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INTRODUCTION & AlM

Accurate mortality modeling is fundamental to life insurance pricing, reserving, and capital
estimation. However, insurance mortality data, particularly in emerging markets, are often
limited, noisy, and highly variable, making reliable mortality estimation and forecasting
challenging. Traditional actuarial graduation methods provide interpretable mortality patterns but
have limited predictive capabilities, whereas machine learning models can capture complex
nonlinear relationships. This study proposes a hybrid framework that integrates actuarial
graduation techniques with ensemble machine learning to Iimprove the estimation and
forecasting of insurance mortality rates.

RESULTS & DISCUSSION

Mortality Graduation

The Makeham Law outperformed the P-spline model, achieving lower
MSE and BIC values for both males and females. Beyond its superior
statistical performance, the Makeham model more effectively captured the
age-related increase In mortality while maintaining a simple and
interpretable actuarial structure. Consequently, the Makeham-graduated

mortality rates were selected for the machine learning stage.
Research Question: Can integrating actuarial graduation techniques with ensemble machine

learning provide a robust framework for modeling and forecasting insurance mortality rates? Figure 1: Comparison of MSE Values for the Makeham and P-

spline Graduation Models by Gender
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Crude mortality rates were smoothed

% Mortality Graduation

using the Makeham Law and P-splines. {
The models were compared using MSE
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and BIC, and the best-performing model

Among the three tree-based
consistently achieved the highest

models, Gradient Boosting (GB)
predictive accuracy under both random

and year-based validation strategies. It produced the lowest prediction
errors (MSE and RMSE) and the highest R?* score on the test data,

was selected. 1 outperforming both Random Forest (RF) and Decision Tree (DT).
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=i Est"“atea"df°'eca$‘m‘ia"tyfates dhg SR s the greater challenge of temporal forecasting, Gradient Boosting
Predictive performance was assessed s remained the best-performing model. These findings demonstrate that
using MSE, RMSE, and R2. { (Q/) T e } integrating actuarial graduation with ensemble learning provides a robust

and reliable framework for estimating and forecasting insurance mortality.

The proposed hybrid framework combines the interpretability of actuarial graduation with the predictive

_ _ _ _ _ _ Figure 3:0ut-of-Sample Mortality Rate Predictions: Makeham-
power of ensemble machine learning for insurance mortality modeling and forecasting.

Graduated vs. Gradient Boosting for Both Genders (2018 Test Year)
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 Among the graduation methods, Makeham Law provided the best fit and was selected as the g 0% 'Y

input for machine learning. 0.004 1 - 0
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CONCLUSIONS

0.010 -

 Gradient Boosting (GB) consistently achieved the highest predictive accuracy under both
random and year-based validation, outperforming Decision Tree and Random Forest.

0.002 -

0.000 -

 The year-based validation provided a more realistic assessment of forecasting performance,
highlighting the challenges of predicting future mortality trends.
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* Cross-regional validation: Apply the proposed hybrid framework to insurance mortality data
from other emerging markets to evaluate its robustness and generalizability.

 Deep learning integration: Extend the framework by investigating Bayesian neural networks
for mortality forecasting and uncertainty quantification.
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* Probabilistic mortality forecasting: Develop probabilistic forecasting models to better
quantify uncertainty in future mortality projections
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