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About the speaker
▪ Jennifer Loftus – Executive Director & Group CFO, Acorn Life

Jennifer is an actuary and an accountant with over 20 years’ experience

in the life insurance industry. She is a member of the Society of Actuaries

in Ireland’s Data Science Committee and the Institute of Actuaries (UK) Actuarial

Data Science Working Party.  She is also an Independent Non-Executive Director of VHI, the 

Irish state-owned private health insurance company.

Acorn Life is based in Galway, Ireland and offers life insurance, pensions and 

savings solutions to Irish customers. The company was founded in 1989 and 

currentlyhas under management of over €1.1 billion.
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Objectives
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1. Compare effectiveness of using life insurer’s historic claims data with Irish 

population data in predicting life insurer’s future death claim seasonality 

2. Compare effectiveness of machine learning time series models with traditional 

statistical methods for this purpose
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Overview
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▪ Data

o Irish-based Life Insurance Company Historical Death Claims – 1,117 Deaths

• 19-year observation period (2005-2023)

• Covid-19 deaths removed

• Quarterly Seasonal Variation = Proportion of annual death claims notified per calendar year quarter less 0.25

• Sum of each calendar year’s seasonal variation = 1

• Claim size ignored

o Irish Population Deaths data for 25-75 year-old cohort – 95,295 Deaths

• Same observation period as Death Claims

• Quarterly Seasonal Variation = Proportion of annual deaths registered per calendar year quarter less 0.25

• Sum of each calendar year’s seasonal variation = 1

▪ Trend component was removed from both datasets =  stationary time series
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Average Seasonal Variation per Quarter
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Seasonal Variation: Observation Period
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Modelling
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▪ 5 types of Time Series Model trained on both Death Claims Data and Irish Population 

Deaths data using Python libraries

o 3 Machine Learning Regression Models

• Deep Learning Model x3

o Classical Time Series Models (SARIMA)

o A simple Historical Average Model

▪ Baseline Model

o No Seasonality

o Time Series Model Performance compared against Baseline
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Modelling
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▪ Training Data 

o Death Claims Data

o Population Deaths Data

• 2005-2019 (15 years)

▪ Testing Data

o Death Claims Data

• 2020-2023 (4 years)

• 2020-2022 (3 years)

• 2020-2021 (2 years)

• 2020 (1 year)
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From 2020 to 2022, Covid-19 altered the typical 
seasonal pattern of deaths observed in a 

calendar year.  However, as the Training Data 
period ended immediately prior to 2020 and 

Covid-19 claims were removed from the 
Training Data, neither the Training or the 
Testing Data were impacted by Covid-19. 
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Machine Learning Regression Models
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▪ Random Forest Regressor

o Collection of Decision Tree Models

o Predictions made by averaging 

prediction of each Decision Tree

o Python library: scikit-learn 

(RandomForestRegressor)
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Machine Learning Regression Models
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▪ LSTM (Long Short-Term Memory)

o Special type of Recurrent Neural Network (RNN) used 

for Deep Learning

o Takes into account current (short-term) information 

while also remembering important long-term 

information

o 4 Timesteps used 

• 15 years Training Data = 60 quarters * 4 timesteps = 

240 Datapoints

o Python libraries: TensorFlow, Keras
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Machine Learning Regression Models
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▪ 3 LSTMs trained

LSTM_1: Training Data had 1 Feature –   Death Claim Seasonality OR Population Death Seasonality

LSTM_2: Training Data had 2 Features –  Death Claim Seasonality OR Population Death Seasonality

                                                                          and 

                                                                          Calendar Year Quarter Number (1,2,3 or 4)

LSTM_3: Training Data had 3 Features –  Death Claim Seasonality 

                                                                          and

                                                                          Population Death Seasonality 

                                                                          and

                                                                          Calendar Year Quarter Number (1,2,3 or 4)
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Machine Learning Regression Models
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▪ Prophet

o Developed by Meta’s Data Science time

o Designed for Time Series forecasting in a business context

o Specifically captures seasonality

o Python library: fbprophet

ECA 2024



www.eca2024.org

Classical Time Series Model
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▪ SARIMA

o Seasonal Autoregressive Integrated Moving Average Model

o Specifically captures seasonality

o Python library: statsmodels (SARIMAX)

ECA 2024



www.eca2024.org

Evaluation Metrics
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▪ MAE (Mean Absolute Error)

o Mean of the Absolute Value of the Prediction Errors

▪ RMSE (Root Mean Square Error)

o Standard Deviation of the Prediction Errors

▪ Evaluated for each individual Train/Test period

▪ Average taken across 4 Train/Test periods

▪ Python library: scikit-learn
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Results (Mean Absolute Error)
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Results (Root Mean Squared Error)
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Results: Best and Worst Performing Models
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Comparison of Best Performing Model Predictions
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Comparison of Best Performing Model Predictions
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Best Performing Models v Actual Claims Seasonality
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Best Performing Models v Actual Claims Seasonality
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Conclusions
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▪ Irish Population deaths data (age 25-75) better predictor of future death claim seasonality than 

historic claims data

▪ MAE and RMSE rankings broadly similar

▪ Random Forest, Prophet and Historical Average = top performers under both MAE and RMSE

▪ LSTM performance improved when Quarter number incorporated as separate training feature

▪ LSTM trained on combined Population and Claims data outperformed Baseline Model but not the 

LSTM trained on Population data only

▪ Random Forest Regressor = Historical Average

o Simple statistical model often the best model!!

▪ Average ranking across 5 Train/Test periods was similar to individual Train/Test period rankings

▪ Models trained using historic claims data generally performed worse than the Baseline model 

(which assumed no seasonality at all!)
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Contact Details: jennifer.loftus@acornlife.ie

Thank you
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