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Machine learning models for life expectancy prediction: 
Vaccination and socioeconomic factors

Yaşam beklentisi tahmini için makine öğrenimi modelleri: Aşılama ve sosyoekonomik 
faktörler

İsmail Biçer

Dr. Pamukkale University, Denizli/Turkiye, ismailbiceer@gmail.com, 000-0003-1878-0546

ABSTRACT
Introduction and Objective: This study compares machine learning models for 
predicting life expectancy, focusing on the effects of vaccination rates and 
socioeconomic factors. The main objective is to identify the most accurate model 
for life expectancy prediction and to examine the influence of these variables. 
Materials and Methods: Data preprocessing, statistical analyses, and machine 
learning modeling were performed using the Python programming language. Model 
performance was evaluated using RMSE, MAE, and R² metrics. The importance of 
variables was determined through Permutation Importance and SHAP analyses. 
Results: The XGBoost model achieved the lowest error rates and the highest R² value 
(90.7%), followed by the Random Forest model with an R² of 88.8%. Income was 
identified as the most influential factor affecting life expectancy, followed by health 
expenditures. Vaccination rates showed lower importance in Linear Regression and 
Artificial Neural Network models but had higher effects in Random Forest and XGBoost 
models. Conclusion: The XGBoost model proved to be the most successful method 
for predicting life expectancy. The findings highlight the crucial role of economic 
growth and health investments in extending lifespan and suggest that the impact of 
vaccination rates may vary depending on the model used.

ÖZ
Giriş ve Amaç: Bu çalışma, yaşam beklentisini tahmin etmede makine öğrenimi 
modellerini karşılaştırmakta ve aşılanma oranı ile sosyoekonomik faktörlerin etkisine 
odaklanmaktadır. Amaç, yaşam beklentisini en doğru şekilde tahmin eden modeli 
belirlemek ve bu değişkenlerin etkilerini incelemektir. Gereç ve Yöntem: Veri ön 
işleme, istatistiksel analizler ve makine öğrenimi modellemeleri Python programlama 
dili kullanılarak yapılmıştır. Modellerin performansı RMSE, MAE ve R² değerleriyle 
değerlendirilmiş; değişkenlerin önem düzeyi Permütasyon Önemi ve SHAP analizleriyle 
belirlenmiştir. Bulgular: XGBoost modeli en düşük hata oranlarını ve en yüksek R² 
değerini (%90,7) elde etmiştir. Rastgele Orman modeli %88,8 R² ile ikinci sırada 
yer almıştır. Gelir, yaşam beklentisini en çok etkileyen değişken olarak belirlenmiş; 
sağlık harcamaları ikinci sırada yer almıştır. Aşılama oranı, doğrusal modellerde 
düşük, XGBoost ve Rastgele Orman modellerinde daha yüksek etki göstermiştir. 
Sonuç: XGBoost modeli yaşam beklentisini tahminde en başarılı yöntemdir. Bulgular, 
ekonomik büyüme ve sağlık yatırımlarının yaşam süresini uzatmadaki önemini ve 
aşılama oranlarının model türüne bağlı olarak değişen etkisini ortaya koymaktadır.
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INTRODUCTION

Life expectancy (LE) is a fundamental measure commonly used to assess the overall welfare 
and health status of a population (Lipesa et al., 2023). LE can be defined as the average number of 
years a person in a given population is expected to live, based on their year of birth, current age, 
gender, or geographical location (Ronmi et al., 2023). According to Ritchie et al. (2023), while 
the average life expectancy of a newborn was 32 years in 1900, this figure more than doubled to 
reach 71 years by 2021. This substantial increase in life expectancy is attributed to improvements 
in living standards, economic growth, and poverty reduction, as well as advancements in health-
related areas such as nutrition, access to clean water, sanitation, neonatal health, antibiotics, public 
health interventions, and vaccinations (Roser et al., 2023). Various studies have suggested that 
LE is influenced by a range of factors, including socioeconomic, environmental, health-related, 
personal, and immunological determinants.

In the literature, numerous studies have examined the factors determining life expectancy 
using classical statistical models such as linear regression, generalized linear models, or time 
series forecasting methods (Bilas et al., 2014; Linden and Ray, 2017). A deep understanding 
of the factors influencing LE can assist governments and stakeholders in making appropriate 
health investment and policy decisions. Moreover, in the rapidly expanding field of digital health, 
comprehending the determinants of LE in detail can aid health professionals and scientists in 
developing programs and technologies aimed at improving overall well-being and consequently 
increasing life expectancy. At this point, the emergence of artificial intelligence (AI), machine 
learning (ML), and data science concepts has made it particularly possible to generate valuable 
insights from data to achieve this goal (Fosso Wamba and Queiroz, 2021). Additionally, some 
research has aimed to enhance predictive power by incorporating immunization rates into their 
models (Agarwal et al., 2019; Lakshmanarao, 2022; Dawoud and Abu-Naser, 2023; Sofi and 
Yasmin, 2025). Vydehi et al. (2020), in their study utilizing machine learning techniques with 
various algorithms and datasets to predict life expectancy, found that random forest regression 
produced the most accurate results for life expectancy prediction. Gill et al. (2023) highlighted 
the complexity of predicting life expectancy due to multiple influencing factors such as lifestyle, 
access to healthcare services, and socioeconomic status, employing linear regression (LR) and 
decision tree classification techniques. Their research demonstrated that linear regression yielded 
higher accuracy rates compared to decision tree classification. In their study, Ozsahin et al. (2024) 
utilized ensemble machine learning models such as Random Forest (RF), Light Gradient Boosting 
Machine (LGBM), Adaptive Boosting (AdaBoost), and eXtreme Gradient Boosting (XGBoost) 
to predict life expectancy. The results indicated that LGBM demonstrated the best performance 
among these models. Similarly, recent studies have focused on applying the XGBoost algorithm 
to predict life expectancy using machine learning approaches. Both Shakeel Ahamad et al. (2025) 
and Lipesa et al. (2023) employed XGBoost-based models to predict life expectancy across various 
countries, concluding that these models outperformed other machine learning techniques.

In recent years, machine learning methods have been widely employed for predicting life 
expectancy, and numerous studies have analyzed the impact of socioeconomic indicators and 
health expenditures on life expectancy (Alinejad, 2023; Georgiev et al., 2024). Additionally, some 
research has aimed to enhance predictive power by incorporating immunization rates into their 
models (Agarwal et al., 2019; Lakshmanarao, 2022; Dawoud and Abu-Naser, 2023; Sofi and Yasmin, 
2025). However, although numerous studies have applied ML techniques for LE prediction, few 
have systematically compared their performances while jointly analyzing socioeconomic and 
vaccination factors with interpretable ML explainability tools. For these reasons, the primary aim 
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of this study is to systematically compare the performance of different machine learning models 
in predicting life expectancy and to detail, on a model-specific basis, the effects of socioeconomic 
and health indicators such as income, health expenditures, and vaccination coverage rates on 
life expectancy. Additionally, the study aims to enhance the interpretability of model decision 
mechanisms through the combined application of Permutation Importance and SHAP analyses. 
This research fills a gap in the literature by systematically comparing machine learning models 
for life expectancy prediction and integrating vaccination variables into the analysis. In doing so, 
it provides both methodological and practical contributions to the fields of health economics, 
epidemiology, and artificial intelligence applications.

MATERIALS AND METHODS

Data Source and Variables

The data used in this study were obtained from the World Bank (2025) database and cover 
the period from 2000 to 2022. The database includes a total of 196 countries. Countries with 
missing data or inaccessible data were excluded from the dataset, resulting in an analysis based 
on data from 95 countries. Consequently, a total of 2,185 observations were obtained, comprising 
23 years of data across these 95 countries.

In this study, life expectancy at birth, total (years) (LEB) was designated as the dependent 
variable. The independent variables included Immunization, BCG (% of one-year-old children) 
(BCG); Immunization, DPT (% of children ages 12–23 months) (DPT); Immunization, POL3 (% of 
one-year-old children) (POL); Immunization, measles (% of children ages 12–23 months) (MEAS); 
Current health expenditure per capita (current US$) (HEXP); GDP per capita, PPP (constant 
2017 international $) (GDP); Inflation, consumer prices (annual %) (INF); and Unemployment, 
total (% of total labor force) (modeled ILO estimate) (UNEMP). Detailed information regarding 
the variables used in the study is presented in Table 1.

As the data used in this study were secondary data, ethical approval was not required for 
this research.

Table 1. Information on the Variables

Variables Abbreviation Source
Life expectancy at birth, total (years) LEB

World Bank 
(2025)

Immunization, BCG (% of one-year-old children) BCG
Immunization, DPT (% of children ages 12-23 months) DPT
Immunization, POL3 (% of one-year-old children) POL
Immunization, measles (% of children ages 12-23 months) MEAS
Current health expenditure per capita (current US$) HEXP
GDP per capita, PPP (constant 2017 international $) GDP
Inflation, consumer prices (annual %) INF
Unemployment, total (% of total labor force) (modeled ILO estimate) UNEMP

ANALYSIS

All data preprocessing, statistical analyses, and machine learning modelling in this study 
were performed using the Python programming language. For data processing and analyses, the 
libraries pandas, numpy, scikit-learn, xgboost, scipy, and matplotlib were utilized.
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In this study, descriptive statistical analyses were first conducted to calculate the mean, 
standard deviation, minimum, and maximum values of the variables. Subsequently, data 
preprocessing steps such as logarithmic transformation, Winsorization, and MinMaxScaler 
normalization were applied to the variables in the dataset to meet model assumptions and 
improve model performance. Pearson correlation analysis was then performed to determine 
the linear relationships between variables, and the results were presented using a heatmap. 
Prior to modelling, the dataset was split into training and test sets, with 80% used for training 
and 20% for testing. For predicting the relationships between the dependent variable and the 
selected independent variables, Linear Regression, Random Forest, XGBoost, and Artificial 
Neural Network (ANN) models were employed. For each model, hyperparameter optimization, 
cross-validation performance analysis, test set evaluation, Permutation Importance analysis, and 
SHAP analysis were conducted. Hyperparameter optimization for all models (Random Forest, 
XGBoost, and ANN) was performed using GridSearchCV with 5-fold cross-validation, ensuring 
robust parameter selection and preventing overfitting. The Friedman test was used to compare 
the RMSE values of the models.

MACHINE LEARNING MODELS

Linear Regression

Linear regression is a supervised machine learning method widely used for predicting 
continuous target variables. This approach aims to make predictions by establishing a linear 
mathematical relationship between one or more independent variables (X) and a dependent 
variable (y) (Ngo, 2012).

Random Forest Regression

Random Forest is an ensemble machine learning method composed of multiple decision 
trees, which combines the results of these trees to improve the accuracy and stability of predictions. 
This supervised learning algorithm can be used for both classification and regression analyses. In 
this method, various sub-datasets are created from the original dataset using bootstrap sampling 
with replacement. Additionally, at each split, a random subset of variables is selected instead of 
using all variables, thereby reducing correlations among trees. Each decision tree is structured 
based on the defined splitting criteria (Das et al., 2025).

XGBoost

XGBoost is an advanced version of the Gradient Boosting algorithm, offering high 
computational efficiency and strong predictive capabilities. This machine learning method 
incorporates various features such as regularization, computational optimization, and advanced 
enhancement techniques to prevent overfitting and improve model performance (Mesut et al., 
2023).

Artificial Neural Network

Artificial Neural Network (ANN) are supervised machine learning algorithms inspired by 
the structure and functioning of the human brain (Das et al., 2025). These models are designed to 
approximately learn complex functional relationships and are widely used in various applications 
such as classification, regression, and deep learning. ANN architectures consist of layers composed 
of interconnected neurons, each processing the input it receives to produce an output, which is 
then passed on to the next layer.
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Traditional regression methods rely on strict parametric assumptions and often fail to 
capture complex nonlinear relationships among variables. In contrast, machine learning models 
are nonparametric and therefore do not require the assumptions of normality, homoscedasticity, 
multicollinearity, and autocorrelation that are tested in classical regression models (Umarov, 2025).

RESULTS

Descriptive Statistics

The descriptive statistics of the variables are presented in Table 2. The mean value of the LEB 
variable was calculated as 67.30 years, with a standard deviation of 8.30. Regarding vaccination 
rates, the BCG vaccine had a mean coverage of 90.61% with a standard deviation of 11.07, DPT 
had a mean of 84.78% and a standard deviation of 15.83, polio (Pol3) had a mean of 84.47% and 
a standard deviation of 15.74, and measles had a mean of 83.64% with a standard deviation of 
16.29. For the HEXP variable, the mean per capita health expenditure was calculated as 552.12 
USD, with a standard deviation of 692.46 USD. The GDP variable had a mean of 13,684 USD 
and a standard deviation of 18,696 USD. Among macroeconomic indicators, the INF rate had a 
mean of 6.52% with a standard deviation of 13.80%, while UNEMP had a mean of 7.45% with 
a standard deviation of 5.59%.

Table 2. Descriptive Statistics of the Variables

Variables Mean Standard Deviation Minimum Maximum
LEB 67.30 8.30 14.67 83.60
BCG 90.62 11.08 28.00 99.00
DPT 84.79 15.83 19.00 99.00
POL 84.47 15.75 8.00 99.00
MEAS 83.64 16.30 16.00 99.00
HEXP 552.12 692.46 20.67 6657.93
GDP 13684.27 18696.06 795.77 145591.02
INF 6.52 13.80 -16.86 359.09
UNEMP 7.45 5.59 0.10 34.01

Data Preprocessing

In this study, logarithmic transformation was initially applied to normalize the distributions 
of the independent variables and to reduce their skewness. This procedure was chosen to strengthen 
model assumptions and mitigate the effects of extreme outliers (Changyong et al., 2014). All 
independent variables had positive values; for variables containing zero or negative values, a 
log(x+1) transformation was applied.

After the logarithmic transformation, Winsorization was applied to reduce the influence 
of outliers on model parameters. As widely recommended in the literature, the lower 5% and 
upper 95% limits were used for each variable (Mohamed et al., 2025). This method suppresses 
the impact of extreme outliers without causing data loss, thereby contributing to the generation 
of robust estimates. In this way, outlier observations were retained in the dataset with minimal 
information loss while reducing their undue influence on the data distribution. Winsorization 
particularly contributes to meeting parametric assumptions and enhancing the stability of analysis 
results in regression and ANN models (Demir and Sahin, 2023).
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In this study, MinMaxScaler normalization was applied to improve the learning performance 
of models, particularly gradient-based algorithms such as artificial neural networks. With this 
method, each variable was scaled to the [0,1] range using its own minimum and maximum values. 
MinMaxScaler normalization standardizes the data, thereby enhancing model performance, and 
this normalization process positively influences the success and accuracy rates of optimization-
based algorithms, especially ANNs (Chepino et al., 2023).

The dataset was divided into training and test sets in an 80%-20% split to evaluate the 
predictive power and generalizability of the models. The training set contained 1,748 observations, 
while the test set included 437 observations. This split ratio, widely used in the literature 
(Khamparia et al., 2021), allows for a robust assessment of the model’s learning performance as well 
as its validation performance on an independent dataset. In this way, the model’s generalization 
ability is ensured, and the risk of overfitting is kept under control.

The boxplot distribution analysis after data transformation and normalization is presented 
in Figure 1. All variables were scaled to the [0,1] range, with vaccination rate variables showing 
a concentration near the upper limit and some low-value outliers at the lower end. In contrast, 
economic and macroeconomic indicators exhibited a more balanced distribution. The LEB variable 
was also normalized to bring it onto a common scale for analysis, with its median observed at 
a medium-high level. These results indicate that the applied data transformation procedures 
effectively reduced the influence of outliers and made the variables suitable for modelling.

Correlation Analysis (Heatmap)

The results of the Pearson correlation analysis performed on the data after Winsorization 
and logarithmic transformation are presented in Figure 2. According to the analysis, there was a 
strong positive correlation between LEB and GDP (r=0.75). Similarly, a strong positive correlation 
was found between LEB and HEXP (r=0.77). The vaccination rates of BCG, DPT, POL, and 
MEAS showed moderate positive relationships with LEB. A low-level negative correlation was 
identified between INF and LEB, while UNEMP demonstrated a low-level positive correlation 
with LEB. The correlation heatmap visualization clearly highlights the strong relationships among 
LEB, GDP, and HEXP, as well as the vaccination rates. While multicollinearity poses a statistical 
issue in regression and panel data analyses, it does not adversely affect model performance in 
nonlinear models since direct statistical significance testing or coefficient interpretation is not 
conducted in these models.

Figure 1. Boxplot Results
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Model Performance

Table 3 presents the 5-fold cross-validation and test set results. As classical linear regression 
does not require hyperparameter tuning, it was trained directly using sklearn’s LinearRegression 
function. Cross-validation yielded an average RMSE of 4.52, MAE of 3.39, and R² of 0.69, indicating 
that 69% of the variance in the dependent variable was explained. On the test set, RMSE was 4.34, 
MAE was 3.30, and R² increased to 0.74, suggesting stable generalization and no overfitting, with 
reliable predictive performance on new data.

The Random Forest model was built using sklearn and optimized with GridSearchCV. 
Cross-validation yielded an average RMSE of 3.02, MAE of 2.04, and R² of 0.86, indicating that 
86% of the variance was explained in the training data. On the test set, RMSE was 2.84, MAE was 
1.81, and R² increased to 0.89, suggesting strong generalization performance without overfitting 
and very high explanatory power on unseen data.

The XGBoost model, based on gradient boosting, was implemented using sklearn and 
xgboost, with hyperparameters optimized via GridSearchCV. Cross-validation yielded an average 
RMSE of 3.02, MAE of 2.02, and R² of 0.86, explaining 86% of the variance in the training data. 
On the test set, RMSE decreased to 2.59, MAE to 1.72, and R² increased to 0.91, indicating very 
strong generalization performance without overfitting and high explanatory power on unseen data.

An artificial neural network with an MLP architecture was implemented using sklearn 
and optimized with GridSearchCV. Cross-validation results showed an average RMSE of 4.08, 
MAE of 3.06, and R² of 0.75, explaining 75% of the variance in the training data. On the test set, 
RMSE decreased to 3.29, MAE to 2.80, and R² increased to 0.80, indicating good generalization 
performance without overfitting and reasonable explanatory power on unseen data.

According to the findings of the study, the test set and cross-validation performances of 
the Linear Regression, Random Forest, XGBoost, and Artificial Neural Network models were 
compared. In terms of RMSE and MAE values, the XGBoost model achieved the lowest error 
rates, followed by the Random Forest model. The model with the highest R² value was XGBoost at 
90.7%, with Random Forest ranking second at 88.8%. The performances of the Linear Regression 
and ANN models were found to be lower compared to these two models. These results indicate 
that XGBoost outperforms other methods in predicting life expectancy.

The models were ranked based on RMSE to assess predictive accuracy. Since parametric 
test assumptions were unmet, the Friedman test was used to compare model performances, as 
recommended for error comparisons on the same dataset (Korkmaz & Onemli, 2011). Results 
showed significant differences among models (χ²=14.755, p=0.002). Nemenyi post-hoc analysis 

Figure 2. Heatmap Correlation Matrix
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revealed that XGBoost performed significantly better than Linear Regression (p<0.01), while 
the difference between Linear Regression and Random Forest was marginal (p=0.05). No other 
pairwise differences were significant, indicating that XGBoost had superior RMSE performance 
compared to Linear Regression.

Table 3. Analysis Results of ML Models

Model
Test Set Error Cross-Validation Error

RMSE MAE R2 RMSE MAE R2

Linear Regression 4.3407 3.2988 0.7385 4.5209 3.3904 0.6949

Random Forest 2.8357 1.8061 0.8884 3.0161 2.0388 0.8645

XGBoost 2.5906 1.7168 0.9068 3.0157 2.016 0.8645

Artificial Neural Network 3.2891 2.7978 0.7965 4.0799 3.0605 0.7525

The models were ranked based on RMSE to assess predictive accuracy. Since parametric 
test assumptions were unmet, the Friedman test was used to compare model performances, as 
recommended for error comparisons on the same dataset (Korkmaz & Onemli, 2011). Results 
showed significant differences among models (χ²=14.755, p=0.002). Nemenyi post-hoc analysis 
revealed that XGBoost performed significantly better than Linear Regression (p<0.01), while 
the difference between Linear Regression and Random Forest was marginal (p=0.05). No other 
pairwise differences were significant, indicating that XGBoost had superior RMSE performance 
compared to Linear Regression.

Table 4. Friedman Test Results

Linear Regression Random Forest XGBoost ANN

Linear Regression 1

Random Forest 0.05* 1

XGBoost 0.00* 0.76 1

ANN 0.61 0.53 0.09 1

Friedman test statistic = 14.755, p=0.002

Importance Analyses of the Models

Table 5 presents the results of the Permutation Importance and SHAP analyses, evaluating 
the variable importance and their effects on LEB across four different models (LN, RF, XGBoost, 
ANN).

In the linear regression model, the Permutation Importance analysis indicated that GDP 
and HEXP were the most influential variables. The SHAP summary plot confirmed these findings, 
showing strong positive effects of GDP and HEXP on LEB. In contrast, the contributions of DPT 
and UNEMP were relatively limited, while variables such as POL, MEAS, BCG, and INF showed 
minimal impact.

For the Random Forest model, GDP again emerged as the most important variable, followed 
by HEXP, MEAS, and UNEMP. The SHAP analysis supported these results, demonstrating strong 
positive effects of GDP and HEXP, with MEAS and UNEMP having moderate impacts. Conversely, 
DPT, POL, INF, and BCG showed very limited contributions.
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In the XGBoost model, Permutation Importance analysis showed that GDP had the highest 
contribution, followed by HEXP and UNEMP. The SHAP summary plot confirmed the prominent 
positive effects of GDP and HEXP on life expectancy, while UNEMP, DPT, and MEAS exhibited 
moderate effects. POL, INF, and BCG contributed negligibly.

For the artificial neural network model, Permutation Importance indicated that GDP and 
HEXP were again the most influential variables. The SHAP summary plot corroborated these 
results, revealing strong positive impacts of GDP and HEXP on LEB, while DPT, UNEMP, and 
MEAS had relatively limited contributions. BCG, POL, and INF showed minimal influence.

Overall, GDP and HEXP were consistently identified as the most important variables with 
strong positive effects on life expectancy across all models. Variables such as UNEMP, DPT, and 
MEAS provided moderate contributions in some models, whereas POL, INF, and BCG had limited 
effects. These analyses enhance the understanding of the models’ decision-making processes and 
enable reliable interpretation of variable importance.

Table 5. Permutation Importance and SHAP Analysis Results of the Models
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DISCUSSION 

According to the findings obtained in this study, the XGBoost model had the lowest error 
rates in terms of RMSE and MAE values and the highest R² value. This model was followed 
by Random Forest, Artificial Neural Network, and Linear Regression models, respectively. 
These results indicate that the XGBoost model outperformed other methods in predicting life 
expectancy. In the literature, studies using machine learning methods to predict life expectancy 
have also demonstrated that XGBoost outperforms other machine learning techniques (Pandey 
and Chhikara, 2020; Lipesa et al., 2023; Dangety et al., 2024; Shakeel Ahamad et al., 2025). In 
this context, the findings of the present study are consistent with those reported in the literature. 
Although the XGBoost model demonstrated the highest accuracy rates and lowest error values 
in the study findings, the Random Forest model also exhibited notable performance. Due to 
its decision tree-based structure, the Random Forest model offers advantages such as rapid 
computation time and high accuracy in datasets with high variability and complex interactions, 
and it also provides ease of interpretation, which makes it widely preferred in studies (Vydehi et al., 
2020; Das et al., 2025). Artificial Neural Networks (ANNs), on the other hand, can achieve superior 
performance in modelling large datasets with complex nonlinear relationships and offer flexible 
modelling capabilities without requiring parametric assumptions (Sharma et al., 2017). However, 
in the present study, the ANN model was outperformed by ensemble tree-based models such as 
XGBoost and Random Forest. This performance gap can be attributed to the nature of the dataset; 
for tabular data with a relatively limited number of observations (n=2185), gradient boosting 
algorithms often demonstrate superior efficiency compared to deep learning architectures, which 
typically require much larger datasets to realize their full predictive potential. Therefore, although 
the XGBoost model generally showed the best performance, Random Forest and ANN models 
should also be considered as alternative approaches depending on data structures, variable 
characteristics, and application objectives. The ability of the XGBoost algorithm to better model 
inter-variable relationships in complex datasets makes it stand out. While Random Forest and 
ANN also achieved high accuracy rates, the lower error values obtained by XGBoost further 
strengthen its potential for use in critical fields such as healthcare. These findings indicate the 
importance of using gradient boosting-based models in predicting multifactorial and complex 
target variables such as life expectancy.

According to other important findings from this research, GDP and HEXP were identified 
as the strongest determinants of life expectancy across all models. Additionally, in the linear 
regression model, the most important determinants after GDP and HEXP were DPT and 
UNEMP; in the Random Forest model, MEAS and UNEMP; in the XGBoost model, UNEMP 
and DPT; and in the ANN model, DPT and UNEMP. A study conducted by Dangety et al. (2024) 
also identified income and health expenditures as the most influential factors in determining 
life expectancy. Other studies have similarly found that determinants such as vaccination rates 
(Lakshmanarao, 2022; Sofi and Yasmin, 2025) and unemployment (Sofi and Yasmin, 2025) have 
significant effects on life expectancy. In this regard, the findings of the present study are seen to 
support the existing literature.

CONCLUSION

The results obtained from this study demonstrate that socioeconomic factors, health 
expenditures, and vaccination programs are strong predictors of public health outcomes and 
longevity. This research highlighted the potential of machine learning methods in enhancing 
the accuracy and reliability of life expectancy predictions, providing valuable insights for 
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policymakers, healthcare professionals, and academics seeking to understand and improve 
population health. Future studies that incorporate factors such as education, environmental 
sustainability, and health infrastructure as variables in the models will expand the scope of life 
expectancy predictions and contribute to offering more comprehensive recommendations for 
policymakers. In line with the findings of this study, it is crucial for health administrators and 
policymakers to prioritize strategies that enhance economic prosperity, ensure the effective 
utilization of health expenditures, and strengthen vaccination programs in their planning and 
implementation efforts aimed at increasing life expectancy. The statistical link between per 
capita income and health expenditures on determining life expectancy indicates that health 
policies should be integrated not only with treatment services but also with economic and social 
development initiatives. Furthermore, the high predictive power of vaccination rates, such as 
for diphtheria, highlights the critical importance of expanding immunization programs within 
the scope of preventive healthcare services. Considering the observed negative correlation of 
unemployment on life expectancy, it would be beneficial for health administrators to collaborate 
with employment-enhancing social policies and to develop health literacy and psychosocial 
support programs targeted at unemployed individuals. In conclusion, it is recommended that 
health administrators and policymakers incorporate data-driven decision-making mechanisms 
into their strategic plans. For example, implementing national digital health dashboards can 
enable real-time monitoring and informed resource allocation. Additionally, the integration of 
machine learning-based predictive models and multisectoral collaborations will help optimize 
resource utilization and maximize contributions to public health.

This study has some limitations regarding data scope and variable selection. First, due 
to missing values in several indicators, the final analysis was conducted on 95 countries. This 
reduction may lead to a ‘survivorship bias’, as the excluded nations are predominantly lower-
income countries with less robust data reporting systems. Consequently, the generalizability of 
the results to these specific regions may be limited. Furthermore, while the model focuses on 
vaccination and socioeconomic factors, certain variables such as educational attainment were not 
included in the analysis due to data unavailability across the entire timeframe and country set. 
Since education is a significant predictor of life expectancy, its absence is a notable constraint. 
Future research should aim to incorporate these additional dimensions as more comprehensive 
datasets become available. Finally, this study indicates statistical associations rather than definitive 
causal relationships.
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