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Main Question

Can we leverage underlying cause-of-death data in order to
improve aggregate mortality forecasts?

How well can neural networks model cause-of-death 
mortality rates?
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• Approaches to modelling cause-of-death mortality rates:
• Multinomial logistic regression (Alai et al., 2014)
• Independent LC model (Boumezoued et al., 2019)
• Independent APC model (Villegas et al., 2021)
• (Nested) Li-Lee model (Lyu et al., 2021)

• Approaches to modelling mortality data with NN:
• NN to extract features to be fed to classical time series approach 

(Richman & Wüthrich, 2021, La Rocca et al., 2023; Perla & Scognamiglio, 
2023)

• NN to handle end-to-end mortality forecast (Richman & Wüthrich, 2021; 
C. W. Wang et al., 2021; Perla et al., 2021; J. Wang et al., 2023; Perla et al., 
2024; Euthum et al., 2024; De Mori et al., 2025)
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U.S. Cause-of-Death Dataset
(Early version of the HMD Human Cause-of-Death Data)
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Figure 1. Excerpt of cause-of-death dataset 
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• Cause-of-Death modelling
• Which network architecture should be used to model cause-of-death log-

mortality rate?

• Transfer learning (pretraining) based on simulated data
• How to optimize (or improve) the FCNN performance in modelling cause-

of-death log-mortality rates?

• Network attributions
• What did the network learn?

Methodology and Findings
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Methodology: Cause-of-Death Modelling
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Figure 2. FFNN architecture



Findings: Cause-of-Death Modelling

Model Mean MSE of 
mortality rates 
(104)

Median MSE of 
mortality rates 
(104)

Wins over  
LC/APC/RH               
(12 subpopulations)

FFNN 0.44 0.013 9 | 7 | 7
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Figure 2. FFNN architecture
Table 1. Performance of the FFNN model
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Methodology: Transfer Learning 
(Simulation)
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• Simulate the number of deaths:
• Take the last training year.
• Calculate cause-specific death 

probability for each age and gender.
• Add normal random perturbation:

• with mean  0, and
• variance from the last 20 years.

• Repeat for a lot of time-steps 
(5,000 time steps).

• One rate for each year, gender, age and cause (49,200 observations)
• For each cause-gender: 4,100 samples (100 ages and 41 years)

Figure 3. Model FFNN_ckpt predictions on simulated dataset
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Methodology: Transfer Learning 
(Hyperparameters)

11

Figure 4. Pretrained FFNN architecture
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Findings: Transfer Learning 
(Transfer Learning Based on Simulated Data)

Model Mean MSE of 
mortality rates (104)

Median MSE of 
mortality rates (104)

Win over LC/APC/RH           
(12 Subpopulations)

FFNN 0.44 0.013 9 | 7 | 7
FFNN with 400 epochs 0.44 0.011 9 | 8 | 7
FFNN_0002 0.33 0.017 10 | 8 | 8
FFNN_0002 with 200 epochs 
(without pretraining)

0.49 0.013 8 | 7 | 7

FFNN_0002 with 400 epochs 
(without pretraining)

0.41 0.014 9 | 8 | 7
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Table 2. Performance of the pretrained network and ones without pretraining
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Findings: Transfer Learning 
(Log-Mortality Curves Male 22 and 65)
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0.00010

0.023

Figure 5. Predicted and true log-mortality curves across the year for male age 22 and 65
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Findings: Transfer Learning 
(Selected Log-Mortality Curves Male 22 and 65)
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0.00010 0.023

Figure 6. Predicted and true log-mortality curves across the year for male age 22 (circulatory) and 65 (circulatory and other)
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Findings: Network Interpretations 
(PCA on Embedding Weights)
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PCA of embedding weights for the cause feature
from a single FFNN_0002 model with the lowest MSE

mean MSE: 0.29 median MSE: 0.03

PCA of embedding weights for the cause feature
from a single FFNN_0002 model with the highest MSE

mean MSE: 0.82 median MSE: 0.03

Figure 7. Visualization of 
embedding weights for 
FFNN_0002 with the 
dimensionality reduced from 
5 to 2 using PCA
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Findings: Network Interpretations 
(Feature Importance)
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Permutation Feature Importance averages 
the increase in error when permutating each 
specific feature.

SHAP Value averages how much a particular 
feature change the prediction from the ‘expected’ 
prediction to each instance’s prediction.

Figure 8. Feature importance of a single FFNN_0002 with the lowest MSE in predicting mortality rates on test dataset
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Findings: Network Interpretations
(Predicted Log-Mortality Coloured by Cause)
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Figure 9. Predicted log-mortality from FFNN_0002 for male (left) and female (right) across all years in the testing 
dataset. Different color represents different cause, while different columns represent different weight initialization.
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Findings: Network Interpretations
(Predicted Log-Mortality Coloured by Cause)
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Figure 9. Predicted log-mortality from FFNN_0002 for male (left) and female (right) across all years in the testing 
dataset. Different color represents different cause, while different columns represent different weight initialization.



Findings: Network Interpretations
(Predicted Log-Mortality Coloured by Cause)
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Figure 9. Predicted log-mortality from FFNN_0002 for male (left) and female (right) across all years in the testing 
dataset. Different color represents different cause, while different columns represent different weight initialization.



Findings: Network Interpretations
(Predicted Log-Mortality Coloured by Cause)
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Figure 9. Predicted log-mortality from FFNN_0002 for male (left) and female (right) across all years in the testing 
dataset. Different color represents different cause, while different columns represent different weight initialization.



Findings: Network Interpretations
(Predicted Log-Mortality Coloured by Cause)
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Figure 9. Predicted log-mortality from FFNN_0002 for male (left) and female (right) across all years in the testing 
dataset. Different color represents different cause, while different columns represent different weight initialization.



Findings: Network Interpretations
(Predicted Log-Mortality Coloured by Cause)
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Figure 9. Predicted log-mortality from FFNN_0002 for male (left) and female (right) across all years in the testing 
dataset. Different color represents different cause, while different columns represent different weight initialization.



Findings: Network Interpretations
(Predicted Log-Mortality Coloured by Cause)
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Figure 10. Predicted log-mortality from FFNN_0002 and actual log-mortality for male (left) and female (right) across 
all years in the testing dataset. Different color represents different cause, while different columns represent different 
weight initialization.



Findings: Network Interpretations
(Predicted Log-Mortality Coloured by Year)
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Figure 11. Predicted log-mortality from FFNN_0002 for male (left) and female (right) across all years in the testing 
dataset. Different color represents different year, while different columns represent different weight initialization.
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Findings: Network Interpretations
(Predicted Log-Mortality Coloured by Year)
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Figure 11. Predicted log-mortality from FFNN_0002 for male (left) and female (right) across all years in the testing 
dataset. Different color represents different year, while different columns represent different weight initialization.



Findings: Network Interpretations
(Predicted Log-Mortality Coloured by Year)
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Figure 11. Predicted log-mortality from FFNN_0002 for male (left) and female (right) across all years in the testing 
dataset. Different color represents different year, while different columns represent different weight initialization.



Findings: Network Interpretations
(Predicted Log-Mortality Coloured by Year)
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Figure 11. Predicted log-mortality from FFNN_0002 for male (left) and female (right) across all years in the testing 
dataset. Different color represents different year, while different columns represent different weight initialization.



Findings: Network Interpretations
(Predicted Log-Mortality Coloured by Year)
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Figure 11. Predicted log-mortality from FFNN_0002 for male (left) and female (right) across all years in the testing 
dataset. Different color represents different year, while different columns represent different weight initialization.



Findings: Network Interpretations
(Predicted Log-Mortality Coloured by Year)
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Figure 11. Predicted log-mortality from FFNN_0002 for male (left) and female (right) across all years in the testing 
dataset. Different color represents different year, while different columns represent different weight initialization.



Findings: Network Interpretations
(Predicted Log-Mortality Coloured by Year)
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Figure 12. Predicted log-mortality from FFNN_0002 and actual log-mortality for male (left) and female (right) across 
all years in the testing dataset. Different color represents different year, while different columns represent different 
weight initialization.



Findings: Network Interpretations
(SHAP Scatter Plots)
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Figure 13. SHAP values for the cause feature from the FFNN_0002 model with the lowest mean MSE for male (left) and 
female (right) samples. Each marker represents the contribution of the cause feature for a specific sample, and its 
color indicates its age. All values are on a log-mortality scale and calculated with data from1999 as the baseline.
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Final Remarks

• Conclusions:
• FFNN can model the cause-of-death log-mortality rate 

(better than the LC, APC, and RH models in general).
• Perceive circulatory, neoplasm, and respiratory as relatively similar.
• Capture dependency structure between age and cause.
• Has not utilized effectively the year features.

• Transfer learning using simulated data improves network learning.

• Further research:
• Experiment with network architecture (to incorporate sequence data, 

cause elimination, or reconciliation, and to improve interpretability).
• Experiment with cause-of-death dataset from other countries.
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