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Main Question

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

\. J

How well can neural networks model cause-of-death

mortality rates?
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Main Question

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

\. J

How well can neural networks model cause-of-death

mortality rates?

e Feed-forward neural network (FFNN)
e Data augmentation within transfer learning framework
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U.S. Cause-of-Death Dataset
(Early version of the HMD Human Cause-of-Death Data)

Year Age Cohort Group ICD Gender Deaths Diseases Level 1 Level 2
1959 0| 1959 51 7|Female 63|Cerebrovascular disease Circulatory diseases |CVD and stroke
1959 1| 1958 30 7|Female 59|Leukemia Neoplasms Othercancers
1959 2| 1957 58 /|Female 250|Pneumonia Respiratory diseases |Influenza and pneumonia
1959 3| 1956 63 /|Female 2|Gastric and duodenal ulcer Digestive system Gastric and duodenal ulcer
1959 4| 1955 85 /|Female 15|Accidental falls External causes Other external causes
1959 5| 1954 3 7|Female 6|Infectious Gastro-enteritis Other Rest of causes
2017 94| 1923 50 10|Male 2043|0Other forms of heart disease Circulatory diseases |Other circulatory system diseases
2017 95| 1922 18 10|Male 183|Trachea, bronchus, and lung Neoplasms Lung cancer
2017 96| 1921 60 10[Male 3|Asthma Respiratory diseases |Chronic lower respiratory disease
2017 97| 1920 64 10[Male 9|Gastro-enteritis (non-infectious) Digestive system Other digestive system diseases
2017 98| 1919 88 10|Male 22|Other accidents External causes Other external causes
2017 99| 1918 74 10|Male 35|0ther diseases of the genitourinary system | Other Rest of causes
Figure 1. Excerpt of cause-of-death dataset
Unil. IDSC26 6




Methodology: Cause-of-Death modelling

(Baseline FFNN Architecture)

Figure 2. Baseline FFNN architecture, adapted from Richman & Wuthrich, 2021 (72,253 parameters)
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Methodology: Data Augmentation

(Poisson Bootstrap Simulation)

Unil.

e Base data:

* 49,200 total observations across year t,
gender g, age x and cause c.

 Data augmentation:
1. Model death counts using a Poisson
distribution, D¢, ; oy ~Poisson(A¢, , )
2. Set A(, 4+ equals the observed

deaths.

3. Generate 100 independent Poisson
random samples for each cell.
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Figure 3. Examples of augmented data for circulatory and
‘other’ male age 80 across training years, black lines
represent observed rates while different colors represent
100 different realizations.



Methodology: Transfer Learning
(Hyperparameters)
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Figure 4. Fine-tuned FFNN architecture within transfer learning framework
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Methodology: Transfer Learning

(Robust Ensemble Strategy)

Pre-trained Checkpoints
(augmented data)
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Fine-tuned Models
(observed data)
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Findings: FFNN with Data Augmentation

Table 1. Performance of baseline FFNN and pre-trained with the proposed methodology (First-30 Ensemble) on the US cause-of-
death test set (2000-2017), along with the three classical benchmarks.

Model Mean cause-sex Median cause-sex Win counts vs All-cause MSE
MSE MSE LC|APC|RH (mortality x 104)
(mortality x 104) (mortality x 10%) (12 subpopulations)

FFNN 0.295 0.017 8|8]|8 1.493

First-30 Ensemble |0.221 0.021 101719 0.363

LC_MLE 0.187 0.116 0.429"

APC 0.282 0.089 2.283"

RH 0.618 0.095 0.477"

*For LC, APC, and RH, all-cause predictions are obtained by fitting a separate model directly to the aggregated all-cause mortality.
For neural networks, it is obtained by summing the six cause-specific predicted mortality rates.

Unil.
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Findings: Network Understanding
(Cause Embedding Geometry)

2D PCA of Procrustes Mean Cause Embeddings
First-30 Ensemble
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Figure 5. Two-dimensional PCA projection of the mean cause embeddings
across members of the First-30 Ensemble, after Procrustes alignment.
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Findings: Data Augmentation
(Selected Predicted Mortality Trend, Male 35 and 80)

Male Predicted vs Observed Mortality
(Cause=CIRC Age=35)

Male Predicted vs Observed Mortality
(Cause=CIRC Age=80)

Male Predicted vs Observed Mortality
(Cause=0OTHE Age=80)

i 0.08 1 | FFNN E
I ! —— First-30 Ensemble 1
0.0006 - i i QOTIY | e T I |
I 1 -- APC 1
! 0.07 ! ™ :
: | 0.012 { — observed |
1 |
0.0005 i :
H 0.06 1 :
! ! 0.011 -
1 I
> i 2 i 2
5 0.0004 : 5005 | £ 0.010
[=} I o ! o
= ! = ! =
] |
1 |
I 0.04 A I 0.009 A b
0.0003 - : i N
: »\ ;
|
FFNN 4 | FFNN ! 0.008 - |
—— First-30 Ensemble ] 0.03 —— First-30 Ensemble | :
0.0002 { ---—- LC_MLE S -~ LC_MLE | I
-- APC : -- APC : —————— :
- RH : - 0.024 - RH : 0.007 A :
—— Observed | —— Observed : :
1 ] 1
1960 1970 1980 000 2010 1960 1970 1980 2000 2010 1960 1970 1980 2000 2010
Year Year Year

Figure 6. Observed (black) and predicted mortality male age 35 (circulatory) and 80 (circulatory and other) for the baseline
FFNN (orange), the First-30 Ensemble (blue), and the three classical benchmarks (dashed lines) across the years for
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Findings: Network Understanding
(Predicted Log-Mortality Coloured by Cause)
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Figure 7. Predicted male cause-specific log-mortality over the test period (2000-2017). The close alignhment
between the predicted curves (whose width reflects year-to-year variation) and observed cause-age averages (open
triangles) demonstrates the network's ability to successfully capture the distinct age profile of each cause.
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Figure 8. Predicted (left) and observed (right) male cause-specific log-mortality over the test period (2000-2017).

The close alignhment demonstrates the network's ability to successfully capture the distinct age profile of each
cause.
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Findings: Network Understanding
(Predicted Log-Mortality Coloured by Cause)
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Conclusions & Future Directions

Unil.

* Core Takeaway: Shared-parameter FFNNs + data augmentation effectively
model cause-of-death rates.

 Outperforms classical benchmarks (LC, APC, RH) in cause-specific forecasting.

* Achieves superior all-cause performance implicitly without explicit training on
aggregate data.

 Captures age-cause interactions.
* Learns meaningful cause embeddings aligned with known epidemiological groups.

e Future Directions

* Architecture: Evaluate sequence models, cause elimination, and reconciliation tools.
 Cause Grouping: Leverage embeddings to cluster causes for downstream models.
* Data: Extend to multi-population or contributory cause-of-death datasets.
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