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Abstract: The relationship between life expectancy and healthcare costs has been
the subject of numerous studies by various organizations. This is because it serves as
a key tool for evaluating the effectiveness of the healthcare sector, as it affects both
the national budget and the quality of life and life expectancy of ordinary citizens.
The purpose of this study is to contribute to the advancement of this research by
incorporating additional parameters and applying combinations of data analysis
techniques. Initially, the differences between selected and representative countries
were presented, but basically this analysis focused on predicting life expectancy
using a set of economic, health, and environmental indicators. To achieve this goal,
two data sets from the World Bank’s open data platform were used for the period
2000-2023. The study involved handling of missing values, performing correlation
analysis, applying a linear regression model, conducting principal component
analysis, and creating a regression model using the random forest method. The
process was implemented using the Python programming language. Finally, the
summary results were presented and recommendations for future research were
formulated. This comprehensive effort is intended to serve as an advisory tool for
relevant decision-making and provides the basis for further analysis of the topic.
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1. Introduction

Various projects have been conducted on life
expectancy and the factors that influence it [1,2]. This
paper seeks to delve deeper into this important topic by
using additional data and combining different
methodologies. Drawing on a variety of databases from the
World Bank [3], an effort is made to identify correlations
between these databases, even if they do not necessarily
reflect a causal relationship. Thus, databases used that
include life expectancy, per capita health expenditure,
GDP per capita, the number of hospital beds per 1,000
people, liters of pure alcohol per person aged 15 and older,
smoking prevalence including all types of tobacco, and
infant mortality for children up to five years of age per 100
births.

In addition, data sets related to education have been
collected, such as the percentage of enrollments in higher
education relative to the population of the corresponding
“standard” age group. Additionally, a separate dataset is
provided showing the average number of years of
education completed by adults (25+), which is considered
to provide greater accuracy, as it further filters out noise
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from the previous list. Another dataset is also provided that
focuses more on environmental factors, as it examines air
pollution, specifically the average concentration of PM2.5
particulate matter in the air in micrograms per cubic meter.

Moreover, records have been included regarding the
percentage of the population that has access to drinking
water, the percentage of the labor force that is unemployed
but actively seeking work, and the percentages of the adult
population that is obese, i.e., has a body mass index (BMI)
of 30 or higher.

The purpose of this study, therefore, is to examine all
the factors that may influence life expectancy. This is
achieved through various procedures, as described in the
following chapter.

2. Materials and Methods

As mentioned above, As mentioned above, the data
were retrieved from the World Bank’s open data platform.
Initially, they were processed to clean and standardize
them. The main challenge was filling in the missing values.
The columns with relatively small percentages of missing
data (such as 'Obesity', 'Pure Alcohol’, 'PM2.5', and
'Education’) were imputed with the mean or median value.
However, for 'Smoking prevalence %' with over 63%
missing data, more advanced imputation techniques were
considered. This task was accomplished using the k-
Nearest Neighbors (KNN) method [4], which, however,
will not be analyzed for reasons of brevity, and thus, the
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missing values were imputed by considering patterns in the
remaining features.

2.1.Visualization of data

This study examines the correlation not only at the
global level but also analyzes data for 22 selected
countries. These are: Belgium, Brazil, Bulgaria, Canada,
Cyprus, Germany, France, Greece, Italy, Japan,
Luxembourg, Norway, Poland, Romania, Portugal, South
Africa, Sweden, Switzerland, Spain, Turkey, the United
States, and the United Kingdom. Fig. 1 illustrates the
relationship between life expectancy and the healthcare
costs per citizen.

This graph can effectively be obtained by removing the
time component from the two corresponding time series.
The Python program was used in the Thonny environment
to create this graph. The results shown, are very important
for drawing initial conclusions. In general, both variables
revile an upward trend over time, with a slight apparent
decline during the COVID-19 pandemic, which appears to
have had the greatest impact in 2021, the year in which the
effects of the global pandemic became apparent.

The general trend suggests that countries with higher
expenditures may have better prospects for a longer life
expectancy. It can be noted that the US has the highest
expenditures; nevertheless, its life expectancy is
significantly lower compared to other countries. Japan, on
the other hand, achieves the highest life expectancy among
the selected countries with very low expenditures, a fact
that may be attributed to various socio-economic factors.
South Africa appears to follow the pattern of low spending
and low life expectancy and has the lowest figures.

Furthermore, Greece has a relatively high life
expectancy relative to its expenditures. As for Turkey,
Bulgaria, and the global trend, the low life expectancy is
justified by the correspondingly low expenditures. Norway
and Switzerland have high life expectancy, but also high
expenditures.

In addition, the following chart illustrates the variables
of life expectancy and healthcare costs for the selected
countries, as well as the global trend. These figures are for
the year 2023. Fig. 2 better illustrates the strong correlation
between life expectancy and health expenditure per capita.

Health Expenditure per Capita vs Life Expectancy
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Fig. 1. Health Expenditure per Capita vs Life Expectancy.
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These graphs reflect that while there is generally a
strong correlation between the two variables, it is not
absolute, and furthermore, it is noted that there is not
necessarily a causal relationship between them. Some of
the reasons why life expectancy is not directly linked to
costs are that it also depends on various parameters, which
will be examined below.

2.2.Correlation analysis

Since all missing values in the specified columns have
been handled, a correlation heatmap was generated for the
numerical variables in the DataFrame. This will help
visualize the relationships between the various features.
This visualization presents the Pearson correlation
coefficients between all numerical features, as shown in
Fig. 3 below.

Correlation Matrix of DataFrame Variables (Simplified Names)
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3. The Correlation Matrix.

Fig.

Based on the above correlation matrix, the strongest
positive and negative correlations can be observed:

The strongest positive correlation observed is between
'GDP per capita' and 'Health expenditure', with a
correlation coefficient of 0.85. This indicates a very strong
direct relationship, suggesting that countries with higher
GDP per capita tend to also have higher health
expenditure.

On the other hand, the strongest negative correlation is
between 'GDP per capita’ and 'Hospital beds per 1000
people' with a correlation coefficient of -0.20. This
suggests a weak inverse relationship, where countries with
higher GDP per capita tend to have slightly fewer hospital
beds per 1000 people. However, it is important to note that
this is a relatively weak correlation. To provide a clearer
overview, a bar chart was created showing the five
strongest correlations, clearly illustrating the most
significant positive and negative relationships within the
dataset.

In the chart in Fig. 4, each bar represents a pair of
variables. It is easy to be noticed the high negative
correlation between life expectancy and child mortality,
and conversely, the high positive correlation between
GDP, health expenditure and education. This suggests that
economic prosperity and educational attainment are often
linked to higher health spending.

Top 5 Strongest Correlations (Positive and Negative)

Health expenditure vs Education

025 0.00
cormelaticn Coefficient

035 050 (X3 100

Fig. 4. The Correlation Bar Chart.

Subsequently, the correlation coefficients between
‘Life Expectancy' and all other variables in the dataset were
identified (Table 1).

Table 1. Correlations with 'Life Expectancy'.

Variable Correlation
Life Expectancy 1.000000
Health Expenditure 0.561414
GDP per Capita 0.558794
Education (Avg yrs schooling) 0.493118
Education (Tertiary) 0.333733
Year 0.249680
Pure Alcohol 0.070023
Smoking Prevalence 0.011482
Obesity -0.246621
Unemployment -0.474428
Air Pollution -0.589279
Child Mortality -0.868321

The main conclusions that can be drawn from the Table
labove are as follows:

« Firstly, the strongest positive correlations of Health
Expenditure (0.561) and GDP per Capita (0.559), indicates
that higher health expenditure is moderately associated
with higher life expectancy and respectively, countries
with higher GDP per capita, tend to have higher life
expectancy. In addition, the education, more years of
schooling, is linked to increased life expectancy (0.493).

* The strongest negative correlations are between child
mortality (-0.868), indicating that a higher child mortality
rate is strongly associated with lower life expectancy. This
is a very significant relationship. Furthermore, PM2.5 air
pollution (-0.589) indicates that higher levels of air
pollution are moderately associated with lower life
expectancy. The same principle applies to unemployment,
(-0.474), and higher unemployment rates are linked to
lower life expectancy.

« In summary, factors like child mortality, air pollution,
and unemployment have a significant negative impact on
life expectancy, while health expenditure, GDP per capita,
and education show a strong positive relationship.

+ Finally, weak or negligible correlations can be
observed in pure alcohol (0.070) and smoking prevalence
(0.011). These weak positive correlations, may be due to
confounding factors or the specific nature of the dataset.
The ten strongest correlations with life expectancy, are
presented in the following Fig. 5.
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Top 10 Strongest Correlations with Life Expectancy
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Fig. 5. The 10 strongest correlations with life expectancy.

The above heatmap provides a comprehensive
overview of the linear relationships within the specific
dataset. As a continuation of this effort, a regression
analysis will be conducted, to examine how various
variables quantitatively predict life expectancy.

2.3.Regression analysis

As mentioned above, regression analysis was
implemented, to understand how different variables
quantitatively predict 'Life Expectancy'. For this
reason, Multiple Linear Regression, was performed. The
model was evaluated using Mean Squared Error (MSE),
Root Mean Squared Error (RMSE), and R-squared, and the
coefficients were analyzed. Upon completion of the
process, the main results are as follows:

* Model Evaluation: The MSE was found 0.02. This
low MSE indicates that the model's predictions are close
to the actual values. Moreover, the RMSE, which
represents the typical error magnitude, was found 0.16.
Finally, the R-squared (R2) was found 0.82. This means
that approximately 82% of the variance in ‘Life
Expectancy' can be explained by the features included in
the model, which is a relatively strong R-squared,
suggesting a good fit.

* Model Coefficients: The Intercept, the expected 'Life
Expectancy' when all other predictor variables are zero,
was found 0.05. Furthermore, the Child Mortality of -0.82,
is the strongest negative predictor. For every one-unit
increase in 'Child Mortality', 'Life Expectancy' is predicted
to decrease by 0.82 units, holding other variables constant.
This aligns with our earlier correlation findings. The
Unemployment of -0.53, suggests that one-unit increase in
'‘Unemployment' is associated with a 0.53-unit decrease in
'Life Expectancy'.

The variables Pure Alcohol (-0.28), Obesity (-
0.17), PM2.5 Air Pollution (-0.12), Smoking Prevalence (-
0.12), and GDP per Capita (-0.18), also show negative
coefficients, meaning an increase in these factors is
associated with a decrease in life expectancy. The negative
coefficient for GDP per Capita might seem counter-
intuitive at first, given its strong positive correlation. This
often happens in multiple regression due to
multicollinearity or when the effect of a variable is
conditional on other variables in the model. It suggests that

once the effects of other variables like Health Expenditure
and Education are accounted for, GDP per Capita might
have a different marginal effect.

The Education (Avg years schooling) also has a
negative coefficient (-0.06), which is again counter-
intuitive. As a result these relationships should need
further investigation .

Finally, the Health Expenditure of 0.05 is the only
variable with a positive coefficient. A one-unit increase in
'Health Expenditure' is predicted to increase ‘Life
Expectancy' by 0.05 units. The overall results are
presented in the following Table 2.

Table 2. Regression Analysis-Model Coefficients.

Feature Coefficient
0 GDP per Capita -0.184001
1 Health Expenditure 0.045824
2 Child Mortality -0.823087
3 Education (Avg yrs schooling) -0.061094
4 Air Pollution -0.120481
5 Unemployment -0.531425
7 Pure Alcohol -0.275931
6 Obesity -0.171990
8 Smoking Prevalence -0.118452

Moreover, the Variance Inflation Factor (VIF) values
have been calculated to assess multicollinearity among the
predictor variables:

* Health Expenditure (122.96), GDP per Capita
(51.81), PM2.5 Air Pollution (36.32), Child Mortality
(22.11), and Education (Avg yrs schooling) (19.41) all
show very high VIF values (significantly above the
common threshold of 5 or 10). This indicates a strong
presence of multicollinearity among these variables.

* Unemployment (8.64) is also above the common
threshold of 5, suggesting a moderate level of
multicollinearity.

» Smoking Prevalence (4.24), Pure Alcohol (3.40), and
Obesity (2.18) have VIF values below 5, indicating they
are less affected by multicollinearity in this model.

The impact on negative coefficients can be a high
multicollinearity which can make the interpretation of
individual regression coefficients unstable and potentially
misleading. When predictor variables are highly
correlated, the model struggles to isolate the unique effect
of each variable on the dependent variable. This can lead
to unexpected positive or negative signs, inflated standard
errors, and the overall statistical power of the model might
decrease [5,6]. In the current model, the high VIF values
for GDP per Capita, Health Expenditure, Child Mortality,
Education (Avg yrs schooling), and PM2.5 Air Pollution
suggest that their coefficients (some of which are negative)
should be interpreted with caution. So, it's challenging to
precisely determine the independent effect of each of these
highly correlated variables on 'Life Expectancy'. To
address this, Principal Component Analysis (PCA) will be
used.

2.4.Principal component analysis

Based on the high VIF scores of the previous chapter,
PCA was applied to the following highly correlated
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features: 'Health Expenditure’, 'GDP per Capita’, 'PM2.5
Air Pollution’, 'Child Mortality', and 'Education (Avg yrs
schooling)'. After these features were scaled, the Principal
Component Analysis has been successfully applied to the
selected highly correlated features. As a result they were
transformed into a smaller set of principal components.The
output gave the following variance ratio:

* The PC1 (Principal Component 1) explains 65.63%
of the variance in the original five features.

e The PC2 (Principal Component 2) explains an
additional 15.35% of the variance.

Together, PC1 and PC2 explain approximately 81% of
the total variance in the original PCA features. This means
that by using just these two components, we retain a
significant amount of information from the original five
features. The loadings for PC1 and PC2, are presented to
the following Table 3.

Table 3. The loadings for PC_1 and PC_2.

Feature PC1 PC2
Health Expenditure 0.489190 0.403190
GDP per Capita 0.474301 0.380021
Air Pollution -0.429355 0.439111
Child Mortality -0.394383 0.683411
Education (Avg yrs schooling) ~ 0.442547 0.182077

The interpretations from the above are as follows:

« For PC1, it appears to be a general 'Socio-Economic
Development and Health Access' factor. Higher values of
PC1 would correspond to higher GDP, more health
expenditure, better education, and lower air pollution and
child mortality. This component captures the general well-
being and development aspects of a country.

» For PC2, it seems to be largely driven by 'Child
Health and Environmental Quality'. Higher values of PC2
would primarily indicate higher child mortality and higher
air pollution, even if other factors like health expenditure
and GDP also contribute positively but less strongly. This
component might distinguish countries facing significant
challenges in child health and environmental quality,
possibly independent of the overall development captured

by PC1.
The variance ratio of the rest are PC3: 0.1001, PC4:
0.0633, and PC5: 0.0268. The number of

chosen_components was 2, meaning the five original
highly correlated features have been replaced by two new
principal components: PC1 and PC2.

The X train transformed and X test transformed
dataframes now have a reduced number of columns, and
include PC1 and PC2 alongside the features that were not
part of the PCA (e.g., 'Unemployment’, 'Obesity', 'Pure
Alcohol', 'Smoking Prevalence'). This transformation has
effectively addressed the multicollinearity issue by
creating uncorrelated principal components.

The next step would be to re-run the Linear Regression
model using these transformed datasets to see how the
model performance and coefficients change.

2.5. Linear Regression model (using the PC1 and
PC2 variables)

The Since PCA has created a cleaner environment for
the other variables to express their individual relationships

with 'Life Expectancy', and this provided a more stable and
interpretable regression model. The results of this new
model are:

For Model Evaluation: MSE 7.02 and for RMSE 2.65.
On average, the model's predictions for 'Life Expectancy’
are off by about 2.65 years, which is a relatively small error
given the scale of life expectancy values. Finally the R-
squared is 0.82, and this indicates that approximately 82%
of the variance in 'Life Expectancy' can be explained by
the features included in the model (the two principal
components and the remaining original features). This is a
strong fit, suggesting the model is good at predicting life
expectancy.

The Model Coefficients are shown in Table 4.

Table 4. New Regression Analysis-Model Coefficients.

Feature Coefficient Feature Coefficient
PC1 2.04 Unemployment -0.10
PC2 -2.27 Pure Alcohol -0.42
Smoking Prevalence  0.39 Obesity -0.16

It follows the interpretation of coefficients:

* For PC1 (Coefficient: 2.04): A one-unit increase in
PC1 is associated with an increase of approximately 2.04
years in 'Life Expectancy’, holding other factors constant.
This is a strong positive relationship.

* PC2 (Coefficient: -2.27): A one-unit increase in PC2,
representing 'Child Health and Environmental Quality’, is
associated with a decrease of approximately 2.27 years in
‘Life Expectancy’, holding other factors constant. This is a
strong negative relationship. A higher PC2 score actually
represents worse child health and higher air pollution,
which would logically lead to lower life expectancy, thus
explaining the negative coefficient.

* Smoking Prevalence (Coefficient: 0.39): This still
shows a positive coefficient, which remains counter-
intuitive. It suggests that a one-unit increase in smoking
prevalence is associated with a 0.39-year increase in life
expectancy, which contradicts general health knowledge.
This could indicate a complex interaction not fully
captured by the model or other confounding factors.

* Unemployment (Coefficient: -0.10): A one-unit
increase in 'Unemployment' is associated with a decrease
of 0.10 years in 'Life Expectancy', which aligns with
expectations.

* Obesity (Coefficient: -0.16): A one-unit increase in
'Obesity' is associated with a decrease of 0.16 years in 'Life
Expectancy', which is also expected.

Pure Alcohol (Coefficient: -0.42): A one-unit increase
in 'Pure Alcohol' consumption is associated with a
decrease of 0.42 years in 'Life Expectancy', which is
consistent with known health impacts.

* Intercept (86.44): This is the predicted 'Life
Expectancy' when all features are zero. In this context,
with scaled and transformed features, it doesn't have a
direct interpretable meaning on its own but is part of the
regression equation.

Finally, a scatter plot was generated to visualize the
model's predictions against the actual values of Life
Expectancy.

In the Fig. 6, the red dashed line represents a perfect
prediction scenario, where predicted values exactly match
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actual values. It can be observed that most of the points
cluster closely around the red dashed line, especially in the
middle range of life expectancy. This indicates that the
model generally makes accurate predictions for a
significant portion of the data.

Actual vs. Predicted Life Expectancy
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Fig. 6. Actual vs. Predicted Life Expectancy.

On the other hand, there's some spread around the line,
particularly at the lower and higher ends, suggesting that
the model might have slightly less accuracy for extreme
life expectancy values. However, considering the R-
squared of 0.82, the model provides a strong fit overall.

In order to improve forecasts, especially for extreme
values, a Random Forest regressor model we trained.

2.6.Random Forest model

Random Forest is a powerful model capable of
capturing nonlinear relationships and interactions in the
data [7]. The model was successfully trained, and its
evaluation shows a significant improvement over the
linear regression model.

The Random Forest achieved an R-squared of 0.98,
which is much higher than the 0.82 of the linear regression.
This means that 98% of the variability in 'Life Expectancy'
is explained by the Random Forest model.

Furthermore, the RMSE decreased significantly from
2.65 to 0.87. This indicates that, on average, the Random
Forest model’s predictions are less than 1 year off from the
actual values, which is an excellent improvement.

These results confirm that the Random Forest model is
much more accurate in predicting 'Life Expectancy,'
especially for outliers, due to its ability to capture non-
linear relationships and interactions.

Also, the feature importances are PC1=0.65,
PC2=0.02, Unemployment=0.20, Obesity=0.07, Pure
Alcohol =0.04, and Smoking Prevalence=0.02.

The PC1, representing socioeconomic development
and access to healthcare, is by far the most important
feature for predicting 'Life Expectancy' in the Random
Forest model, as well as in linear regression.

Unemployment and obesity follow in importance,
while PC2, alcohol consumption, and smoking have a
smaller effect in the Random Forest model. Fig. 7 scatter
plot visualize the model’s predictions.
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Fig. 7. Actual vs. Predicted Life Expectancy(Random Forest).

The final 'Actual vs. Predicted Life Expectancy
(Random Forest)' chart shows that the data points are now
much closer to the red dashed line across the entire range
of values, including the outliers.

3. Conclusion

This study has completed an extensive analysis of the
data, from data cleaning to the training and evaluation of
two different regression models for predicting life
expectancy.

Initially, the investigation of correlations revealed
strong relationships between variables, with the strongest
positive correlation to be observed between 'GDP per
capita’ and 'Health expenditure' (0.85), indicating that
countries with higher GDP tend to have higher health
expenditures.

With regard to correlations with Life Expectancy,
strong negative was observed with 'Child Mortality' (-
0.87) and 'PM2.5 Air Pollution' (-0.59). This is to be
expected, as high child mortality and poor air quality are
linked to reduced life expectancy. In contrast, Life
Expectancy showed a strong positive correlation with
'Health Expenditure' (0.56) and 'GDP per Capita' (0.56),
highlighting the importance of economic prosperity and
health investments.

The revised linear model with PCA had an R-squared
of 0.82 and RMSE of 2.65, suggesting a good level of
prediction, though with some weakness in extreme values.

Random Forest Regressor was implemented to further
improve predictions, using the same variables, including
PC1 and PC2. The Random Forest model
demonstrated excellent improvement, with R-squared
0.98, and RMSE 0.87.

The overall analysis highlights the strong impact of
socio-economic development, health investments, child
mortality, and environmental quality on life expectancy.
While linear regression provided a good initial
understanding, the complexity of the relationships
required a more robust model. The Random Forest
Regressor proved to be highly effective, providing a very
accurate and reliable model for predicting life expectancy,
successfully addressing both general trends and extreme
values in our data.

Some approaches for further investigation of the issue
could involve the use of polynomial regression, residual
analysis, weighted regression, and the enrichment of the
data, in terms of the number of variables and their quality.
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