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Who am I and motivation

What I 
think I 

do

What I 
really 

do

What 
My 

Boss 
Thinks 

I Do

Do data scientists spend 80% of their time cleaning data? Turns out, no? – Lost Boy 

(ldodds.com)
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https://blog.ldodds.com/2020/01/31/do-data-scientists-spend-80-of-their-time-cleaning-data-turns-out-no/
https://blog.ldodds.com/2020/01/31/do-data-scientists-spend-80-of-their-time-cleaning-data-turns-out-no/
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The Push and Pull

Increasing data 
privacy

Increasingly data 
hungry models

Federated 

Learning
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Netflix

WIRED

Netflix Prize data | Kaggle
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https://www.wired.com/2012/04/netflix-prize-costs/
https://www.kaggle.com/datasets/netflix-inc/netflix-prize-data
https://web.archive.org/web/20080729182456/http:/www.imdb.com/
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Even more sensitive

“Anonymized” data really isn’t—and here’s why not | Ars Technica
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https://arstechnica.com/tech-policy/2009/09/your-secrets-live-online-in-databases-of-ruin/
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Smartphone Federated Learning Pipeline

A) your phone personalises 

the model locally depending 

on your usage; 

B) many users’ updates are 
aggregated; 

C) the aggregated updates 

form a consensus change to 

the shared model; and

D) the shared models are 

updated.

Google AI Blog: Federated Learning: Collaborative Machine Learning without Centralized Training Data 

(googleblog.com)
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https://ai.googleblog.com/2017/04/federated-learning-collaborative.html
https://ai.googleblog.com/2017/04/federated-learning-collaborative.html


IFoA GIRO Conference 2024

18 – 20 November, ICC, Birmingham

Insurance Federated Learning Pipeline
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Need to encrypt parameters but maintain the average

Insurer 0 𝛽0

Insurer 2 𝛽2

Insurer 1 𝛽1
Central Body

𝛽1 + 0.1 + 99 − 2.3 − 20

17

5

2.3

20

0.1

99

[𝛽0+2.3 + 17 − 5 − 99]
+[𝛽1−2.3 − 20 + 0.1 + 99]

+[𝛽2 − 17 + 20 + 5 − 0.1]

3

=
𝛽0 + 𝛽1 + 𝛽2

3
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Application: Reinsurance

• Reinsurer provides protection to insures 

• The pricing is determined by collecting data 

from different insures on the loss experience 

• With Federated Learning, reinsurance could 

better comply with data privacy. 

Pooling data to determine 

price on the reinsurance 

contracts for different 

products 
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Application: Lloyd's of London

How does Lloyd’s benefit from Pooling Data?

• Different companies that write the same insurance 
products uses their own internal datasets to predict 

risk and sharing data through FL can help aggregate 

data to enhance risk pricing

• Some insurance products (e.g. space shuttle 

insurance) can have very little insurance claims data 

for building pricing models due to the nature of the 

product

• Lloyd’s of London operates globally, they may be able 

to share diverse datasets via FL without centralising 
data

Lloyd’s.com
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Data – French motor claims

• The freMTPL2freq car insurance claims dataset – Publicly available

• 677,991 motor third-party liability policies (observed on a year)
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Insurance Federated Learning Use Case

Insurer 0 Insurer 2Insurer 1 Insurer 9
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Neural Networks

Neural Network from Scratch. Previously in the last article, I had… | by SARVESH DUBEY | Becoming Human: Artificial Intelligence 

Magazine

https://www.v7labs.com/blog/neural-network-architectures-guide

https://www.researchgate.net/figure/Fig-3-The-basic-activation-functions-of-the-neural-networksNeural-Networks_fig3_350567223

Neural Networks

Weights & Biases 
(point A)

Activation function 
(point B)

Loss objective

GLMs

Coefficients

Link function 

Response distribution 

A B
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https://becominghuman.ai/neural-network-from-scratch-f116e5a5057
https://becominghuman.ai/neural-network-from-scratch-f116e5a5057
https://www.v7labs.com/blog/neural-network-architectures-guide
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Neural Network Model Setup
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Global Model Scenario – 10 insurers, 1 models

Insurer 0 Insurer 2Insurer 1 Insurer 9

Central 

Data Store

Share and pool 

sensitive data 

together

• Everyone trusts each other and sends their private 
data to a central body to collate together

• Central body builds model for everyone and then 
sends back to companies

• A.k.a. 1 “Global” model as it uses all the data and 
applies to everyone

Sharing is Caring
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Partial Model Scenario – 10 insurers, 10 models

Insurer 0 Insurer 2Insurer 1 Insurer 9

• No one trusts anyone

• Low volume of data used to build models which could be 
more relevant to company although may not be credible

• A.k.a. 10 “Partial” models as each company's model only 
has partial access to the whole market data

Each insurer builds their own model 
just using their data
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Federated Model Scenario – 10 insurers, 1 model

Insurer 0 Insurer 2Insurer 1 Insurer 9

Central Body
(Regulator/Auditor)

• Everyone keeps their 10th of their data to themselves

• However they securely share their parameters with 
central body

• Central body securely averages all the insurer’s 
parameters and shares back

• Bringing the model to the data rather than bringing the 
data to the model

• A.k.a. 1 “Federated” model 

“United Federation”
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Comparison of results
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Comparison of results
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Comparison of results
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Limitations
Information on 

Age & gender? 

….Vertical FL? 

Identical 

transformation Uniform naming 

1.Data 

Imbalance – 
quality, size, etc 

Heterogeneity – non 
IID 

2.Feature

Uniformity of 
feature space 

across insurers 

i.e. Same number 
of column

3.Scale

Individual custom 
features doesn't 

work 

e.g. MinMaxScaler 
–  same range 
applied to all 

insurers

4.Encode

Aligned definition 
of division and 

granularity

e.g. Car brand as 
"B2" and "B3"? 
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Redistribution 

weights
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What’s the catch?
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Federated Learning Types
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Federated Learning Challenges 
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Beyond data...

Data

System and 

Operational

Adoption 

Barriers

Covered in the 

previous slide

• Model Convergence

• Fault Tolerance

• Client Dropout

• Integration complexity

• Cultural Resistance

• Skill Gap
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Expressions of individual views by members of the Institute and Faculty of Actuaries and its staff 

are encouraged.

The views expressed in this presentation are those of the presenter.

Questions Comments

26
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