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Abstract -

Examining and analyzing demographic statistics are a key foundation for analyzing the

makeup of a population for a given nation. Some of the most important population demographics

include total population, crude birth rate(CBR - births/1000 people), crude death rate(CDR -

deaths/1000 people), and populations of different age groups and genders. These help provide a

basis into understanding the overall population growth and stage of development of a particular

country, which can ultimately be used to shape economic, political, and social policies for

different nations around the world. In this research project, I used multiple machine learning

models(neural network and linear regression) in order to predict key demographic statistics over

the next 5 years for each nation. These models yielded accurate results, as most sets of

predictions had accuracy scores above 0.85. Additionally, using advanced visualization

techniques, I modeled these predictions using popular human geography models such as

population pyramids and demographic transition models. I found that for more developed nations

such as countries in Western Europe and East Asia, the population of older individuals is going

to rise significantly over the coming years. For less developed nations such as those in Africa,

the overall population is going to skyrocket, and the proportion of young adults who will enter

the labor force will significantly surge. In terms of real-world implications, these results could

lead to more developed nations starting to spend more on social security and less developed

nations starting to implement policies that limit population growth.

Introduction -

My research question that I looked to answer through this project is: How will population

demographics change for nations around the world over the next 5 years? Finding answers for

this is incredibly useful because it provides valuable insight into each nation’s demographics for

the future and the trends that will occur, which allows nations to plan ahead for these changes

and implement proactive policies in order to effectively deal with the ever-changing population.

One example of this in action is the one-child policy in China, in which China restricted couples

to giving birth to only one child in order to combat overpopulation, before it was ultimately



repealed due to concerns about a future shortage in working-class individuals. In my project,

since I am going to be predicting statistics, my project uses regression and works with numerical

figures. I use supervised learning, in which I train my neural network and linear regression

models to ultimately make accurate predictions for various demographic statistics over the next 5

years.

Background -

Overall, much of the previous research on using machine learning for demographic

predictions has involved a variety of models to make mostly small-scope predictions using

minimal data. For example, one such research project involved making population forecasts for

major cities in Taiwan, in which the authors used LSTM and XGBoost models to make

predictions, and using mean absolute percentage error(MAPE) they found that XGBoost models

were more effective(Wang and Lee et al, 2021). However, one shortcoming was how minimal

their data was, as they only used demographic data from the last five years. Thus, the model

forecasted some demographic statistics such as immigration very poorly.

The vast majority of research papers on this topic make predictions only for the total

population of a specific region or nation. For example, one research paper specifically modeled

total population projections in Azerbaijan, using a variety of models(KNN, Decision Tree,

Random Forest) and metrics(MAPE, R^2)(Hajirahimova and Aliyeva et al, 2023).

Overall, much of the previous research has been exceptional in terms of model variety

and comparing results of predictions from different models. However, one overarching

shortcoming is that the minimal data that is used in these predictions leads to errant predictions,

as the models aren’t trained with enough data. Additionally, these previous models make

predictions for very specific regions but aren’t generalized to other nations around the world.

Thus, through my approach, I looked to build upon the positive aspects of previous research by

using multiple models and validation techniques(neural network, linear regression, r2_score,

accuracy_score), while also counteracting the shortcomings of previous research by using

extensive data from the past 60 years to train my models and by creating expansive models that

can be generalized to nations all around the world.



Dataset -

I extracted demographic data from the World Bank into a CSV file, which I used as the

initial dataset for my project. The dataset includes all of the statistics that I want to predict, such

as total population, total male population, total female population, crude birth rate, crude death

rate, and dependency ratio(% of working age population). It also included statistics of the

percentage of each age group’s population for a given gender. Each age group is in intervals of 5

years and is split by gender. For example, (“male ages 0-4, % of total male population”, “female

ages 75-79, % of total male population”, etc.) are each a statistic for each country in this dataset.

I used 198 countries in total, as that was the number of countries in which population data was

available over the last 62 years. My initial dataset is mostly numerical and is 10494 rows by 64

columns. The rows represent each statistic for each country. I used 53 statistics for each country

from 198 countries, which makes 198 times 53 = 10494 rows. Of the 64 columns, 2 represent

categorical variables, as they denote the country name and variable. The next 62 columns

represent the data from each year from 1961-2022(62 years).

Here is what the first five rows of the initial dataset look like:

Then, I used data preprocessing to craft a multitude of datasets. First, I created three

datasets for predicting solely the age group population percentages(“male ages 0-4, % of total

male population”, “female ages 75-79, % of total male population”, etc.). I created an input



dataset(x variable) that would comprise age group statistics from 10-year intervals, and I created

an output dataset(y variable) that would comprise age group statistics from the ensuing 5-year

interval. This is because essentially, I am training my model to make predictions for the next

5 years based on the previous 10 years, and I use these 10-year and 5-year intervals over the

last 62 years to repeatedly train my model. Both of these two aforementioned datasets are strictly

for model training only. Then, I create a third dataset that contains data from the previous 10

years(2013-2022), which I use to ultimately predict the next 5 years(2023-2027). The reason

why I chose 5 years is because the model starts to yield relatively inaccurate predictions past that

point.

Here is a look at the input dataset(x variable) for model training:

*10 year intervals for each nation(Afghanistan_1963-1972, Zimbabwe_1988-1997, etc.)

Output dataset(y variable) of all the age group percentages:

*Ensuing 5 year intervals for each nation(Afghanistan_1973-1977, Zimbabwe_1998-2002, etc.)



For predicting other statistics such as total population, CBR, CDR, etc., I didn’t create any new

datasets and instead used the aforementioned initial dataset described above.

Methodology/Models -

For predicting the age group population percentages(“male ages 0-4, % of total male

population”, “female ages 75-79, % of total male population”, etc.) for nations over the next 5

years(2023-2027), I used a neural network model, specifically MLPRegressor. Remember, for

predicting age group percentages, I created three datasets: an input dataset(x variable), a

corresponding output dataset(y variable), and a dataset with input data from the last 10

years(2013-2022) for making future predictions. All of the datasets are 2-D Pandas DataFrames.

First, I split the first two datasets into x_train, x_test, y_train, and y_test. My test ratio was 0.2,

so essentially 20% of the input and output data was dedicated to testing or validation, and 80% of

the input and output data was dedicated to training the neural network.

The way the neural network is trained is that it takes in each row of the corresponding

input and output training data one at a time. Each row of the input dataset is all of the age group

percentages for a given country during a given 10-year interval(e.g.: Afghanistan_1963-1972,

Zimbabwe_1988-1997, etc.). Each corresponding row of the output dataset is all of the age group

percentages for a given country during the 5-year interval afterwards(e.g.:

Afghanistan_1973-1977, Zimbabwe_1998-2002, etc.). There are over 1,000 of these rows, as we

took multiple corresponding 10-year and 5-year intervals from each nation.

For the neural network configuration, I did not implement any hidden layers because the

additional hidden layers leave the model prone to overfitting. Because the input and output

datasets aren’t particularly convoluted, not using hidden layers simplified the model and made it

more effective. For maximum iterations, I set it at 7,000 because the neural network needs ample

repetitions in order for it to be fully trained properly. Then, after training the model, I used the

third dataset(data from the past 10 years) to make predictions over each of the next 5 years for

each nation’s age group population percentages. These predictions were ultimately stored in a

comprehensive 198 by 170 DataFrame, as I made predictions for 198 countries, and for each

country, I predicted 34 age group percentages(17 for each gender) for each of the next 5 years,

thus totaling 34 times 5 = 170 columns.



Here is the DataFrame storing the predicted values:

Then, I used linear regression to predict statistics such as CBR, CDR, total population,

total female population, and total male population. For each variable, I modeled the line of

best-fit using data from the past 10 years(2013-2022). This is because 10 years is the perfect

balance between a good enough sample size and also relevance of data towards predicting the

future. For each statistic, I extracted that corresponding row from the initial dataset for each

nation and used the last 10 data points(last 10 years) of that row to train a linear regression

model. My x variable was the year, and my y variable was the statistic that I wanted to predict. I

used a new linear regression model for each given nation and each given statistic.

I used linear regression because its simplicity matched the type of data that was being

used to make predictions, as linear regression is not prone to overfitting unlike other methods

and produces consistently reliable predictions. The way linear regression works is that it takes in

x and y data, and it calculates a line that minimizes the squares of the residuals of the plot. This

line is used to interpolate and extrapolate predictions. While it isn’t good at handling complex

and fluctuating plots, it consistently produces reasonably valid predictions and does not overfit

the data. Initially, I intended to do linear regression on the multipliers of these statistics for each

of the last 10 years. A multiplier is how many times greater a quantity was from one year to the

next. Trying to account for the curved nature of population graphs, I initially thought that

predicting the future multipliers and using those multipliers to compute the numerical values for

each statistic was a good idea. However, it turned out that trying to account for curved growth

led to wildly erratic predictions and incredibly low accuracy. Thus, I stuck with linear regression



on the numerical statistics rather than the multipliers, as that was incredibly more reliable and

consistently produced relatively high accuracy.

Then, using the line of best-fit calculated for each statistic and each nation over the last

10 years, I used that to predict the corresponding data for each of the next 5 years. For my line of

best-fit equation, the x variable represented the year, and the y variable represented the predicted

value of that statistic. For example, if I wanted to predict a particular value in a country for the

year 2027, then my x value would be 2027, and my y value would be the corresponding

predicted value for that statistic in that given year. I stored all of these predictions in separate

DataFrames for each statistic, so I have five DataFrames for these five statistics(CBR, CDR,

total population, total male population, and total female population), and each DataFrame has

predictions of that statistic for each nation over the next five years.

Results and Discussion -

In terms of accuracy, both my neural network and linear regression models produced

mostly accurate results and were effective predictors. For my neural network for predicting each

of the age group percentages, I used the r2_score metric from scikit-learn as my validation

technique for modeling the accuracy of the predictions. I compared my predictions and the actual

y_test in order to produce an accuracy score, which ended up being around 0.98, a very strong

correlation.

For the linear regression models I used on each of the five statistics(CBR, CDR, total

pop., total female pop., and total male pop.), the accuracy of the models was high for each

statistic except for CDR. As stated earlier, for each statistic, I reused and refitted a linear

regression model for each country. Thus, the way that I calculated accuracy for each statistic was

by averaging the coefficient of determination(R-squared) scores that the linear regression model

produced for all nations. For example, for calculating the accuracy of using linear regression to

predict CBR, I averaged all of the coefficients of determination scores for each country’s CBR

plot. Ultimately, for total pop., total female pop., and total male pop., the average coefficient of

determination scores were each between 0.904 and 0.910. For CBR, the average coefficient of

determination score was around 0.842. However, for CDR, the average coefficient of

determination score was drastically lower, at around 0.618.



Here is a table of all of the accuracy results for each statistic:

Statistic: Accuracy(nearest ten-thousandth): calculated
using R^2 score(coefficient of determination)

Age group percentages(e.g.:“male ages 0-4, %

of total male population”)

0.9792

CBR 0.8425

CDR 0.6185

Total population 0.9093

Total female population 0.9048

Total male population 0.9048

One potential reason for the CDR linear model having much lower accuracy than the

other metrics is due to the rampant increases in deaths during the pandemic, which distorted the

shape of the plot. One way my model can better account for this is to gather data of countries that

had the most deaths attributed to COVID-19 and subtract those deaths from the total deaths. This

would make the data and predictions less skewed by the uncharacteristically high death rates

caused by the virus. Additionally, CBR and CDR are expected to have lower accuracy in general

because these statistics fluctuate more compared to total population, total female population, and

total male population.

For visualizing predictions, I created two types of plots: population pyramids and

demographic transition models. Population pyramids display the total population of each age

group for each gender in a back-to-back horizontal bar graph. For calculating the total population

of each age group for each gender, I multiplied the predicted age group percentages by the

predicted total female and male populations. Demographic transition models display the total

population, CBR, and CDR on a line plot, with the year as the x variable.

In terms of big-picture trends or takeaways from the predictions, the results largely

depended on a nation’s level of development. For more developed nations such as those in

Western Europe or East Asia, the proportion of older people(65+ years) is going to surge over the

next 5 years. In these nations, the population will stagnate, and the CBR and CDR are going to



be roughly around the same level. For particularly developed nations with significantly old

populations such as Japan, the death rate may even rise.

Here is the most recent population pyramid for Japan vs that projected for 2027:

Key trends for Japan over the next 5 years: The 0-4 age group population will increase

significantly(more births), the 80+ population will increase, and the 5-9 and 10-14 age groups

will decrease(less future workers).

For less developed nations such as those in Africa or Latin America, the proportion of

young adults will tremendously increase, leading to a growing workforce. In these nations, the

CBR is going to decrease as the nations start to become more developed. However, the

population will still continue to grow rapidly, as CBR is much greater than CDR in these

countries.

Here is the demographic transition model for Nigeria(2013-2027):

Key takeaways: the CBR and CDR

will continue to decrease, with CBR

decreasing at a faster rate, and the

total population will continue to

increase over the next 5 years.



In terms of actionable policy insights that can be derived from these results, one such

example would be increasing expenditures on social security in Japan. As seen from the Japan

population pyramid, the elderly population will significantly increase over the next 5 years,

especially those over 80+ years of age. Thus, this would require more pensions and more

government spending to take care of these elderly citizens.

Conclusion -

Ultimately, using neural network and linear regression models to predict various major

demographic statistics for each nation over the next 5 years, my predictions were largely valid

and accurate, which can be applicably used to extract insights about the demographics of various

nations and to inform economic, social, and political policy decisions for national governments.

Using a neural network to predict age group percentages was highly successful due to the

complexity of the data, while using linear regression to predict the other statistics(CBR, CDR,

total pop., total female pop., total male pop.) was also relatively successful due to the simplicity

and linear nature of these plots. One way these predictions can be improved upon is that I could

have taken into account other variables when making these predictions, such as environmental or

economic factors. This would have added more nuance and could have potentially led to even

more accurate predictions. Overall, this work can be built upon by making predictions for other

related demographic statistics that could take into account other factors besides age such as race

or socioeconomic status.
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