7.1 Conclusions 

A population predictions platform was created using several ML models, including Artificial 

Neural Networks, Random Forest, Logistic Regression, Support Vector Machine, Linear 

Regression, Decision Trees, and K-Nearest Neighbors. The platform's accuracy was determined 

using various metrics like MAE, MSE, MAPE, MSLE, and R2 Score. The study found that 

Linear Regression, Decision Trees, and K-Nearest Neighbors performed better initially, but with 

hyper parameter tuning, Linear Regression, Random Forest, and Artificial Neural Network 

performed the best. These ML models can provide valuable contributions to policymakers and 

investors by enabling them to make informed decisions and better plan for the future. 

7.2 Recommendations 

The techniques, approaches, procedures and ML algorithms/models used in the study is crucial 

for further development and improvement. While the ML models used in the study accurately 

predicted population trends by considering factors such as fertility and mortality rates, life 

expectancy, net migration, economic growth, access to healthcare and education, and gender 

equality, the researcher suggests that other factors such as climate change and the use of satellite 

imagery and social media trends should be addressed. Additionally, creating a more advanced 

hybrid ML model by combining multiple models and investing in high-quality data from non-

traditional sources would be beneficial. Open data access for researchers and collection of 

diverse, high-quality data is also recommended. Lastly, transparency and addressing 

uncertainties in the models is critical for future development. 

7.3 Future Works 

Based on the findings of this study, there are limitations that offer valuable insights for future 

research explorations. To enhance the accuracy of models, future studies and further explorations 

could focus on enlarging and refining datasets. Additionally, researchers could consider 

improving demographic data quality using sources such as satellite imagery, social media 

platforms, and climatic changes. By addressing these areas of focus and building upon the 
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previously conducted studies, future researchers can design a reliable, sophisticated, and 

powerful population prediction platform. 
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