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Abstract

With society’s development and declining mortality rates, mortality data analysis and forecasting
have been key research areas for actuaries, demographers, and statisticians. The Lee-Carter model
decomposes mortality into age and time components using a logarithmic transformation. While
simple, it has limitations in handling complex mortality patterns. To improve, we used a neural net-
work (DNN) model to capture nonlinear relationships in the data. Additionally, we enhanced the
Heligman-Pollard model with dynamic components and random walk structure, allowing more ac-
curate description of age-specific mortality changes. We also use GMRF model to capture the mortality
correlation across age groups and years efficiently, and improve the sampling efficiency through
gradient-based MCMC sampler in order to reduce errors. Finally, we compared the model’s using
metrics like RMSE, MAE, and MAPE. The results show that the GMRF model performs best in accu-
racy, the Heligman-Pollard model excels at describing dynamic mortality changes, and the DNN model
is best for large datasets with nonlinear relationships.
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Figure 1. Diagram of mortality rate data for the UK
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Figure 2. Diagram of DNN model
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Table 1. Model parameter settings
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