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Objective: This study uses machine learning to predict life expectancy from diverse health, economic, and demographic indicators,
while uncovering key drivers of population health using explainable machine learning techniques.

Methods: The dataset, obtained from Kaggle, underwent rigorous preprocessing, including outlier filtering, label encoding, and
feature standardization. To ensure robust evaluation of models on time-ordered data, we used TimeSeriesSplit cross-validation.
Three regression models were compared: Linear Regression, Multi-Layer Perceptron (MLP), and Random Forest. To enhance
model transparency and identify critical features, we conducted a comprehensive feature attribution analysis using RF Feature
Importance (MDI), Permutation Importance, and SHAP (SHapley Additive exPlanations) values.

Results: The Random Forest model achieved the best performance with a mean squared error (MSE) of 7.9763, with the MLP
Regressor achieving an MSE of 174.9381 and Linear Regression achieving an MSE of 15.6540. The multi-method feature
importance analysis consistently identified “Income Composition of Resources” as the single most critical predictor of life
expectancy across all attribution methods.

Conclusion: These results suggest that ensemble tree-based models not only offer superior predictive accuracy but also provide
meaningful insights into the drivers of life expectancy. Our findings underscore the value of explainable Al in public health
analytics, offering decision-makers tools to better understand and act upon the complex socio-economic and health-related
variables that influence longevity.

Keywords: life expectancy prediction, machine learning, public health analytics, SHAP values, socioeconomic indica-
tors.

Introduction health (SDOH), including socio-economic status, environment,

and access to healthcare, making it critical for public health
Life expectancy is a core measure of population health, shaped  research and policymaking®. Governments and health organi-
by socio-economic, environmental, and healthcare factors™.  zations use life expectancy predictions to allocate resources,

Understanding what drives differences in life expectancy is cru- assess disease burden, and monitor development progressé.

cial for informed public health policy, particularly in address-
ing disparities between developed and developing countries-.

This study applies machine learning to predict life expectancy Key Determinants of Life Expectancy

based on a diverse set of health and demographic indicators, Socio-economic variables such as education levels, income
ranging from adult mortality and infant deaths to alcohol use, distribution, and GDP have strong correlations with life ex-
immunization rates, and Gross Domestic Product (GDP). pectancy”. Visualizations in this paper help illustrate these

We aim not only to build predictive models of life expectancy  trends and contextualize the statistical analysis. Additional
but also to uncover the most influential variables using ex-  contributors include healthcare coverage, vaccination rates,
plainable machine learning methods®. Drawing from a global and lifestyle factors like BMI and alcohol use®”. Infrastruc-
dataset spanning multiple years, our work supports evidence-  tural elements, such as sanitation and public health spending,
based health policy by highlighting key drivers of longevity. also significantly impact longevity V.

Introduction to Life Expectancy as a Health Indicator Machine Learning Approaches in Life Expectancy Predic-

Life expectancy is a key indicator of a population’s overall tion
health and well-being, reflecting the average number of years
an individual is expected to live based on current mortality
trends. It is shaped by a wide range of social determinants of

While traditional models like the Cox Proportional Hazards
Model have been used in survival analysis, modern machine
learning methods offer improved flexibility and performance.
' Green Level High School, Cary, NC, United States Linear regression assumes linearity, yvhlch may not always
2 UCLA Department of Computer Science, Los Angeles, CA, United States hold. In contrast, ensemble models like Random Forest can
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capture complex, nonlinear patterns, enhancing predictive ac-
curacy!. Neural networks, such as Multi-Layer Perceptrons
(MLPs), further improve performance by learning hierarchical
relationships from data'?,

Feature Importance and Explainability in Predictions

A major challenge in machine learning models is the inter-
pretability of results. To address this, techniques such as SHap-
ley Additive Explanations (SHAP) and Feature Importance
Scores from Random Forest Models help identify the most
influential factors driving predictions’®. SHAP is a model-
agnostic interpretability method that explains individual pre-
dictions by calculating the contribution of each feature using
principles from cooperative game theory, specifically Shapley
values, which fairly distribute the model’s output among all
input features based on their marginal impact across all pos-
sible feature combinations. For instance, another study has
shown that adult mortality, education levels, and HIV/AIDS
prevalence consistently rank among the top determinants of
life expectancy 1%,

Scope and Limitations

While this study draws on a comprehensive, multi-year dataset
with global coverage, there are limitations. Some regions and
populations may be underrepresented due to inconsistent or
missing data, which could bias model performance. Addition-
ally, the dataset includes only quantifiable health, economic,
and demographic variables, potentially omitting cultural, po-
litical, or systemic influences that also could affect life ex-
pectancy. As such, the findings should be interpreted within
the constraints of available data and modeling assumptions.

Governing Equations and Statistical Formulations

The general formulation of life expectancy prediction in a
machine learning framework is expressed as follows:

Y =f(X)+e,

represents the final predicted life expectancy'>.
For regression-based models such as Random Forest, the
prediction is obtained by aggregating individual decision trees:

N |
7= Y TX).
where ¥ represents the final predicted life expectancy, N

represents the number of decision trees in the Random Forest,
T;(X) is the prediction made by the i’th individual decision tree
in the forest for input features X, Z?’:l T;(X) represents the sum
of all predictions from each of the individual decision trees,
and % ensures that the final prediction (¥) is the mean of all
tree predictions.

A Multi-layer Perceptron (MLP) is a type of neural net-
work that consists of multiple layers of neurons. The general
mathematical representation of an MLP is:

Y =f(Wp-hp1+br),

where Y is the predicted life expectancy, L is the number
of layers in the network, Wy, is the weight matrix for the final
layer, by is the bias term for the final layer, 47 is the acti-
vation outputs from the previous hidden layer, and f(-) is the
activation function (ReLU, sigmoid, softmax.)

For a hidden layer, the output is computed as:

hy=g(W;-hi—1 +bp),

Where h; is the activation outputs from layer [, W; is the
weights for layer /, b; is the bias for layer /, and g(-) is the
activation function.

For an MLP with multiple layers, the information propagates
forward from the input layer to the output layer:

Input Layer: X (feature vector, e.g., GDP, schooling, immu-
nization rates)

Hidden Layers: Each layer applies a weight transformation
and an activation function:

h = g(W1X+b1)
hy = g(Wahi +by)

hp—1 =gWr—1ht—2+br—1)

Output Layer: The final transformation is applied:

Y =f(W-hi—1+bp)

Where X is the input features, W is the learned weight matri-
ces that determine how each feature contributes to the output,
b is the bias terms that shift the activation function’s output,
g(+) is the activation function (such as ReLU for hidden layers
and softmax/sigmoid for output), and Y is the predicted life
expectancy 0.

Related Works

The current study is situated at the intersection of public health
informatics and advanced machine learning, drawing upon es-
tablished research in three critical domains: the application of
predictive modeling for longevity, the empirical validation of
socioeconomic determinants of health (SDOH), and the deploy-
ment of Explainable Artificial Intelligence (XAI) techniques to
enhance model transparency.

Machine Learning for Health Outcome Prediction

Traditional epidemiological studies have historically relied on
generalized linear models to predict health outcomes. However,
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recent literature demonstrates the superior performance and
ability of ensemble machine learning methods to capture the
complex, non-linear interactions inherent in public health data.
Research comparing multiple machine learning approaches
found that Random Forest achieved predictive accuracy of R?
= 0.9423, substantially outperforming linear regression and
decision tree methods"”. Studies analyzing life expectancy
based on immunization features and human development fac-
tors have demonstrated that Random Forest regression achieves
superior performance with high r-squared values compared to
other regression algorithms'®. Comprehensive evaluations of
multiple machine learning models have consistently demon-
strated that ensemble methods, particularly Random Forest,
achieve the highest performance for life expectancy predic-
tion®. This application of advanced machine learning moves
beyond mere correlation to provide high-fidelity forecasts cru-
cial for resource allocation and policy planning.

Socioeconomic Determinants of Health

The findings of previous research, particularly the high fea-
ture importance assigned to the “Income composition of re-
sources,” are strongly supported by foundational public health
literature concerning SDOH. Research has established that
SDOH have a greater influence on health than either genetic
factors or access to healthcare services, with poverty being
highly correlated with poorer health outcomes and higher risk
of premature death?”. Studies examining societal health burden
and life expectancy have found that experiencing poverty or
near poverty imposed the greatest burden and lowered quality-
adjusted life expectancy more than any other risk factor, with
8.2 quality-adjusted life years lost per person exposed over their
lifetime®. The public health community has accumulated sub-
stantial evidence pointing to socioeconomic factors such as
income, wealth, and education as the fundamental causes of a
wide range of health outcomes?. The World Health Organiza-
tion’s framework divides SDOH into structural determinants,
including socioeconomic and political context, social class, and
ethnicity, and intermediary determinants, such as material cir-
cumstances and behavioral factors, with social, economic, and
political mechanisms contributing to socioeconomic position
characterized by income, education, and occupation®. The
reliance of our model on these features reinforces the estab-
lished understanding that developmental and economic factors
are critical precursors to a population’s life expectancy.

Explainable Artificial Intelligence (XAI)

The ethical and practical necessity of model transparency in
sensitive fields like public health is paramount. While en-
semble tree methods boast high predictive power, they often
function as “black boxes.” The utilization of XAI techniques,
specifically SHAP (SHapley Additive exPlanations) and Per-
mutation Importance, is crucial for translating complex model
structures into actionable policy insights. SHAP is a model-

agnostic interpretability framework based on Shapley values
from cooperative game theory that calculates the weight of
each feature’s contribution to the predicted outcome, offering
theoretically sound, consistent, and locally accurate feature at-
tributions. SHAP connects optimal credit allocation with local
explanations using classic Shapley values from game theory,
providing a game theoretic approach to explain the output of
any machine learning model32%, SHAP provides both local
and global explanations and has the ability to detect non-linear
associations, making it superior to alternative methods that are
limited to local explanations only2.

Permutation feature importance is a model-agnostic tech-
nique that measures the contribution of each feature to a fitted
model’s statistical performance by randomly shuffling feature
values and observing the resulting degradation of the model’s
score%. This method normalizes biased feature importance
measures based on a permutation test and returns significance
values for each feature and can be used together with any learn-
ing method that assesses feature relevance#”2%, Unlike tree-
based feature importance measures that can be biased toward
high cardinality features and may overfit, permutation-based
feature importance avoids these issues since it can be com-
puted on unseen data and does not exhibit such bias2®. These
methods ensure that the model’s accuracy is accompanied by
trustworthy, transparent evidence for decision-makers.

Methods

Dataset Description

The dataset is publicly available on Kaggle under the title
“Health and Demographics Dataset”??. It contains data from
1,649 samples, with 22 features. Each sample represents each
country’s statistics and life expectancy in various years from
2000 to 2014, allowing for a temporal analysis of life ex-
pectancy trends. The dataset captures the interplay between
health factors, economic indicators, and demographic charac-
teristics across different countries and years. The key objective
of this dataset is to investigate the influence of various factors
on life expectancy and explore how these variables interact to
shape population health globally.

The dataset consists of the following key features presented
in Table [T}

Data Preprocessing

Categorical variables, such as Country and Status, were trans-
formed using Label Encoding to convert them into numerical
values suitable for machine learning algorithms. Label encod-
ing was used because one-hot encoding would have created
a very high-dimensional sparse feature matrix, which could
reduce model efficiency and risk overfitting given the modest
sample size. Label encoding allowed us to preserve all cat-
egories into a compact representation. Standardization was
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Table 1
Feature Name Unit / Format Definition
Country Name (String) Name of the country.
Year Integer The year of data collection.
Status I ping D status of the country.
Life Expectancy Years The target variable representing the expected lifespan at birth.
Adult Mortality Per 1,000 population Probability of dying between ages 15 and 60.
Infant Deaths Per 1,000 live births Number of infant deaths within the first year of life.
Alcohol Liters per capita Average alcohol consumption.
Health Expenditure % of GDP Percentage of GDP allocated to health expenditure.
Hepatitis B % Immunization coverage for Hepatitis B.
Measles Cases per 1,000 population  Reported cases of measles.
BMI Average Index Average Body Mass Index of the population.
Under-Five Deaths Per 1,000 live births Mortality rate for children under five.
Polio % Immunization coverage for Polio.
Total Health Expenditure % of GDP Total health spending as a fraction of GDP.
Diphtheria % Immunization coverage for Diphtheria.
HIV/AIDS % Prevalence of HIV/AIDS.
GDP USD per capita Economic output per person.
Population Total Number Total population of the country.
Thinness (1-19 years) % Prevalence of underweight individuals from 1-19 years.
Thinness (5-9 years) % Prevalence of underweight individuals from 5-9 years.
Income Composition of Resources ~ Composite Index A composite index of income distribution and resource access.
Schooling Years Average number of years of education.

then applied using the StandardScaler from Scikit-learn to nor-
malize the features, ensuring that each variable contributes
equally to the model’s learning process?®. Data cleaning was
performed using Z-score and interquartile range (IQR) filtering
to remove outliers and ensure data quality. Furthermore, a sen-
sitivity analysis was conducted by testing all combinations of
Z € (2.00, 2.25, 2.50, 2.75, 3.00) and IQR Multiplier € (1.25,
1.40, 1.50, 1.6, 1.75). The optimal combination of filtering
thresholds was selected based on the MSE performance of the
models across all scenarios, ensuring the final dataset maxi-
mized model generalizability. The best thresholds were found
to be a z-score of 3.0 and an IQR multiplier of 1.25. These
thresholds were chosen to retain the majority of the data while
effectively eliminating extreme outliers.

The results of this analysis, presented in Figure[I] demon-
strate that the overall best model performance was achieved at
the most aggressive filtering setting: a Z-score threshold of 3.0
and an IQR multiplier of 1.25. This combination resulted in the
lowest MSE of 1.5628 for the Random Forest model, 4.9161
for the MLP, and 9.4885 for the Linear Regression model.

Following outlier removal, a crucial step was the assessment
and mitigation of multicollinearity, a statistical phenomenon
where highly correlated independent features can lead to un-
stable model coefficients. A Variance Inflation Factor (VIF)
analysis was executed on the current feature set. This analysis
identified severe multicollinearity issues, specifically involving
the pairs of infant deaths with under-five deaths, and GDP with
percentage expenditure. To stabilize the regression estimates,
the features infant deaths and GDP were removed from the
dataset because among the pairs, they had the highest VIF
values. This feature selection step successfully reduced the
maximum VIF score for all remaining predictors to an accept-
able level (all VIF scores were 7.52 or lower), ensuring model
stability and interpretability for subsequent training.

In preparation for model training, specific measures were
taken to mitigate the risk of data leakage, a concern often
present in panel datasets where strong, categorical grouping
features exist. As the Country feature is known to have some
predictive influence (as confirmed by subsequent feature impor-
tance analysis), standard random splitting would likely allow

the model to learn country-specific patterns from the train-
ing set that are too unique to generalize, leading to an overly
optimistic performance estimate.

To address this, a stratified splitting methodology was imple-
mented. This approach ensures that the train and test sets are
split based on the Country identifier, preventing a model from
using a country’s identity as an indirect feature (data leakage)
and forcing it to learn relationships that hold across different
countries. This rigorous method ensures that predictive accu-
racy is based on the generalizability of the features, not on
the model’s ability to memorize country-specific outliers or
patterns.

This stratification constraint required that every country in-
cluded in the final dataset possess a minimum of two samples
to facilitate a proper split. Following the initial outlier removal,
three countries were found to retain only a single data point. To
maintain the methodological integrity of the country-stratified
evaluation, these three rows were removed. The resulting clean
dataset used for modeling and evaluation comprised of 1,576
samples.

The preprocessing pipeline was sequentially constructed to
ensure data integrity and, critically, to prevent data leakage. Ini-
tially, although no missing values were present, an imputation
step was prioritized as a foundational requirement. Next, all
remaining categorical variables, including the highly predictive
Country feature, underwent encoding to convert them into a nu-
merical format, necessary for core scikit-learn operations. This
encoded dataset was then immediately subjected to a stratified
splitting methodology along the Country identifier, ensuring
that each country’s data appeared in either the training set or
the test set, but never both. This pre-split placement is essential
to rigorously prevent data leakage, ensuring that subsequent
feature engineering steps, specifically Scaling to standardize
feature ranges and the subsequent Outlier Removal (using IQR
and Z-score checks), are fitted exclusively on the training data.
This ensures the test set remains an unbiased sample, validating
the model’s true generalizability.

The table below shows the proportion of rows that were
removed from preprocessing. There were no duplicate rows or
missing values.

Metric Value Percentage of
Original

Initial Row Count 1,649 100%

Rows Removed to Enable Stratification 2 0.12%

Rows Removed (z-score) 0 0%

Rows Removed (IQR) 71 4.30%

Total Rows Removed 73 5.64%

Final Row Count 1,576 95.57%

The target variable for prediction is Life Expectancy, rep-
resenting the average number of years a person is expected
to live. The features were selected based on their relevance
to demographic, economic, and health factors influencing life
expectancy. All available features except Life Expectancy were
used to predict the target variable. These include a range of
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Fig. 1 Sensitivity Analysis of Mean Squared Error (MSE) to Outlier Filtering Parameters Across Three Models

demographic, health, and economic indicators, which are all
relevant for understanding life expectancy trends.

Data Visualizations

To better understand the distribution of life expectancy in the
dataset, a histogram is presented in Figure 2] This histogram
shows the distribution of life expectancy values after the data
cleaning process. It reveals the spread and concentration of
life expectancy values across the samples. The shape of the
distribution can offer insights into the general life expectancy
trends within the dataset.
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Fig. 2 Distribution of Life Expectancy values in the dataset (after
cleaning)
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Figures [3] and [4] show the distribution of life expectancy
before and after cleaning.

Figure 3] displays the distribution (median, IQR) of life ex-
pectancy values before the data cleaning process. The box plot
highlights the presence of extreme outliers.

Figure ] represents the distribution of life expectancy values
(median, IQR) after the data cleaning process. The removal of
extreme outliers is evident, resulting in a more compact and
accurate representation of the data.

Several histograms are shown (Figures 3 [6} [7] ] and[9) to
provide a visual overview of the key features that influence life
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Fig. 3 Box Plot of Life Expectancy (Before Cleaning)
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Fig. 4 Box Plot of Life Expectancy (After Cleaning)

expectancy. These distributions help illustrate the variation in
the data for each important predictor (after cleaning).

Data Splitting

The cleaned dataset was split into training and testing sets using
a90:10 ratio, with 90% of the data allocated for model training
and 10% for testing. This split was chosen to ensure that the
model is trained on a sufficient amount of data while retaining
enough samples for robust evaluation. Second, to provide a
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stable and robust estimate of the final model performance, a
5-fold Time Series Cross-Validation (TS-CV) was performed
on the full cleaned dataset. The TS-CV approach accounts for
the potential temporal dependency in the data.

Experimental Approach

The experimental approach focuses on training multiple re-
gression models to predict life expectancy based on various
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Fig. 9 Distribution of Schooling

features/variables. These models are evaluated using mean
squared error (MSE) as the primary metric, which helps us
assess the accuracy of each model in predicting the target vari-
able, life expectancy.

* Linear Regression: This model was selected as a baseline
due to its simplicity and interpretability, providing insight
into the linear relationships between the features and the
target variable.

e Multi-Layer Perceptron (MLP) Regressor: A neural net-
work based regressor was chosen for its capability to
model complex, non-linear relationships between the fea-
tures and life expectancy.

* Random Forest Regressor: Given its flexibility and ability
to handle complex interactions, the Random Forest Re-
gressor was tested as a more powerful ensemble method.

The performance of the models was compared based on their
MSE scores, and the Random Forest Regressor, which provided
the best performance, was selected as the final model.
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Linear Regression

Linear Regression is one of the simplest models and assumes
a linear relationship between the input features and the target
variable. It aims to find the best-fitting line that minimizes the
squared difference between predicted and actual values.

LO_NO

LO_N3

Fig. 10 Linear Regression Model Architecture

Figure [I0]illustrates the architecture of a Linear Regression
model. This model consists of an input layer (L0O) with four
input features, each representing a feature from the dataset.
The input features are passed directly to the output layer (L1),
which consists of a single output node that generates the pre-
dicted value for life expectancy. The model establishes a linear
relationship between the input features and the output predic-
tion, with no hidden layers, emphasizing its simplicity and
direct nature.

Multi-Layer Perceptron (MLP) Regressor

MLP Regressor is a type of neural network model used to
predict continuous values. It consists of multiple layers of
neurons where each neuron in a layer is connected to every
neuron in the next layer. The model uses activation functions
such as ReLU to introduce non-linearity and is trained using
backpropagation and gradient descent algorithms.

Model Architecture:

* Input Layer: The input features from the dataset are fed
into the model.

* Hidden Layers: The MLP Regressor includes multiple
hidden layers, with each layer having a set number of
neurons. Hyperparameters such as the number of layers
and neurons per layer were tuned during the grid search.

* Output Layer: The model outputs the predicted life ex-
pectancy for each test sample.

Hyperparameter Tuning: A grid search was used to tune the
following hyperparameters:

* hidden_layer_sizes: Number of neurons in each layer (e.g.,
(100,50,25), (64,32,16,8)).

e activation: Activation function (ReLU or tanh).

e Optimization algorithm: The method used to update
weights during training (Adam)

* L2 Regularization Coefficient (x): A coefficient applied
as a penalty to prevent overfitting.

Hidden Layers

Fig. 11 MLP Regressor Model Architecture

Figure[TT]shows the basic architecture of an MLP Regressor.
The MLP Regressor is a feedforward artificial neural network.
The basic diagram consists of three main layers: the input layer,
two hidden layers, and the output layer.

* Input Layer (LO): The network begins with the input layer,
which consists of four neurons (LO_NO to LO_N3). Each
neuron in this layer represents an individual feature from
the input data. These features are fed into the network for
processing.

* Hidden Layers (L1 and L2):

o The first hidden layer (L1) has five neurons (L1_NO
to L1_N4). Each neuron performs a weighted sum
of the inputs from the previous layer (input layer),
followed by an activation function (we used ReLU)
to introduce non-linearity into the network.

o The second hidden layer (L2) consists of three neu-
rons (L2_NO to L2_N2). Similar to the first hidden
layer, these neurons process the output from the
previous hidden layer using weighted sums and acti-
vation functions.

e Qutput Layer (L3): The network concludes with a single
output neuron (L3_NO) in the output layer. This neuron
produces the predicted value for the regression task (e.g.,
life expectancy), based on the transformed data from the
hidden layers.

© The National High School Journal of Science 2025
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Random Forest Regressor

Random Forest Regressor is an ensemble method that uses
multiple decision trees to make predictions. Each decision
tree is built using a random subset of the data, and the final
prediction is the average of all the individual tree predictions.
This method is powerful in capturing non-linear relationships
and interactions between features. Model Configuration and
Hyperparameter Tuning:

e n_estimators: The number of trees in the forest (50, 100,
200)

* max_depth: The maximum depth of each tree (10,20)

* min_samples_leaf: The minimum number of data samples
in a leaf node (1, 2)

* max_features: The maximum number of features the
model considers when searching for best split (sqrt, log(2),
1.0)

» random_state: Ensures reproducibility of the results.

1.750
1.725
1.700
1.675

1.650

N Estimators

1.625

Mean Squared Error (MSE) on Test Set (10%)

1.600

1.575

10 20
Max Depth

Fig. 12 Mean Squared Error (MSE) Sensitivity to Random Forest
Hyperparameters.

Figure visualizes the resulting Mean Squared Error
(MSE) for various combinations of two key hyperparameters:
n_estimators (number of trees in the ensemble) and max_depth
(maximum depth allowed for each tree).

Figure [I3] illustrates the flow of data through a Random
Forest Regressor model. The input Dataset is positioned at
the top, from which the data is passed to multiple decision
trees (labeled Decision Tree 1 through Decision Tree n). Each
decision tree generates an individual Result (labeled Result 1
through Result n). The final Aggregated Result is obtained by
combining the individual results, typically through averaging,
to produce the final prediction. This structure highlights the
ensemble nature of Random Forest, where multiple decision
trees work together to provide a robust prediction.

Dataset

RN

Decision Tree 1 Decision Tree 3 Decision Tree 4 Decision Tree n

. -

Result 1 Result 2 Result 3 Result 4 Result n

AN

Aggregated Result

Decision Tree 2

Fig. 13 Random Forest Regressor Model Architecture

Ethical Considerations

This study used a publicly available, anonymized dataset aggre-
gated at the country level, containing no personally identifiable
information. Data usage complies with the terms set by the
original data providers. Since the data is aggregated, individ-
ual privacy and confidentiality are preserved. Potential biases
inherent in data collected from multiple countries and varying
reporting standards were acknowledged as limitations that may
affect model performance and generalizability. The predictive
models developed here are intended for research purposes and
should be applied responsibly, with awareness of their limi-
tations. All data processing and modeling procedures were
transparently documented to promote reproducibility.

Results

Model Performance and Evaluation

To provide a robust context for our complex machine learning
models, we first established a simple, non-parametric Baseline
model. This baseline predicts life expectancy solely based on
the historical mean life expectancy of the corresponding Status
observed in the training data. This ensures that the performance
gains demonstrated by the complex models are genuinely due
to learning from the feature set and not simply memorizing the
Status averages. The Random Forest Regressor demonstrated
superior predictive performance for life expectancy compared
to the Multilayer Perceptron (MLP) and Linear Regression
models. Model performance was evaluated using three key
regression metrics:

e Mean Squared Error (MSE): This measures the average
squared difference between the estimated and actual val-
ues. It heavily penalizes large errors, indicating the pres-
ence of significant outliers in the model’s predictions.

¢ Mean Absolute Error (MAE): This measures the average
magnitude of the errors in a set of predictions, expressed
in the same units as the dependent variable (in this case,
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years). It provides a more intuitive, linear measure of the
typical prediction error.

» Coefficient of Determination (R?): This represents the
proportion of the variance in the dependent variable that
is predictable from the independent variables. An R?
value close to 1 indicates that the model explains a high
percentage of the variance.

The table below shows results for all three models and the
baseline model with the 90:10 split.

Mean Absolute Error R~

Model

Mean Squared Error
(MSE)

(MAE)

Status Mean Baseline Model
Random Forest Regressor

60.7350
1.5628

6.4965
0.8882

0.0903
0.9682

Linear Regressor 9.4885 24215 0.8437
Multi-Layer Perceptron (MLP) 4.9161 1.9332 0.9210
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Fig. 14 Predicted vs. Actual Life Expectancy by Random Forest
Regressor — Fixed Split

Figure [T4] shows the predicted versus actual life expectancy
values for the Random Forest Regressor on the test set. The
close alignment of points along the diagonal line indicates high
precision accuracy and low bias in the model. To provide a
more stable and robust estimate of model performance, a 5-fold
Time Series Cross-Validation (TS-CV) approach was imple-
mented on the final cleaned dataset. This method accounts for
the potential temporal dependency within the data by ensuring
that the training set always precedes the test set chronologically.
Performance is reported as the mean and standard deviation of
the Mean Squared Error (MSE), Mean Absolute Error (MAE)
in years, and the Coefficient of Determination (Rz) across the
five sequential folds, thereby providing an indicator of both
the average predictive accuracy and the stability of the model’s
performance.

The table below shows the average results from all three
models with the 5-Fold TS-CV approach.

Mean MAE Mean R

2.1531 4+ 0.5096 0.8630 + 0.0344
3.1159 + 0.6940 0.7305 + 0.0699
6.1500 =+ 3.7609 -1.8011 4 2.7665

Model Mean MSE

Random Forest Regressor 7.9763 + 2.7826
Linear Regression 15.6540 £ 5.4840
Multi-Layer Perceptron (MLP) 174.9381 +£175.2422

It is important to note the difference in magnitude between
the MSE values reported in the fixed 90:10 split and the 5-Fold
TS-CV approach. The substantially higher mean MSE values
observed in the TS-CV analysis (e.g., Random Forest MSE
moving from 1.5628 to 7.9763) are expected. This increase
reflects the greater difficulty of predicting future values when
the model has not been exposed to data from those later peri-
ods, which is the constraint imposed by the time-series splitting
method. The lower MSE from the random fixed split is likely
an overly optimistic estimate due to temporal leakage. There-
fore, the TS-CV results provide the most reliable and unbiased
assessment of the models’ out-of-sample predictive power over
time.

o o ~ ~ @ @
o vl =) a o «

Cross-Validated Predicted Life Expectancy (years)

o
o

65 70 75 80 85
Actual Life Expectancy (years)

55 60

Fig. 15 Predicted vs. Actual Life Expectancy by Random Forest
Regressor — TS-CV

Figure[I5]shows the predicted versus actual life expectancy
values for the Random Forest Regressor on the test set with
5-Fold TS-CV.

Model Stability and Feature Transformation Analysis

The primary model comparison established the Random Forest
Regressor as the optimal choice for this problem. During the
evaluation phase, we conducted an ancillary experiment to
assess the impact of feature transformation on model stability
and predictive performance.

Specifically, we applied a natural logarithm transformation
to Population, the highly skewed predictor variable. This
transformation (log_population) was tested across the three
primary modeling approaches (Random Forest, Linear Regres-
sion, and MLP) using the established 5-Fold Time Series Cross-
Validation methodology.

The table below shows the results from all three models
with the 5-Fold TS-CV approach with the natural logarithm
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transformations to Population.

Model Mean MSE Mean MAE Mean R

Random Forest Regressor 8.2409 £ 2.5799 2.1495 + 0.4722 0.8525 +£0.0334
Linear Regression 24.3119 + 17.7424 3.5997 + 1.4475 0.5700 + 0.2775
Multi-Layer Perceptron (MLP)  48.5846 + 32.6405 4.2701 + 2.0202 0.1460 + 0.5159

The table above shows two observations regarding the impact
of the log transformation:

* The MLP Regressor, which had failed on the original
features, was successfully stabilized by the log transfor-
mation. This improved the model from a state of complete
failure to a positive, albeit low, predictive score, reducing
the error metrics (MSE and MAE) significantly.

* Crucially, the predictive performance of the best perform-
ing model, the RFR, was worse with the natural logarithm
transformations than without the transformations.

Since the feature transformation did not provide a statistically
significant or meaningful improvement for the optimal model,
and the primary objective was maximizing predictive accuracy
and minimizing error, we elected to discard the log-transformed
features. Proceeding with the original scaled dataset main-
tains model simplicity and avoids unnecessary complexity
without compromising the overall high predictive performance
achieved by the Random Forest Regressor.

Correlation Analysis

To better understand the underlying relationships between fea-
tures and life expectancy, a correlation matrix was constructed
(see Figure[T6). Several features exhibit strong positive correla-
tions with life expectancy, including Schooling (r=0.7464), In-
come Composition of Resources (r=0.7249), and BMI (0.5395).
Conversely, features such as Adult Mortality (r=-0.6757) and
HIV/AIDS prevalence (r=-0.5370) have strong negative corre-
lations, reflecting their detrimental impact on life expectancy.
These findings align with epidemiological knowledge and pro-
vide a useful baseline for interpreting the machine learning
results.

Feature Importance from Random Forest Regressor

The feature importance values derived from the final, optimized
Random Forest model are presented in Figure[T7} To ensure
these scores reflect the model’s generalized performance across
time, the importance was calculated using the Gini Importance
(Mean Decrease in Impurity) averaged across the five folds of
the Time Series Cross-Validation (TS-CV) procedure.

The analysis emphasizes that Income Composition of Re-
sources emerges as the most influential feature (importance =
0.5629) followed by Adult Mortality (= 0.2210) and Thinness,
5-9 years (= 0.0583). This averaging process provides a sta-
ble and robust ranking of feature contributions, demonstrating
consistency regardless of the specific time window used for
evaluation.
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Fig. 16 Correlation Matrix

This ranking supports the correlation findings and highlights
the model’s focus on socioeconomic and health-related deter-
minants.

Importance Score (Mean Decrease in Impurity)

Fig. 17 Feature Importances from Random Forest Regressor —
Averaged over 5 TS-CV Folds

Correlation Analysis and Feature Importance

The correlation matrix (Figure [I€) and feature importance
rankings from the Random Forest Regressor (Figure [I7) to-
gether provide a more complete understanding of which factors
drive life expectancy. While correlation shows how strongly
and in what direction each feature is associated with life ex-
pectancy, feature importance highlights how much each feature
contributes to the predictive power of the model. The three
most important features in the Random Forest model were:

* Income Composition of Resources (importance: 0.5629
correlation: +0.7249)
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* Adult Mortality (importance: 0.2210; correlation: —
0.6757)

 Thinness, 5-9 years (importance: 0.0583; correlation: —
0.4584)

These variables not only rank highest in importance but also
show strong correlations with life expectancy. This consistency
strengthens confidence in the model’s ability to identify key
drivers of health outcomes. Income Composition of Resources,
for example, has both the highest importance and a strong posi-
tive correlation, indicating that access to income and resources
is one of the most significant factors influencing longevity.

Although Schooling shows the highest positive correlation
with life expectancy (+0.7464), its feature importance is rela-
tively low (0.0146). This suggests that while education level is
associated with life expectancy, its unique contribution to the
model is limited, possibly due to overlap with other socioeco-
nomic indicators like income.

Similarly, BMI and Alcohol consumption show moderate
positive correlations (+0.5395 and +0.4431, respectively), but
their importance values (0.0064 and 0.0086) are lower, in-
dicating a smaller standalone predictive effect. Percentage
expenditure (correlation: +0.4295; importance: 0.0036) also
demonstrates this pattern, suggesting that while these variables
relate to life expectancy, they may not add much unique in-
formation once the top features are accounted for. In contrast,
features with low correlations and low importances, such as
Measles, Population, and Status, play minimal roles in both sta-
tistical and predictive terms. Overall, the comparison confirms
that the Random Forest model identified variables with both
strong correlations and meaningful predictive value, especially
those related to health risks and socioeconomic conditions.

SHAP Analysis: Model Interpretability

To gain deeper insight into how individual features affect pre-
dictions, SHAP (SHapley Additive exPlanations) values were
computed. Figure[I§]shows the overall magnitude of influence
for each feature, calculated as the mean absolute SHAP value
averaged across the five Time Series Cross-Validation folds.
This averaging ensures a robust ranking of feature importance,
independent of any single time-series split. Income Composi-
tion of Resources is confirmed as the dominant factor, followed
by Adult Mortality and HIV/AIDS Prevalence.

Figure [I9] shows the total impact of each feature on the
model’s Life Expectancy prediction, using data points con-
catenated from the five Time Series Cross-Validation test sets.
The horizontal position indicates the SHAP value, representing
the change in prediction from the base value. The color indi-
cates the underlying feature value: Red points correspond to
high feature values, and blue points correspond to low feature
values. The resulting pattern shows, for example, that high
Income Composition of Resources (red) drives the prediction
right (higher Life Expectancy), while high Adult Mortality
(red) drives the prediction left (lower Life Expectancy).

Averaged mean(|SHAP value])

Feature

Fig. 18 SHAP Feature Importance — Averaged over 5 TS-CV Folds
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Fig. 19 SHAP Beeswarm Plot of Feature Impact — Combined Data
from 5 TS-CV Folds

The SHAP analysis not only confirms the top features iden-
tified by the Random Forest model but also highlights some
surprising patterns. For instance, thinness (both 5-9 and 1-19
years) and schooling, emerge as more impactful in shaping
predictions than seemingly obvious metrics like BMI. This
contrast is intriguing when compared to the correlation ma-
trix. While BMI shows moderate positive correlations with
life expectancy (r = 0.5395), its overall contribution to predic-
tion is relatively low in the SHAP ranking. On the other hand,
thinness, despite showing a strong negative correlation with
life expectancy (r ~ -0.4563 for ages 1-19, and r ~ -0.4584
for ages 5-9), plays a more significant predictive role, likely
because it serves as a proxy for broader issues like malnutrition
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and child health. Schooling, with a very strong correlation (r
~ 0.7464), is both statistically and predictively powerful to
a moderate extent, reinforcing its importance. However, al-
cohol consumption, with a moderate correlation (r = 0.4431),
shows less predictive utility than expected. These insights show
that correlation alone does not fully capture the nuanced influ-
ence of features, and SHAP adds depth by quantifying both
the size and direction of each variable’s impact on individual
predictions.

Feature Importance Analysis

This section details the results of the feature importance anal-
ysis used to determine the predictive power of various health
and economic indicators on Life Expectancy, as modeled by
a Random Forest Regressor trained using a TimeSeriesSplit
cross-validation strategy.

Methodology Overview

To establish the robust and unbiased ranking of predictive fea-
tures, three distinct methods were employed and compared:

Method Type Metric

Feature Importances Model-Specific Impurity Decrease
(Random Forest) (Random Forest)
Permutation Model Agnostic (Test
Importances Set)

Key Advantage
Fast and inherent to tree-based models

R? Drop Measures the direct impact on model
performance (how much the
prediction error increases)

Provides a theoretically sound, fair
attribution of contribution to the final

prediction for each feature

SHAP (SHapley Model Agnostic (Test Mean Absolute SHAP
Additive exPlanations) Set) Value

Results and Interpretation

The analysis returned the following top feature importance
rankings, shown in the table below.

RF Feature
Importance

Permutation Mean Absolute
Importance (R2 drop) SHAP Value

Feature

Income Composition of Resources 0.5629 0.4115 3.2079
Adult Mortality 0.2210 0.2557 1.8903
HIV/AIDS 0.0446 0.0626 0.7601
Thinness (1-19 years) 0.0238 0.0155 0.3677
Thinness (5-9 years) 0.0583 0.0196 0.6074

A critical methodological step is to address the high RF
Feature Importance value (0.5629) observed for Income com-
position of resources. This metric, calculated based on the
Mean Decrease in Impurity (MDI), is known to favor highly
continuous variables.

As a continuous variable with numerous unique values, In-
come composition of resources offers many possible splitting
points during the Random Forest training process. This struc-
tural characteristic often leads to its RF Feature Importance
score being significantly inflated and potentially misleading
regarding its true influence when compared to features with
fewer unique values (such as binary status indicators).

The high importance of the feature is confirmed by the con-
sensus of the two unbiased, model-agnostic techniques:

Permutation Importance: The Direct Performance Impact

* Permutation Importance quantifies the extent to which
the model’s predictive accuracy suffers when a single
feature’s values are randomly shuffled on the test set.

* Income Composition of Resources shows the greatest drop
in model performance, with an R? reduction of 0.4115.
This indicates that the model relies most heavily on this
feature to maintain its overall predictive power.

SHAP Values: The Attribution of Influence

* SHAP Values provide the most rigorous metric by fairly
distributing the change in prediction from the baseline
model across all input features. This model is crucial
for interpreting complex, non-linear models like Random
Forests.

* The Mean Absolute SHAP Value for Income Composi-
tion of Resources is 3.2079. This means that, on average,
the presence of this feature shifts the predicted Life Ex-
pectancy value by approximately 3.2079 years (either
positively or negatively.)

* The significant gap between the top-ranked feature and
second-ranked feature, Adult Mortality (1.8903) provides
the clearest, theoretically sound evidence that Income
Composition of Resources is the single most dominant
factor in determing the final predicted life expectancy.

Conclusion

The analysis provides strong evidence to strengthen the claim
that Income composition of resources is the most influential
feature in predicting life expectancy outcomes.

Despite the inherent statistical bias of both the RF Feature
Importance metric favoring continuous predictors, the two ro-
bust, non-parametric methods (Permutation Importance and
SHAP) both independently rank Income Composition of Re-
sources as the most critical factor. Its consistent superiority
across all three metrics confirms its role as the dominant eco-
nomic and health predictor in the final model. This strongly
supports the hypothesis that socioeconomic factors related to
a country’s resource composition are the primary driver of
life expectancy outcomes, even when compared against direct
mortality and disease indicators.

Ablation Study: Validating Feature Importance

To confirm the necessity and robustness of the top five pre-
dictive features identified via SHAP and Gini importance, an
ablation study was conducted. This analysis compares the per-
formance of the full model against two segregated feature sub-
sets using the established 5-fold Time Series Cross-Validation
(TS-CV) methodology.

The feature subsets tested were:
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* The Core Feature Set (Top 5): Features identified as
dominant predictors, which were Income Composition
of Resources, Adult Mortality, HIV/AIDS, Thinness (1-
19 years), and Thinness (5-9 years)

* Ablated Feature Set (Other): The remaining 16 features
from the dataset.

Model Feature Count Mean MSE Mean MAE Mean R~
Full Random Forest Regressor 19 7.9763 + 2.7826 2.1531 +0.5096  0.8630 =+ 0.0344
Core Features (Top 5) 5 6.8937 4 1.3322 1.9301 £0.2698  0.8782 £ 0.0210

Ablated Features (others) 16 264754 +3.0740  4.1426 +0.4499  0.5329 + 0.0435

The Ablated Feature Set (16 features) demonstrated ex-
tremely poor performance, yielding a Mean MSE of 26.4754
and a Mean MAE of 4.1426 years. This error is more than
double the Mean MSE of the Full Model, confirming that these
16 features contain negligible predictive signal relevant to Life
Expectancy and are highly dependent on the information car-
ried by the core features. The high MSE relative to MAE
also suggests this set produced predictions with several severe
eITors.

The most significant finding is the performance of the Core
Feature Set of the top 5 features. By using only the top five pre-
dictors, the model not only maintained performance but outper-
formed the Full Model, achieving a Mean MSE of 6.8937 and
a Mean MAE of approximately 1.9301 years. This 13.5727%
reduction in MSE with a reduction in feature count from 21 to
5 indicates that the eliminated features were acting primarily
as noise, degrading the generalization capabilities of the Full
Model. The Core Feature Set successfully isolated the sig-
nal, resulting in a simpler, faster, and more accurate predictive
model. This outcome robustly validates the use of the top five
features for any practical deployment or further analysis.

Discussion

The Random Forest model’s superior performance highlights
its ability to capture complex relationships in health and de-
mographic data. The alignment of correlation analysis, feature
importance, and SHAP explanations confirms the consistency
of key life expectancy determinants.

Income Composition of Resources, reflecting socioeconomic
conditions, emerged as the most influential feature, reinforcing
the role of economic and social factors in population health.
The strong negative effects of HIV/AIDS prevalence and Adult
Mortality on life expectancy align with established public
health findings. SHAP analysis adds interpretability by il-
lustrating how features impact individual predictions, revealing
variation across countries and years. It also uncovers the rel-
evance of features like schooling, alcohol consumption, and
thinness, which show stronger model influence than more ob-
vious metrics like BMI. For instance, schooling, though only
moderately ranked by model feature importance, has a high
SHAP impact and correlation with life expectancy, likely due to
its long-term influence on health behaviors and access to care.

Alcohol consumption, while generally viewed negatively, may
act as a proxy for cultural or socioeconomic patterns. Thinness,
especially in young children, strongly signals malnutrition and
systemic health deficiencies, making it a more impactful predic-
tor than BMI. These findings show that feature importance is
not solely about correlation strength but also about a feature’s
unique and consistent contribution to predictive performance.
Combining performance metrics, statistical relationships, and
SHAP-based interpretability enables a deeper understanding
of life expectancy drivers, supporting informed public health
planning.

Our analysis provides clear guidance for public health policy.
Socioeconomic interventions that reduce inequality and expand
access to resources stand out as the most impactful levers for
increasing longevity. Similarly, targeted health programs ad-
dressing adult mortality and infectious disease (particularly
HIV/AIDS) can deliver substantial gains. Education and early-
life nutrition policies also emerge as high-yield investments,
given their consistent influence on life expectancy. These find-
ings suggest that governments and international organizations
should pursue multi-sectoral approaches that simultaneously
address socioeconomic inequities, strengthen healthcare sys-
tems, and invest in long-term determinants such as schooling
and child health.

Among the tested models, Random Forest achieved the low-
est MSE (7.9763), outperforming MLP (174.9381) and Linear
Regression (15.6540), demonstrating its robustness and inter-
pretability. SHAP plots further clarify the model’s decisions,
aligning results with public health priorities and improving
transparency.

Limitations

Despite the robust methodology, the present study contains cer-
tain limitations that warrant consideration for future research:

Although the study used TimeSeriesSplit for chronologically
appropriate validation, the Random Forest Regressor does not
explicitly model the inherent time-series characteristics of life
expectancy data (e.g., autocorrelation, long-term trends, or
lagged effects). The manuscript currently fails to discuss these
time-series characteristics and other potential temporal depen-
dencies, which are essential for comprehensive analysis of
longevity. Future work would significantly benefit from explor-
ing sequential models, such as Autoregressive Integrated Mov-
ing Average (ARIMA) or Recurrent Neural Networks (RNNs)
like LSTMs, to better capture and extrapolate these complex
temporal dynamics. The reliance on country-level, yearly ag-
gregated data limits the ability to capture specific intra-country
regional disparities or sub-annual changes in health policy ef-
fectiveness.

The high correlation between several socio-economic fea-
tures (e.g., Income composition of resources, Schooling) makes
it challenging for any model to strictly isolate the causal effect
of one over the other. While SHAP offers attribution, it does

© The National High School Journal of Science 2025

NHSJS 2025 | 13



not confirm causality.

While Permutation Importance and SHAP are powerful tools,
they are sensitive to the correlation structure of the input data,
meaning highly correlated features may split their attribution,
potentially understating the overall contribution of the socioe-
conomic cluster.

Conclusions

This research successfully employed a TimeSeriesSplit-
validated Random Forest Regressor to predict life expectancy,
achieving high accuracy (MSE 7.9763) and demonstrating the
superior fit of ensemble models for public health outcomes.
The primary conclusion, established through a rigorous con-
sensus among MDI, Permutation, and SHAP analyses, is that
Income composition of resources is the single most critical
predictor of life expectancy. This finding strongly validates
the core tenets of public health theory, emphasizing that invest-
ments in fundamental socio-economic and developmental fac-
tors yield the greatest returns in terms of population longevity.
The framework developed here, which mandates the use of
multiple explainable Al methods (SHAP and Permutation Im-
portance) to validate the feature hierarchy, provides a template
for future public health analytics. By offering transparent and
meaningful insights into complex models, this approach al-
lows decision-makers to prioritize policies that target structural
determinants, such as education and economic stability, to
achieve the most significant and sustained gains in global life
expectancy. Future work should focus on leveraging higher-
resolution, sub-national data and employing causal inference
models to better disentangle the complex relationships within
the highly correlated cluster of socioeconomic drivers.

Reproducibility Statement

The data is publicly available at Kaggle??. The preprocess-
ing and modeling code has been made publicly available
at the following link: https://github.com/sohamathavalel0-
hue/Interpretable-ML-Health-Data-Prep. Due to the heavy
analysis, we have used Al to organize and generate comments
to benefit the reader and make our code more easily reproduce-
able.
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