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ABSTRACT

The convergence of life expectancy across nations is a pivotal subject of inquiry in global health economics.
Traditional econometric approaches have difficulty precisely allocating the relative contributions of multiple
interacting variables, especially in nonlinear or complex models, which the authors identify as the primary
limitation in existing literature. This paper addresses this limitation by using the Shapley value decomposition
(SHAP) alongside a Light Gradient Boosting Machine (LGBM) to examine the key factors influencing life ex-
pectancy at birth across countries with different income levels. The LGBM model significantly outperformed a
traditional linear regression model (R? of 0.901 vs. 0.716; MAPE of 2.08% vs. 3.38%). The SHAP analysis
revealed that importance of predictive factor varies considerably by income level. For instance, the fertility rate
is the most dominant factor in low-income countries, while health expenditure per capita is the most influential
variable in high-income regions. The study concludes that model-informed policy considerations must be tailored
to the specific economic context of a country, prioritizing basic infrastructure improvements in lower-income
nations while focusing on advanced healthcare investments in wealthier ones.

1. Introduction

Global health trajectories have long been characterized by a dual
narrative. While aggregate life expectancy has increased worldwide, the
disparity between the countries with the longest and shortest life ex-
pectancies persists. This has sustained an extensive debate about
convergence across nations, which is often linked to the diffusion of
medical technology and public health knowledge (Skinner & Staiger,
2015). However, the macroeconomic consequences of this increase are
complex. For example, some studies suggest that rapid mortality shocks
in the mid-20th century actually led to lower GDP per capita growth
rates in certain contexts (Hansen & Lonstrup, 2015). The determinants
of life expectancy at birth differ between richer and poorer countries.
Preston (1975) demonstrated a non-linear relationship between life
expectancy and income, which more recent studies confirm is nuanced
and highly inelastic at higher income brackets (Okunade & Osmani,
2020). At lower income levels, the curve is steeper, primarily because
reducing infant and child mortality yields substantial gains to average
life expectancy, whereas marginal gains from reducing adult mortality

in wealthier nations are smaller (Samarawickrama et al., 2025).

Life expectancy at birth is one of the most widely used indicators of a
population's overall health and well-being. It reflects the quality of
healthcare systems, as well as broader social, economic, and environ-
mental conditions (Irandoust et al., 2025). However, the factors that
shape life expectancy vary significantly between countries of different
income levels (Fan & Bo, 2025). High-income countries benefit from
advanced medical technology and comprehensive social protection
systems, while low- and middle-income countries often struggle with
limited healthcare access, poverty, and inadequate infrastructure (Tu
et al., 2025). Therefore, identifying the main predictive determinants
of life expectancy across income groups is essential for developing
effective policies that promote global health equity (Dutta & Dhar,
2024). These results could help design evidence-based, con-
text-specific policy interventions that account for the unique constraints
of developing versus developed nations.
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1.1. Research gap and motivation

Traditional econometric approaches, such as panel regression, have
been widely used to quantify the impact of various factors like GDP,
healthcare spending, and education. However, these methods often
struggle to accurately allocate the relative contributions of multiple
interacting variables, particularly in nonlinear or complex models. This
paper addresses this limitation by using the Shapley value decomposi-
tion method to examine the factors that influence life expectancy at birth
in countries with different income levels. The study highlights the
interaction between economic development, healthcare investment,
education, and lifestyle factors in predicting population health outcomes
(Kousar et al., 2023). Unlike standard feature importance metrics, SHAP
enables a game-theoretic decomposition of life expectancy, revealing
how the marginal contribution of specific predictors, such as health
expenditure, shifts dynamically based on a country's specific develop-
ment context. This approach's versatility is increasingly recognized in
medical and health literature, where SHAP has been successfully used to
explain survival predictions in specific clinical scenarios. For example, it
has been used to predict life expectancy after thoracic surgery for lung
cancer patients (Ali et al., 2024).

Existing literature often struggles to allocate relative contributions in
complex, nonlinear models. This study addresses this gap by pursuing
four primary objectives. First, it aims to develop a high-precision pre-
dictive model for life expectancy using a Light Gradient Boosting Ma-
chine (LGBM), which will form the basis for evaluating theoretical
expectations H2 and H3. Second, to use Shapley value decomposition
(SHAP) to interpret the model and precisely allocate the contribution of
interacting variables (addressing theoretical expectation H1). Third, to
examine how the importance of predictors (e.g., health expenditure,
fertility) varies across different income levels and regions (examining
the alignment with H4). Fourth, to derive model-informed context-
specific policy recommendations based on the heterogeneous predictive
contributions of these factors. The theoretical expectations (H1-H4) of
the current study are defined in the literature review. Thus, this study
bridges predictive modeling, explanatory analysis, and policy
formulation.

This study contributes to the existing literature by integrating the
high-dimensional predictive capacity of gradient boosting with the
game-theoretic interpretability of SHAP values. Unlike traditional linear
models, which often require manual specification of interaction terms
and struggle to represent nonlinear patterns, our framework automati-
cally captures these complex dependencies. This allows for a granular
decomposition of life expectancy predictors, distinguishing between
global drivers and context-specific predictors across different income
levels. Unlike, traditional econometric approaches, which prioritize
hypothesis testing via p-values and confidence intervals, this study
employs a machine learning framework that focuses on minimizing
predictive error and extracting non-linear feature importance.

1.2. Research objectives and contributions

The primary motivation of this study is to overcome the limitations
of traditional econometric models in predicting life expectancy, specif-
ically their inability to accurately allocate the relative contributions of
interacting, non-linear socioeconomic and health determinants across
different income levels.

This study makes four key contributions to the existing literature.

e Predictive modeling: We integrate the robust predictive capacity of
LightGBM with comprehensive global dataset coverage and explicit
temporal lag modeling to automatically capture complex, nonlinear
dependencies, providing the high-precision empirical foundation
necessary to evaluate the alignment of our results with theoretical
expectations (H1-H4).
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e Game-theoretic interpretability: We utilize SHAP values to unlock
the “black box” of traditional ML, allowing us to identify the primary
predictive features of longevity (H1), the predictive significance of
historical socioeconomic conditions (H2), and the negative predic-
tive association of specific health risk factors (H3).

e Context-specific insights: We provide a granular breakdown of life
expectancy predictors, specifically examining how the importance of
these factors is moderated by a country's specific income level (H4).

e Policy relevance: We bridge the gap between prediction and policy
by translating SHAP importances into tailored, model-informed
policy recommendations.

2. Literature review

The existing literature extensively uses econometric and statistical
methods to identify the drivers of life expectancy, placing a strong
emphasis on economic and health expenditures. Both early and
contemporary studies often use panel data methods to model these re-
lationships. For example, Jaba et al. (2014) examined the relationship
between per capita health expenditures and life expectancy in 175
countries from 1995 to 2010. These models are often based on the health
production function, which treats variables such as income per capita,
education, and urbanization are treated as critical inputs for health
status (Bayati et al., 2013). Building on this, Ray and Linden (2020)
examined the impact of public and private health expenditures on life
expectancy at birth and infant mortality in 195 countries from 1995 to
2014. Similarly, longitudinal analyses of specific regions, such as EU
accession candidate countries, have reaffirmed that higher GDP per
capita and lower infant mortality rates are fundamental prerequisites for
increased longevity (Miladinov, 2020).

Beyond health spending, researchers consider a broader range of
socioeconomic and environmental factors. For example, Nica et al.
(2023) examined the effects of financial development, health expendi-
ture, CO, emissions, institutional quality, and energy consumption on
life expectancy in Eastern European countries from 1990 to 2021. Using
advanced methods (CS-ARDL and quantile regression), the researchers
found that increased health spending, renewable energy consumption,
and institutional quality improved life expectancy. Meanwhile, CO,
emissions and fossil fuel consumption had negative effects. These find-
ings align with the prevailing literature (Tarca et al., 2024; Neofytidou &
Fountas, 2020; Ray & Linden, 2020). Furthermore, empirical studies of
138 countries have demonstrated that access to electricity and physician
density are statistically significant positive predictors of life expectancy
(Mourad, 2021). Interestingly, some evidence suggests that social and
behavioral factors, particularly educational attainment, may actually
explain a much larger portion of health outcome variance than medical
care expenditures alone (Kaplan et al., 2014). Gazilas (2024) conducted
a regional analysis of low-income countries from 1995 to 2020. Using
fixed-effects panel regression, this study corroborated previous findings,
showing that higher GDP per capita, better education, and increased
access to healthcare significantly improve life expectancy, while conflict
and weak institutions reduce it. Recent studies on OECD countries
further highlight that the interplay between physician density, hospital
bed availability, and social spending remains a primary driver of
longevity in developed health systems (Roffia et al., 2023). Although
panel regression is the dominant method in the field, more complex
machine learning (ML) methods are increasingly being used for pre-
diction and determining importance of variables. For example, Lipesa
et al. (2023) applied supervised ML to predict life expectancy using
global health and socioeconomic data for 193 countries. They found that
Random Forest and Gradient Boosting models performed best, with key
predictors being GDP per capita, infant mortality, and access to
healthcare. Similarly, Alvi et al. (2025) demostrated the effectiveness of
recursive partioning and bagging algorithms on World Health Organi-
zation (WHO) data, achieving high predictive accuracy and identifying
adult mortality and HIV/AIDS prevalence as critical predictive
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characteristics. In regional context, Tarca et al. (2024) used panel
econometric methods to analyze determinants in Eastern Europe. Their
finding reinforce the idea that income level, healthcare spending, and
education positively influence life expectancy, while unemployment and
alcohol consumption negatively affect it.

A crucial aspect of the research focuses on income inequality and
how socioeconomic status shapes longevity gaps. For example,
Schwandt et al. (2022) examined the relationship between income and
life expectancy in California. They demonstrated that the COVID-19
pandemic significantly widened disparities, disproportionately
affecting lower-income and minority populations. Similarly, Walczak
et al. (2021) examined this link in OECD countries, emphasizing the
policy challenges for pension systems given that wealthier groups tend
to live longer. Wang (2021) conducted a comprehensive global analysis
using both statistical analysis and Machine Learning (ML), confirming
that GDP per capita, healthcare access, and education are the strongest
positive predictors across continents. However, these standard ML ap-
plications largely act as ‘black boxes,’ lacking granular interpretability
regarding how predictors interact. Our study differs by utilizing SHAP to
dynamically decompose these non-linear interactions across different
income levels.

Based on previous literature, the following theoretical expectations
(H1-H4) can be formed.

@ H1: Health expenditure per capita is the most significant predictive
feature of life expectancy in various socioeconomic contexts.

@ H2: Lagged socioeconomic variables, such as access to electricity and
GDP per capita, exhibit significant long-term predictive impacts on
life expectancy predictions.

@ H3: Fertility rates and tuberculosis incidence are negatively corre-
lated with life expectancy, with higher values leading to lower pre-
dicted life expectancy.

@ H4: The predictive importance of socioeconomic and health-related
variables on life expectancy is significantly moderated by the coun-
try's income level.

The primary limitation of most statistical models is the difficulty of
interpreting the relative contributions of numerous interdependent
variables. Recent methodological advances address this gap by utilizing
concepts from cooperative game theory. Bimonte et al. (2024) devel-
oped an ensemble approach to mortality modeling using Shapley value
methods. The present study therefore assigns contribution weights based
on Shapley values, evaluating the relative importance of each model in
improving prediction accuracy.

3. Methodology
3.1. Theoretical framework

This research is grounded in the socioeconomic determinants of
health, which posit that life expectancy is driven by the multifaceted
interplay of economic growth, healthcare investment, and infra-
structural development. Although traditional econometric models, such
as the Preston curve, have established the fundamental link between
income and health, they often fail to capture the complex, nonlinear
interactions and heterogeneous effects inherent in global demographic
data. Consequently, this study uses a machine learning approach with
the Light Gradient Boosting Machine (LGBM) to effectively model high-
dimensional dependencies and the lagged impacts of historical condi-
tions on current health outcomes. Inclusion of SHAP values resolves the
“black box” limitations of such advanced algorithms by providing a
game-theoretic basis for interpretability and allowing for the precise
quantification of how variable importance shifts across different con-
texts. Additionally, the analysis incorporates structural development
theories, which suggest that the efficacy of determinants such as health
expenditure or fertility rates is significantly moderated by a nation's
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specific income level. This theoretical synthesis provides a more
nuanced understanding of global health disparities by moving beyond
static, linear assumptions to dynamic, context-specific predictive
modeling.

3.2. Data description and preparation

Based on an extensive literature review, we identified a broad set of
factors that could influence life expectancy at birth. Our goal was to
include a wide range of variables to allow the machine learning model to
select the most relevant ones for longevity. All data were sourced from
the World Development Indicators (WDI) database (World Bank,
2025a). The dependent (target) variable is ‘life expectancy at birth,
total (years)' (SP.DYN.LEOO. IN). The major inference behind the se-
lection of the independent variables is grounded in the health produc-
tion function literature, specifically the human capital framework
established by Grossman (1972), which treats macroeconomic in-
dicators, education, and health system capacity as fundamental inputs
for population health. We intentionally expanded this theoretical
framework to include broader socio-environmental risk factors (e.g.,
PM2.5 exposure, basic sanitation), drawing on the relatonship between
income and health outcomes first described by Preston (1975). By
mapping each predictor to these established theoretical
domains—ranging from direct medical inputs to distal environmental
determinants—we ensure that the machine learning model detects
diverse, multi-dimensional inferences within a robust economic context.
This allows the machine learning model to detect diverse,
multi-dimensional inferences without strict a priori constraints. The
potential predictors span demographic, economic, social, environ-
mental, and health-related domains and are detailed in Table 1.

We deliberately excluded direct mortality indicators (e.g., crude
death rates) as explanatory variables. Since life expectancy is derived
from mortality rates, and including mortality as a predictor introduces
the risk of tautological reasoning. Instead, we focused on the underlying

Table 1
Potential influencing factors of life expectancy.

Theoretical Inference/
Source

Theoretical
Domain

Variables & Descriptions

Economic &
Infrastructure

Health System
& Spending

Demographics

Health Status &
Risk Factors

Social
Development
&
Environment

GDP_PC_PPP (GDP per capita, PPP);
AccessElectricity (% of population);
InternetUsersPct (% of population);
EmploymentAgriculturePct (% of
total); UnemploymentRate (% of total
labor force)

HealthExp_PC (Current health
expenditure per capita, US$);
HealthExp_GDP_Pct (% of GDP);
HospitalBeds_per_1000;
Measlesimmunization (% of children)
FertilityRate (births per woman);
PopulationAge65PlusPct (% of total);
PopulationTotal; UrbanPopulationPct
(% of total); PopulationDensity
(people per sq. km)
TuberculosisIncidence (per 100 k);
AlcoholConsumption (liters per
capita); OverweightPrevalence (% of
adults);
PrevalenceUndernourishment (% of
population); HomicideRate (per

100 k)

WaterBasicAccess (% of population);
SanitationBasicAccess (% of
population); AccessCleanCooking (%
of population); PM25_Exposure
(mean annual exposure);
FemalePrimaryCompletionRate;
SchoolEnrollment (Primary/
Secondary % gross)

Income-Health Link (
Preston, 1975).
Macroeconomic
stability and
infrastructure
availability.

Health Capital Theory
(Grossman, 1972).
Direct investment in
medical services and
preventive care.
Demographic
Transition Theory.
Reflects dependency
ratios and shifts in
population structure.
Epidemiological
Transition. Measures
biological, behavioral,
and external threats to
survival.

Social Determinants of
Health. Distal factors
like education and
environment
impacting health
behavior.
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socioeconomic, health care, environmental, institutional, and behav-
ioral variables that drive these mortality patterns (Samarawickrama
et al., 2025). Data were collected for all available countries and years
starting from 1990 to 2023 (a 34-year raw period). However, because
we generate up to 8-year lag variables, the earliest years for each
country inherently lack historical data and produce missing values
(NaNs). After dropping rows with these resulting NaNs to ensure a
complete feature matrix, the effective analytical dataset after pre-
processing covers approximately 15 years of continuous data for 125
countries. Due to varying initial data availability across nations, the
resulting dataset is unbalanced. All the data were then combined into a
single panel dataset.

A correlation heatmap of our dataset is available in Fig. Al in
Appendix A. Descriptive statistics are available in Table A2 in Appendix
A. Income classifications were applied statically based on the currently
available World Bank data to ensure consistent group comparisons
throughout the analysis period. While static classification simplifies
group comparisons, it represents a minor limitation as it may misclassify
transitioning economies that shifted between income groups during our
raw 34-year study period (1990-2023). Due to the longitudinal nature
of the data, missing values were imputed using forward-filling (Cicek &
Aydin, 2025). Altough forward-filling is a standard panel imputation
technique, we acknowledge that it can partially smooth out or obscure
short-term volatility caused by sudden economic or health crises. This
specific imputation strategy was chosen to preserve the longitudinal
integrity of the panel data and to prevent future data leakage, which
would occur if interpolation methods using future data points were
applied. Rows with missing data points remaining after these steps were
dropped to maintain dataset integrity. Since tree-based models like
LGBM are invariant to monotonic transformations, no feature scaling or
normalization was applied to the predictors.

To model various temporal dynamics, lagged values (at two, four,
and eight years) were created for all predictors to capture delayed effects
on life expectancy (De Arcos-Jimenez et al., 2025). These lags were
generated by shifting temporal data within each country group, ensuring
no data leaked across different nations. Crucially, to prevent data
leakage and ensure rigorous validation, all data preprocessing
operations—including missing value forward-filling, temporal lag
feature creation, and hyperparameter optimization via Optuna—were
fitted and executed strictly within the pre-2020 training split prior to
evaluating unseen out-of-sample test data (2020-2023).

This approach is critical for time-series panel data as it strictly pre-
vents information leakage from the future into the past, ensuring a
realistic assessment of the model's forecasting ability. To quantify the
uncertainty of our out-of-sample model performance, we applied a non-
parametric bootstrapping approach with 1000 resampling iterations to
calculate 95% confidence intervals for our evaluation metrics. Such
robust validation techniques are necessary, as research comparing
advanced modeling approaches (e.g. Bayesian dynamic linear models
versus mixed effects models) has shown that the choice of methodology
significantly alters the accuracy of mortality-related analyses (George
et al., 2025). The final dataset comprises 125 countries, yielding a
total of 1528 observations (1044 in the training set and 484 in the test
set). We also incorporated World Bank income classifications (low,
lower-middle, upper-middle, and high income) into the analysis to
evaluate model performance and feature importance in various eco-
nomic contexts (World Bank, 2025b).

We applied a pooled regression approach, combining data from
different years and countries into a single dataset. We only used the
predictors in Table 1 and their lagged values as input variables. This
approach enabled us to work with a fairly large dataset and identify
fundamental, universal drivers of life expectancy. Using gradient
boosting (as detailed in the next section) we can capture complex,
nonlinear patterns without further feature engineering. Model training
and hyperparameter tuning were executed on a machine equipped with
48,0 GiB RAM and an 11th Gen Intel® Core™ i5-11400 F @ 2.60 GHz x
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12 CPU. The runtime for optimization and SHAP value computation was
no more than a few minutes. The Python code necessary to reproduce
this analysis is publicly available at https://github.com/[anonymized] /1
ife-expectancy-shap.

3.3. Modeling approach

We used the Light Gradient Boosting Machine (LightGBM) frame-
work (Ke et al., 2017) to predict life expectancy. This ensemble method
efficiently handles nonlinearities and complex interactions without the
need for manual specification of interaction terms, which makes it
suitable for our high-dimensional dataset. The model learns generalized
patterns by pooling data across countries and years. While pooled
modeling maximizes sample size and allows gradient boosting to learn
global non-linear dependencies across income-spectrums, it assumes
baseline parameter homogeneity, which can partially smooth over un-
observed country-specific structural characteristics and localized
shocks. To optimize the model's performance, we used the Optuna Py-
thon package (Akiba et al, 2019), which employs sequential
model-based optimization to efficiently search the hyperparameter
space. The key hyperparameters that were tuned included the learning
rate, the number of leaves, the feature and bagging fractions (for sub-
sampling to reduce overfitting), and the regularization terms. We used
the mean absolute error (MAE) on the training set was used as the
objective function and conducted 50 trials to identify near-optimal set-
tings. The final set of optimal hyperparameters used to train the reported
model is explicitly listed in Table 2. We ran the experiments using Py-
thon 3.10.12, LightGBM 4.6.0, SHAP 0.47.2, and Optuna 4.4.0. Random
seeds were fixed to 42 to ensure deterministic reproducibility.

A key advantage of this tree-based ensemble method is its inherent
ability to naturally handle multicollinearity and automatically detect
complex interactions between variables, which reduces the risk of
omitted variable bias that is common in linear models without explicit
interaction terms.

3.4. Model validation and interpretation

We assessed model performance on the reserved validation set
(2020-2023) to evaluate its predictive accuracy on unseen, future data.
To address the research gap identified in the literature review regarding
interpretability, we used SHapley Additive Explanations (SHAP) values
to understand the contribution of each factor to the model's predictions.
The concept of the Shapley value was first introduced in the field of

Table 2
The optimized LGBM parameters as used in the study.

Hyperparameter Description Optuna Search Final
Space Value
learning _rate Shrinkage rate of tree [0.01, 0.20] 0.0267
weights (Float)
num_leaves Maximum tree leaves for [20, 200] 48
base learners (Integer)
max_depth Maximum tree depth [3, 16] 8
(Integer)
feature_fraction Subsampling ratio of [0.6, 1.0] 0.8308
columns per tree (Float)
bagging_fraction Subsampling ratio of rows [0.6, 1.0] 0.6109
per tree (Float)
bagging_freq Frequency of bagging [1, 10] 2
(Integer)
min_child_samples =~ Minimum data points in a [5, 100] 12
leaf (Integer)
lambda_l1 L1 regularization term on [0.0, 5.0] 0.8143
weights (Float)
lambda_12 L2 regularization term on [0.0, 5.0] 0.9279
weights (Float)

Note. The model was optimized over 50 trials to minimize the Mean Absolute
Error (MAE) using 10,000 estimators with an early stopping round of 100.
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game theory by Lloyd Shapley in 1953 (Shapley, 1953). For his work in
identifying this quantity, Shapley was later awarded a Nobel Prize. It is
useful for determining fair credit given to individual players based on
their contributions across all possible coalitions. Lundberg and Lee
(Lundberg & Lee, 2017) were the first to apply the Shapley value to
machine learning; they used it to determine the importance of a feature
in a particular prediction. In this case, each feature is treated as a player
in a game where the payout is the model's prediction.

Given an input x, the ith feature's Shapley value is calculated by the
following formula:

1(IN|-IS]-1)!

o= 3 BB s iy - £s)) M

SCN\(i) INJ!

where N is the set of all features, S is a subset of features that does not
contain the considered feature (the sum runs over all possible combi-
nations), and f(S) denotes the model's prediction when only the features
in S are present (with all other features marginalized). Thus, ¢; is the
weighted average of the feature's marginal contribution to a prediction.
It is critical to emphasize that SHAP values represent marginal contri-
butions to the model's specific predictive output rather than direct real-
world causal effect sizes or indicators of policy effectiveness.

In general, calculating the exact Shapley values (SHAPS) is compu-
tationally expensive since it requires considering all possible combina-
tions of features. However, when working with tree-based algorithms,
such as LightGBM, we can use the TreeExplainer method from the SHAP
Python Package. This is a highly optimized, computationally superior
modification of the SHAP method specifically designed to compute exact
Shapley values for tree ensembles like LightGBM in polynomial time. We
computed SHAP values for the entire dataset to allow for both global and
income-group-specific aggregation. We used SHAP to produce both local
and global explanations. Local interpretability is guaranteed by the
following formula:

IN|
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where x is an instance and ¢, = E[f(x)] is the expected value of the
model output. Thus, the Shapley value can be considered as an additive
feature importance measure that divides the model's prediction among
its features. In our investigation, we estimated each feature's contribu-
tion to the predictions of interest for individual country-years. We also
aggregated the SHAP values into global feature importances in order to
gain insight into the model's overall behavior.

3.5. Workflow description

To provide a comprehensive overview of the analytical process,
Fig. 1 illustrates the end-to-end research workflow employed in this
study. This methodological sequence begins with the Data Acquisition
and Processing stage, where raw indicators from the World Develop-
ment Indicators (WDI) database are cleaned, lagged, and split into
temporal training and testing sets to strictly prevent data leakage.
Following this, the Model Optimization phase utilizes the Optuna
framework to fine-tune the LightGBM hyperparameters, ensuring
maximum predictive precision. Once the optimal model is established,
the interpretability Layer applies TreeExplainer-based SHAP decompo-
sition to the results. This allows us to move from global performance
metrics to granular, context-specific insights. Finally, the research con-
cludes with Policy Synthesis stage, where the decomposed contributors
are translated into income-specific recommendations.

Fig. 1 provides an end-to-end summary of the research workflow of
the current study. The systematic structure of this workflow ensures that
the transition from raw socioeconomic data to actionable policy insights
is both transparent and reproducible, By separating the predictive
modeling from the interpretability analysis, we maintain high accuracy
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1. Data Collection
(World Development Indicators)
125 Countries (1990-2023)

26 Predictors (Health, Eco, Social)

2. Preprocessing
Missing Value Imputation (Forward-fill)
Feature Lagging (0, 2, 4, 8 years)
Train/Test Split (Cutoff: 2020)

3. Modeling
Algorithm: LightGBM
Optimization: Optuna

(Target: Life Expectancy at Birth)

Y

4. SHAP Analysis
Global Feature Importance
Income Group Comparison

Case Studies (DEU, ZAF, IND)

5. Policy Interpretation
Income-Specific Interventions
(Infrastructure vs. Healthcare Spending)
Targeted Health Equity

Fig. 1. Research workflow.

while overcoming the typical “black box” limitation of gradient boosting
machines. This integrated approach allows for a robust evaluation of the
life expectancy determinants, ensuring that the subsequent results
(detailed in Section 4) are grounded in a rigorous, multi-stage analytical
framework that accounts for both temporal dynamics and income-based
heterogeneity.

4. Results

We used a Light Gradient Boosting Machine (LGBM) and, as a
benchmark, a linear regression (LR) model to predict life expectancies
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using all the input features in Table 1, with lags of 0, 2, 4, and 8 years. To
rigorously answer requests for comprehensive evaluation, we expanded
our reporting to include additional performance metrics: Root Mean
Squared Error (RMSE), Mean Absolute Error (MAE), Mean Absolute
Percentage Error (MAPE), Median Absolute Error (MedAE), and R2,
along with 95% bootstrapped confidence intervals (Table 3).

The LR model produced a Root Mean Squared Error (RMSE) of 3.316,
and an R-squared (R?) of 0.716. The LGBM model had an RMSE of 1.961,
a Mean Absolute Error (MAE) of 1.498, and an R of 0.901, accompanied
by tight 95% confidence intervals. Specifically, the LightGBM model's
MAE of 1.498 [95% CI: 1.381, 1.616] and R? of 0.901 [95% CI: 0.881,
0.917] demonstrate a substantial and statistically robust improvement
over the Linear Regression baseline, which exhibited a higher MAE of
2.451 [95% CI: 2.263, 2.675] and a lower R? of 0.716 [95% CI: 0.623,
0.786]. Furthermore, evaluating relative and outlier-robust metrics
underscores this performance advantage. The LightGBM model achieves
a Mean Absolute Percentage Error (MAPE) of 2.1% [95% CI: 2.0%,
2.3%] compared to 3.4% [95% CI: 3.2%, 3.7%] for Linear Regression,
indicating that LightGBM's predictions deviate on average by only
approximately 2.1% relative to true life expectancy values. Additionally,
LightGBM achieves a lower Median Absolute Error (MedAE) of 1.133
years [95% CI: 1.052, 1.264] compared to LR's 1.945 years [95% CI:
1.828, 2.232]. This lower MedAE indicates that typical individual pre-
dictions from LightGBM are off by barely over a single year and high-
lights that LightGBM's performance superiority remains consistent even
when insensitive to extreme prediction outliers. The lack of overlap
between the 95% bootstrapped confidence intervals across all metrics
confirms that the machine learning model's predictive superiority is
highly robust and statistically significant. This superior test set perfor-
mance across all metrics suggests that the more complex machine
learning model has a considerable and statistically robust advantage in
terms of predictive power compared to the baseline. To rigorously
confirm the performance advantage of the LightGBM model over the
benchmark linear regression, we conducted statistical comparison tests
on the out-of-sample squared errors. A paired t-test revealed a highly
statistically significant difference in predictive accuracy (p < 0.001).
Because error distributions can sometimes deviate from strict normality,
we also applied a non-parametric Wilcoxon signed-rank test, which
further confirmed the significance of the LightGBM model's superior
performance (p < 0.001). Additionally, a visual comparison of both
models' predictive performance across the test set is provided in Fig. A2
in Appendix A. The robustness of the model was further supported by the
stability of the SHAP feature rankings observed across exploratory an-
alyses using alternative data preprocessing strategies (e.g., different
treatments of missing values). These analyses were conducted during
preliminary experimentation but are not reported in this study.

Fig. 2 displays a scatterplot of the actual test set life expectancies
against the predicted ones (from LGBM), with the ten largest deviations
highlighted.

For our baseline linear regression, the contributions of the features to
the predictions are straightforward additive effects, defined by the
feature values multiplied by their corresponding coefficients. The raw
coefficients of the linear regression are displayed in Table Al in
Appendix A. While the sign of each coefficient correctly indicates
whether the impact is positive or negative, the absolute magnitude of
the coefficients cannot be used to compare the relative importance of
different features because of the wide variation in the scale and units of
the input variables.

SHAP allows us to determine feature contributions in the LGBM

Table 3
Out-of sample test set evaluation results.
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model across three distinct analytical levels to avoid visual redundancy:
(i) feature-level directionality and distributions across specific lag ho-
rizons (Fig. 3), (ii) base-variable importance aggregated across all lag
horizons (Fig. 4), and (iii) broad domain/category level contributions
(Fig. 5). Fig. 3 specifically details the directional impact (positive/
negative) and distribution of SHAP values for the top individual
predictor-lag combinations.

The features are listed in order of average importance on the vertical
axis (highest importance at the top). The horizontal position corre-
sponds to the SHAP value for a given instance. Color coding reveals the
actual feature value: red dots represent high feature values, and blue
dots represent low values. According to Fig. 3, current health expendi-
ture per capita (HealthExp PC) is the most important predictor on
average, followed closely by the current access to electricity (AccessE-
lectricity). High feature values (red dots) consistently push the SHAP
values into the positive range (to the right of zero). Conversely, low
feature values (blue dots) push SHAP values into the negative range (to
the left). These results indicate a strong positive correlation: higher
health expenditure and greater electricity access are strongly associated
with higher predicted life expectancy within the model. The Fertil-
ityRate and TuberculosisIncidence features demonstrate a negative
correlation. High values (red dots) consistently result in negative SHAP
values, which decrease predicted life expectancy. Low values (blue dots)
contribute positively. This aligns with expected public health outcomes:
higher disease burdens and high fertility rates (often a characteristic of
lower-income countries with high infant mortality) are associated with
lower overall longevity. The eight-year lag of GDP_PC_PPP is significant,
with higher values contributing positively, as expected. Almost all
health expenditure per capita variables are among the most important
predictors, aligning strongly with economic theory regarding health
investment returns. Several lagged variables appear near the top of the
list, indicating that past values of the examined factors can also provide
valuable assistance in predicting life expectancy by capturing long-term
developmental impacts rather than just immediate effects.

Fig. 4 shows the aggregated importance of the base variables, or the
importance summed over all lag horizons. A longer bar indicates a
higher mean absolute SHAP value, meaning that the given feature group
was, on average, more influential in determining the predicted life ex-
pectancy. Based on the SHAP values, health expenditure per capita is the
most important indicator, followed by access to electricity and fertility
rate. Features toward the bottom of the list, such as AccessCleanCooking
and PM25_Exposure, have very low mean absolute SHAP values (nearly
0.00). This suggests that, although these variables were included in the
dataset, the model identified them as the least influential or useful for
making accurate predictions compared to the top variables.

The base variables (i.e., the distinct WDI used as input variables)
were grouped into five categories, as indicated in Table 1. The goal was
to create categories with roughly the same number of base variables.
Fig. 5 displays the aggregated importance of the variable categories.
Overall, economic and infrastructure variables are the most important,
followed by health system and spending variables. Demographics,
health status and risk factors, and social development and environment
variables seem to be less important.

4.1. Country groups

To gain a deeper understanding, we grouped countries based on
World Bank income classes and regions (World Bank, 2025b). Then, we
analyzed the resulting SHAP importances within the groups.

Model RMSE [95% CI] MAE [95% CI]

MAPE (%) [95% CI] MedAE (Years) [95% CI] R? [95% CI]

2.451 [2.263,2.675]
1.498 [1.381, 1.616]

Linear Regression
LightGBM

3.316 [2.877, 3.784]
1.961 [1.825, 2.098]

3.4 [3.2,3.7]
2.1 [2.0, 2.3]

1.945 [1.828, 2.232]
1.133 [1.052, 1.264]

0.716 [0.623, 0.786]
0.901 [0.881, 0.917]
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Fig. 2. LGBM test set predictions against true values with 10 largest errors highlighted.

Fig. 6 illustrates the relative importance of various socioeconomic
and health-related variables at different income levels. The results
reveal significant differences in the factors influencing the model's
predictions across income groups, emphasizing the need for income-
specific policies.

Among low-income countries (orange bars), access to electricity
exhibits the highest mean absolute SHAP value, suggesting that funda-
mental infrastructure has dominant explanatory power in these con-
texts. Fertility rate is the second most important feature for low-income
countries, emphasizing the importance of demographic factors. Health
expenditure per capita is the most influential variable for high-income
(blue bars) and upper-middle-income (red bars) countries, reflecting
the importance of advanced healthcare systems in achieving marginal
longevity gains in wealthier nations. Internet usage contributes
moderately across most income categories, underscoring the universal
impact of infrastructure and technology on outcomes. Although vari-
ables such as tuberculosis incidence and homicide rate have relatively
low SHAP values overall, they are more important in certain income
groups. The homicide rate is particularly important in high-income re-
gions, while the incidence of tuberculosis is more important in non-high-
income areas. These findings suggest that, as primary health concerns
are addressed, specific issues, such as safety, become more influential in
determining longevity in wealthier societies. Interestingly, the propor-
tion of the population aged 65 and over modestly influences longevity,
particularly in high-income regions. This is consistent with global de-
mographic aging trends.

Fig. 7 shows the mean absolute SHAP values of the variable cate-
gories by income group. Considerable variation in SHAP importance
exists across different groups of countries. Demographic, economic,

social and environmental factors seem to be more important predictors
of life expectancy in less developed countries and regions. In more
developed areas, factors related to the health system seem to be more
important predictors.

Table 4 summarizes the top three predictors for each income level
based on mean absolute SHAP values to facilitate a quick comparison of
the dominant drivers across different economic contexts.

The model's predictive power varies substantially depending on the
economic contexts. It generally performs best in high-income regions,
where data quality is often higher and health trajectories are more
uniform. Conversely, predictive accuracy is notably lower in upper-
middle-income countries. This group comprises highly heterogenous
transition economies, including Latin American nations, Eastern Euro-
pean transition states, and Southern African countries. This structural
diversity, coupled with distinct regional health crises, contributes to the
reduced predictive power in this bracket. Table 5 shows the performance
metrics by income level, including Mean Asolute Error (MAE) alogside
R? and RMSE for a more comprehsive view of out-of-sample prformance.

In order to systematically evaluate the predictive behavior and
address the potential impact of omitting the HIV/AIDS prevalence var-
iable, we first acknowledge that directly including an HIV/AIDS prev-
alence predictor was not feasible due to severe data limitations
(substantial missing values in the World Bank WDI database across our
global longitudinal panel), which would have greatly reduced the
analytical sample size. To evaluate the effect of omitting this variable
and other localized factors on the model, we performed a two-part
sensitivity analysis on the upper-middle-income group. As Eswatini is
classified as a lower-middle-income country by the World Bank, the only
Southern African countries in our upper-middle-income dataset are
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Fig. 3. Global SHAP Summary Plot. The features are ranked by mean absolute SHAP value (importance).
Note. Each dot represents a country-year observation; red dots indicate high feature values, and blue dots indicate low feature values. The horizontal position shows

the impact on predicted life expectancy (positive or negative).

South Africa and Botswana.

In the first part of the sensitivity analysis (Sensitivity Test A), we
excluded these two countries. Following their exclusion, the average
predictive error metrics remained virtually unchanged (root mean
square error (RMSE) decreased marginally from 2.2050 to 2.1949 and
mean absolute error (MAE) changed from 1.7138 to 1.7148), while R?
decreased to 0.4046. This drop in R? is a mathematical consequence of
restricting the variance of the dependent variable, as these Southern
African nations represent outliers in terms of lower-bound longevity in
our dataset due to the historical HIV crisis. The stable RMSE and MAE
confirm that the baseline explanatory power of the model in this group
(R? = 0.5420) is not solely driven by these Southern African countries. In
the second part of the sensitivity analysis (Sensitivity Test B), we
excluded the three countries with the largest prediction errors in the test

set: Fiji, Moldova and Indonesia. This resulted in a notable improvement
in performance: the R? increased to 0.5788, the RMSE decreased to
2.0117 and the MAE decreased to 1.5577 (compared to a baseline MAE
of 1.7138).

To systematically evaluate the stability of our model and SHAP
feature importance rankings, model training was repeated across 10
distinct random seed perturbations. The overall predictive performance
demonstrated high stability, with tight standard deviations across iter-
ations (e.g., R%0f0.8818 + 0.0016; MAE of 1.6390 + 0.0139). However,
the exact global SHAP rankings exhibited moderate variability, yielding
a mean Spearman rank correlation of p = 0.69 across the perturbations.
Due to the presence of highly collinear lagged variables (e.g., current
versus lagged health expenditure), the gradient boosting algorithm
frequently swapped the importance of correlated features across
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Fig. 5. Aggregated SHAP Feature Importance by variable category.

different random seeds. Table 6 provides a structured summary of the
predictive performance across these robustness checks, combining the
random seed perturbations with the sensitivity testing of the upper-
middle-income cohort.

4.2. Countries case studies

To illustrate how specific factors predict individual outcomes and

move beyond aggregate analysis, we selected three countries as distinct
case studies for further granular analysis: Germany, South Africa, and
India. We made this deliberate choice to represent diverse points across
the World Bank's income classification spectrum and to highlight
fundamentally different public health profiles and policy contexts. These
criteria ensure that we cover the full range of development statuses.
Germany is a representative high-income country with a highly devel-
oped public health infrastructure and high life expectancy. South Africa
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is a crucial and complex case of an upper-middle-income country
grappling with a dual health burden. Although it has a significant eco-
nomic base and infrastructure, its health trajectory has been profoundly
shaped by specific public health crises. India is an important example of
a large, rapidly developing lower-middle-income country currently un-
dergoing significant demographic and epidemiological transitions. By

analyzing these three diverse contexts, we ensure that our findings cover
a broad spectrum of global health determinants. This allows us to vali-
date our model's interpretations across different income levels and
policy landscapes.

Figs. 8-10 show the SHAP force plots for Germany, South Africa, and
India, respectively. Each prediction starts at a baseline value, which is
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Table 4

Top-ranked predictive variables by income level.
Income Level #1 #2 #3
High income HealthExp_PC GDP_PC_PPP AccessElectricity
Upper-middle income HealthExp_PC FertilityRate AccessElectricity
Lower-middle income  HealthExp_PC AccessElectricity ~ FertilityRate
Low income AccessElectricity FertilityRate HealthExp_PC

Table 5

LGBM test set performance across income levels.
Income Level R-squared (R?) RMSE MAE
High income 0.8185 1.5581 1.1335
Low income 0.7754 1.7837 1.4686
Lower middle income 0.7942 2.0470 1.6063
Upper middle income 0.5420 2.2050 1.7138

Note. RMSE: Root Mean Squared Error; MAE: Mean Absolute Error.

Table 6
Summary of model robustness and sensitivity analyses.
Analysis/ Dataset Scope R? RMSE MAE
Scenario
Baseline Full Test Set 0.9007 1.9609 1.4976
LightGBM (2020-2023)
Seed Full Test Set 0.8818 2.1393 1.6390
Perturbations (2020-2023) (4+0.0016) (+0.0143) (£0.0139)
(10 Runs)
Sensitivity Test Excl. South 0.4046 2.1949 1.7148
A Africa &
Botswana
Sensitivity Test B Excl. Fiji, 0.5788 2.0117 1.5577
Moldova,
Indonesia

the average predicted life expectancy across the dataset (denoted by E [f
(x)1). Feature values that increase the individual prediction are shown in

6232.591 = HealthExp_PC
6638.208 = HealthExp_PC_lag2
5488.54 = HealthExp_PC_lag4
59699.338 = GDP_PC_PPP_lag8
1.39 = FertilityRate

100 = AccessElectricity

91.431 = InternetUsersPct_lag2
100 = AccessElectricity _lag4

99.226 = SanitationBasicAccess

95 other features _

74
E[f(X)] =72.891
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red (positive SHAP values), and feature values that decrease the pre-
diction are shown in blue (negative SHAP values). The magnitude of the
impact is represented by the length of the colored segment. Predicted life
expectancy is denoted by f(x). In Germany (Fig. 8), where the predicted
life expectancy (81.31 years) is well above the global average (72.89
years). The primary drivers are rooted in a high-income context.

The main positive factor is the healthcare system. High Health-
Exp_PC values are associated with substantial positive SHAP values (a
large red segment), pushing the prediction significantly higher than the
baseline. For example, high SanitationBasicAccess provides a smaller,
albeit positive, contribution. This shows that extensive healthcare in-
vestment is the key factor for exceptional longevity in highly developed
nations. The pattern in South Africa (Fig. 9) highlights the dominance of
specific public health challenges that lower life expectancy.

Tuberculosis Incidence (8 years prior): This is the most dominant
negative factor; it alone reduces the prediction by 2.21 years relative to
the average. The value from four years prior also has a significant
negative impact (—0.67 years), which highlights the disease's persistent
and destructive effect on lifespan. The homicide rate (and its eight-year
lag) is also a significant negative factor, reducing life expectancy by 0.37
and 0.34 years, respectively. Close-to-average access to electricity shows
a varied impact. Internet users (75% of the population) move the pre-
diction in a positive direction. South Africa's predicted life expectancy is
67.26 years, which is approximately 5.6 years less than the average of
72.89 years. It is important to acknowledge that our feature set did not
include HIV/AIDS prevalence. For Southern African countries, HIV/
AIDS was the primary driver of life expectancy slumps between 1990
and 2023. The model attempts to proxy this massive health crisis
through other health metrics (like Tuberculosis incidence), but the
omission of a direct HIV/AIDS indicator limits the model's granular
accuracy in this specific region. This omission directly accounts for the
large residual errors observed in the Southern African cluster in Fig. 2,
underscoring a major limitation in interpreting specific country-level
case studies in regions where key epidemiological variables are missing.

Fig. 10 shows the SHAP waterfall plot, which serves to explain the
individual prediction for India in 2023. It illustrates how the model's
average prediction (the default global average) was influenced by the

fix) =81.313

. +0.33
' +0.32
. +0.3

. +0.27
’ +0.23

76 78 80

Life expectancy (in years)

Fig. 8. SHAP waterfall plot for Germany (2023).
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Fig. 10. SHAP waterfall plot for India (2023).

unique characteristics of India, leading to the final prediction for that functions as a positive predictor; the model associates this downward
country. Fig. 10 explains why the model predicts a life expectancy of demographic trend with broader improvements in public health out-
73.76 years for India, which is only slightly above the global average comes and the progression of the demographic transition. This factor is
(72.89 years). The pattern demonstrates a balance between positive and the most dominant positive factor, increasing the prediction by 0.65
negative effects. years. Lagged fertility rate variables are also important, confirming that

In the case of India, the observed power decline in fertility rates sustained shifts provide cumulative gains to longevity. Additionally,
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access to electricity (99.5% of the population) provides a positive
contribution, reflecting the successful explansion of basic infrastructure.
However, these positive effects are largely counteracted by health
expenditure variables, which have a large negative impact on the pre-
diction because they remain lower than the global average. This suggests
that while India has successfully leveraged demographic and infra-
structural gains, its path toward higher life expectancy is currently
constrained by relatively low healthcare investment. In summary, the
positive demographic predictors are mostly offset by these expenditure
gaps, keeping the overall prediction above, yet near, the baseline
average.

5. Discussion

Our study used a robust gradient boosting framework, the Light
Gradient Boosting Machine (LGBM), to predict life expectancy at birth
using a comprehensive, pooled dataset. This dataset included 125
countries, spanned an effective 15 years after preprocessing (derived
from the 34-year raw data period after lag truncation and the removal of
missing data), and utilized 26 predictor variables, each with four
different lags (0, 2, 4, and 8 years). Validation results indicate that this
model produces more accurate predictions than linear regression. LGBM
demonstrated clear statistical superiority over linear regression
(R% = 0.901 vs. 0.716; MAPE = 2.08% vs. 3.38%) These results are
consistent with the finding that machine learning models, such as
gradient boosting, can effectively handle complex data structures in life
expectancy predictions (Ahamad et al., 2025). Shapley values reveal the
model's “black box,” by measuring the precise contribution of each
variable to the predictions, thereby enhancing transparency (Khan &
Rafat, 2025; Zhao & Song, 2025). This methodology mirrors recent
advancements in geriatric health modeling, where SHAP values have
been used to identify depressive symptoms and physical frailty as
dominant predictors of dysfunction in older adults (Lin et al., 2025). Our
results show that economic and infrastructure variables are the most
predictive categories, which aligns with theoretical expectation HI.
Focusing on the interpretation of these heterogeneous patterns, the
observed shift in predictive importance across income groups (Fig. 7)
empirically validates the nonlinear relationship described by the Preston
curve (Preston, 1975). Our findings suggest that, in a low-income
context, life expectancy is primarily predicted by fundamental infra-
structure and demographic factors, such as access to electricity and
fertility rates. However, as nations transition to higher income levels,
the predictive power of these basic determinants diminishes. In
high-income regions, the model's predictive focus decisively shifts to-
ward health system efficiency and specialized expenditures. This tran-
sition suggests that once a society surpasses a certain developmental
threshold, the longetivity of the healthcare system becomes crucial for
managing non-communicable diseases and geriatric care. This aligns
with the flattening of the Preston curve, where income alone becomes a
less potent predictor than the specific allocation of resources within the
healthcare sector.

Further analysis of lagged socioeconomic variables revealed their
significant long-term impact on life expectancy predictions. This finding
aligns with the work of Ramos-Herrera and Sosvilla-Rivero (2025), who
examined the enduring effects of socioeconomic policies on health
outcomes. Therefore, these results align with expectation H2.

The study shows that a higher fertility rate and a higher incidence of
tuberculosis are negative correlated with life expectancy. Our SHAP
analysis corroborates this finding, suggesting that substantial disease
burdens and demographic challenges can negatively impact longevity.
This aligns with Woolf (2023), who documented socioeconomic dis-
parities affecting life expectancy across different regions. Thus, our
findings are consistent with theoretical expectation H3.

We found considerable variation in SHAP contributions among
different groups of countries, which is consistent with expectation H4;
our case studies of Germany, South Africa, and India demonstrate this. In
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high-income regions such as Germany, where life expectancy gains are
often driven by continuous improvements in geriatric care and the
management of non-communicable diseases, healthcare expenditure is
paramount. However, its importance is reduced in other countries.
Selecting South Africa allowed us to explore a scenario in which average
life expectancy is low despite middle-income status due to the high
burden of specific infectious diseases. This demonstrates how dominant
context-specific factors can offset general economic gains. India served
as a case study for transitional determinants, illustrating the balance of
positive and negative forces, showing that basic infrastructure im-
provements can have significant impact. These observations align with
those of Rapi et al. (2025), who explored the nuanced relationship be-
tween income levels and insurance demand. Our findings suggest that
health expenditure is unlikely to lead to meaningful improvements in
life expectancy without meeting basic needs, reflecting a hierarchy of
developmental priorities.

Model performances varies substantially by income group (Table 5).
The relatively lower R? observed in upper-middle-income countries
(0.5420) compared to the overall model (0.901) suggests that life ex-
pectancy in transitioning economies is driven by highly heterogenous,
context-specific factors. This group comprises a structually driverse mix
of nations, including Latin American countries, Eastern Europen tran-
sition states, and Southern Afrcian nations. Although Eswatini is clas-
sified in the lower-middle-income bracket, other Southern African
countries like South Africa and Botswana fall into the upper-middle-
group. In these countries, historical public health crises, particularly
the HIV/AIDS epidemic, have dramatically impacted life expectancy.
The direct inclusion of HIV/AIDS prevalence variable was prevented by
data limitations (missing values). Our sensitivity analysis revealed that
while removing these Southern African nations left the average predic-
tive error (RMSE and MAE) unchanged, excluding the three countries
(Fiji, Moldova, and Indonesia) with the largest prediction errors
improved the R? and reduced the RMSE. This confirms that the lower
baseline performance of the model in the upper-middle-income category
is not caused by a single regional outlier or disease omission. This
sensitivity analysis shows that lower baseline performance in the upper-
middle-income group is not concentrated in a single geographic region
or caused solely by the omission of a single disease. Rather, it reflects the
systemic, multi-regional structural heterogeneity of transition econo-
mies, ranging from Eastern European post-Soviet states such as Moldova
to small island developing states such as Fiji and rapidly industrializing
Asian nations such as Indonesia. These economies experience highly
diverse regional, demographic and epidemiological trajectories that are
difficult to fully capture with a single, static model.

Overall, our study confirms the vital role of socioeconomic in-
vestments and historical factors in predicting life expectancy, high-
lighting the necessity of targeted policy interventions. SHAP values offer
actionable insights into complex predictions, providing a robust foun-
dation for informed decision-making and resource allocation aimed at
improving health outcomes in diverse socioeconomic contexts. These
results suggest that policy planning may benefit from targeting country-
specific predictive drivers, highlighting a strong predictive association
between basic infrastructure improvements and predicted life expec-
tancy in lower-income countries, and advanced healthcare investments
in wealthier ones.

6. Conclusion

In terms of methodological contributions, the application of
advanced machine learning techniques, particularly Light Gradient
Boosting Machine (LGBM), has proven to be a pivotal in accurately
predicting life expectancy. The model's capacity to process intricate
datasets and offer insightful insights via SHAP values represents a sub-
stantial improvement over conventional methods such as linear regres-
sion. This study has extensively explored the interplay of socioeconomic
and health-related variables, revealing their substantial impact on life
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expectancy across different income groups and geographic contexts.

Regarding empirical findings, the results provide strong empirical
alignment with our formulated theoretical expectations, underscoring
the methodological strength of combining nonlinear machine learning
with interpretable SHAP analysis on a global longitudinal dataset. H1,
which posits that health expenditure per capita is the most influential
predictor, is reflected in the dominant SHAP values observed globally,
highlighting a strong predictive association between healthcare invest-
ment and predicted longetivity. Similarly, the findings are consistent
with H2, confirming the significant long-term predictive value of lagged
socioeconomic variables, such as access to electricity and GDP. This
supports the need for policies that consider past conditions and their
enduring associations with population health. Our results also align with
H3, indicating that negative correlations between fertility rates, disease
burdens, and life expectancy must be addressed through targeted in-
terventions in regions with high disease prevalence. Lastly, the evidence
supports H4, confirming that moderating the predictive associations of
variables by income levels requires tailoring socioeconomic strategies to
a country's specific economic context. High-income regions benefit more
from healthcare investments, while lower-income countries may need to
focus on demographic and infrastructure improvements.

Based on these predictive insights, several model-informed policy
considerations emerge. However, these must be interpreted within strict
predictive boundaries rather than as causal guarantees. First, Empirical
Findings: Higher healthcare expenditure exhibits a strong predictive
association with life expectancy in high-income regions, while basic
infrastructure access (e.g., electricity) is the leading predictive factor in
lower-income settings. Methodological Contributions: By combining
tree-based gradient boosting with multi-tier SHAP decomposition, this
study overcomes the black-box constraint of ML models while managing
complex non-linear lag dynamics. Model-Informed Policy Implications
& Boundaries: It is crucial to emphasize that SHAP values reflect pre-
dictive associations within the model architecture rather than direct
real-world causal mechanisms. Policy recommendations derived from
these models serve as complementary, data-driven signals rather than
deterministic evidence that specific expenditures will guarantee exact
health gains. Future Directions: Future research should extend this
framework by incorporating time-varying coefficient models and dy-
namic panel structures to better isolate localized causal mechanics.

Variables associated with reduced fertility rates and controlled dis-
ease burdens also align with higher predicted life expectancy, especially
in areas where these factors represent major constraints. For future
research directions, our framework highlights the importance of
analyzing predictive patterns sensitive to a country's historical and
current economic conditions to better understand its unique structural
challenges.

Despite the model's high predictive accuracy, several limitations
warrant consideration. First, our reliance on secondary data (WDI)
means findings are associative and predictive rather than causal.
Inherent data quality issues may exist, and the use of static income
classifications may misclassify countries whose income levels changed
over the study period. Next, while forward-filling is a standard approach
for maintaining the integrity of longitudinal panel data, it may partially
obscure short-term volatility during sudden economic shocks or rapid
health crises. Our selection of lag structures (0, 2, 4, and 8 years) was
designed to capture broad developmental trends, though we acknowl-
edge that certain intermediate temporal dynamics might not be fully
represented. Furthermore, it is critical to emphasize that purely pre-
dictive modeling lacks causal inference. SHAP values represent marginal
contributions to the model's specific predictive output and should not be
interpreted as indicators of direct real-world causality or guaranteed
policy effectiveness. The omission of important epidemiological vari-
ables (such as HIV/AIDS prevalence, which could not be directly
included due to panel data gaps) and cultural/institutional factors limits
the model's granular accuracy in regions where these are primary
mortality factors, as demonstrated by our sensitivity analysis on the
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upper-middle-income cohort. Additionally, the unbalanced nature of
our panel dataset implies that countries with more comprehensive his-
torical records may exert a disproportionate influence on the global
model's learned patterns. Finally, our pooled panel data approach as-
sumes a degree of general parameter homogeneity and may partially
obscure unobserved country-specific heterogeneity; therefore, future
research could further refine these insights by utilizing time-varying
coefficients or regime-switching models. Finally, while we formally
verified the statistical significance of the overall performance gap be-
tween our models, our evaluation framework primarily focuses on point
predictions and feature interpretability. As demonstrated by our
perturbation analysis, the presence of highly correlated temporal lags
introduces moderate variability in exact SHAP feature rankings across
random seeds. While we formally estimated 95% confidence intervals
for overall model performance via bootstrapping, we did not generate
uncertainty estimations for individual point predictions and their cor-
responding local SHAP values; therefore, measuring the local confidence
intervals of specific feature importance remains a valuable avenue for
future methodological research.

In conclusion, this study reinforces the importance of leveraging
advanced machine learning techniques to understand the multifaceted
determinants of life expectancy. Aligning these insights with targeted
policy interventions can drive significant improvements in global health
outcomes and reduce disparities between different socioeconomic
groups.
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