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Introduction

• The aim of this seminar is to showcase the development and awareness 
within the IFoA and the insurance landscape on data science. 

• This one day focuses specifically within the domain of data science in 
applications in insurance/reinsurance covering Life, Non-Life and InsurTech
areas.  

• We will be covering an overview approach across the different sectors on 
how data science is an integral part of companies’ and the education 
standards i.e. IFoA DNA.  
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Data Science - Schedule

17 March 2020 4

Topic Description Speakers Time/Slot

Introduction Asif John (Chair) – ARGenesis 
Special guest – John Taylor, IFoA President 

Asif John
John Taylor

9.00 - 9:10

Data Strategy Data Culture, Data Management & Data Risks Valerie Du Preez
Rodwel Mupambirei

9:10 - 9:40

Data Engineering • Data Engineering for Insurance Asif John & Shailendra Tyagi 9:40 -10:10

General Insurance • Pricing

• Making machine learning techniques interpretable.

• Data Visualisation  

Xavier Maréchal

Xavier Maréchal

Małgorzata Śmietanka

10:10 -10:40

10:40 -11:10

11:10 -11:40

Refreshments (15mins) 11:40 -11.55

Life/Health insurance

• Pricing 

• Reserving

• Capital

Eamon Comerford

Will Mirams and Andrii Buriak

Dawid Kopczyk

11:55 -12:25

12:25 -12:55

12:55 -13:25

Lunch (55 mins) 13:25 -14:20

Platform Tool • Enterprise Machine Learning Pipeline John Ng 14:20 -15:20



Topic Description Speaker Time/Slot

GI/Life InsurTech • What is InsurTech

• IoT – Practical applications of IoT in Life Reserving

• ‘Big Brother’ tech - Drones, cameras, image processing, 
voice analytics   with particular focus on prevention and 
mitigation of loss

Tassos Anastasiou

Dario Flood & Ed Bujok-Stone

Cherry Chan, Sajjad Meghjee
& Hugo Clugston

15:20 -15:30

15:30 -16:00

16:00 -16:30

Refreshments (10 mins) 16:30-16:40

GI/Life InsurTech • Machine Learning in Reserving Nigel Carpenter 16:40-17:10

Data Science Certificate • Overview of Data Science Programme Melanie Zhang & Colin Thores 17:10 -17:25

Acknowledgement John Taylor 17:25 -17:30

Drinks reception 17:30

Data Science – Schedule
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Establishing a Data Strategy
DATA CULTURE, DATA MANAGEMENT & DATA RISKS
Slides not available upon request of the speakers 

DUPRO
By Rodwel Mupambirei and Valerie du Preez

IFOA DATA SCIENCE EVENT 12TH MARCH 2020



Data Engineering for Insurance 
Slides not available upon request of the speakers

Speakers: Shailendra Tyagi & Asif John
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Machine learning applications to non-life pricing

Xavier Maréchal (xavier.marechal@reacfin.com) 
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Machine learning applications to non-life 
pricing
Xavier Maréchal
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Xavier Maréchal
• CEO Reacfin
• MSc. in Engineering Science (Applied Mathematics), MSc. in Actuarial Sciences and MSc. in Business 

Management 
• Co-author of “Actuarial Modelling of Claim Counts: Risk classification, Credibility and Bonus-Malus Systems” 
• Consultant for 15 years in Non-Life (Pricing, DFA models, Solvency 2)

Reacfin s.a. is a consulting firm, spin-off of the University
of Louvain.

Our mission is to develop innovative solutions to manage our customers’ risks, products, 
capital & portfolios. 

Technical advisory in model development, deployments, validation and maintenance.
Specialized consulting in Financial Institutions organization, governance and business strategy

Combination of On-Site and On-Line Executive Education solutions including theoretical and
methodological concepts, real-life case studies and exercises

Tailored computational solutions designed and developed to integrate smoothly into your
company’s systems and processes (incl. open-source offerings)

Speaker
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• Machine Learning and AI is the continuation of the evolution of tools and technologies used by actuaries and statisticians to
analyze historical claims data: trying to improve the predictive power of models, solving the same problems with new 
methods, data and computer power available

Methods used in non-life pricing are evolving at a fast pace 
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Agenda

1. Current market standards in non-life modelling: Generalized Linear Models

2. Introduction to some useful ML techniques for predictive modelling

3. A case study
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Generalized Linear Models are still widely used by insurance companies
for non-life predictive modelling

• 𝑌𝑌 = 𝑔𝑔−1 𝛽𝛽𝛽+ 𝛽𝛽1.𝑋𝑋1 + ⋯+ 𝛽𝛽𝑛𝑛.𝑋𝑋𝑛𝑛 + 𝜀𝜀

• Y is now a function (g-1) of a linear combination of the explanatory variables

• The distribution of the response variable does not need to be Gaussian anymore.
It  can Poisson, Gamma, Binomial,… 

• Let’s take a dummy example in pricing: starting from the results of the fit, we can easily build a tariff where the 
basis premium is modulated by multiplicative factors function of the values of the explanatory variables

Distributions

𝐵𝐵𝐵𝐵𝑛𝑛 1, 𝜇𝜇

𝑃𝑃𝑃𝑃𝐵𝐵 𝜇𝜇

𝑁𝑁𝑃𝑃𝑁𝑁 𝜇𝜇,𝜎𝜎2

𝐺𝐺𝐺𝐺𝐺𝐺 𝜇𝜇,𝛼𝛼

𝐼𝐼𝐺𝐺𝐺𝐺𝐼𝐼 𝜇𝜇,𝜎𝜎2

Generalized Linear Model (“GLM”)

Main advantage: the final result is usually multiplicative and therefore easily interpretable

Basis premium Fuel Factor Split Factor
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• A usually good solution to model continuous variables is to use a 
semi-parametric approach: if we are not sure about the type of 
influence of X we would prefer fitting a model with an additive 
score of the form

𝑙𝑙𝐵𝐵𝑛𝑛𝑙𝑙𝐺𝐺𝑁𝑁 𝑝𝑝𝐺𝐺𝑁𝑁𝑝𝑝 + 𝑓𝑓 (𝑋𝑋)

where f is left unspecified and estimated from the data

• The mean 𝜇𝜇𝑖𝑖 of 𝑌𝑌𝑖𝑖 is linked to the nonlinear score via

𝑔𝑔 𝜇𝜇𝑖𝑖 = 𝛽𝛽0 + �
𝑗𝑗=1

𝑝𝑝𝑐𝑐𝑐𝑐𝑐𝑐

𝛽𝛽𝑗𝑗𝑥𝑥𝑖𝑖𝑗𝑗 + �
𝑗𝑗=𝑝𝑝𝑐𝑐𝑐𝑐𝑐𝑐+1

𝑝𝑝

𝑓𝑓𝑗𝑗 𝑥𝑥𝑖𝑖𝑗𝑗 = 𝑠𝑠𝑠𝑠𝑃𝑃𝑁𝑁𝑙𝑙𝑖𝑖

for some smooth unspecified functions 𝑓𝑓𝑗𝑗, where g is the link 
function

Generalized Additive Models allow to model continuous variables 
Generalized Additive Models (“GAM”)
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Statistical predictive modelling: pros and cons

• Pros
− Final multiplicative structure easily understandable by all stakeholders
− A lot of (commercial or free) software implement the GLM  easy to use
− Strong statistical framework (i.e. confidence interval, hypothesis tests,…)

• Cons
− More difficult to detect and capture interactions between variables or complex structures
− Treatment of continuous variable is not flexible

• Pros
− Allow to treat the continuous variables (e.g. binning, zoning,…)
− Combines with the power of GLM under a strong statistical framework

• Cons
− Sometimes computational/convergence problems when used with too many variables
− Keeping a continuous variable in the tariff is not always adequate or easy to explain.

Generalized Linear Model (“GLM”)

Generalized Additive Models (“GAM”)
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Agenda

1. Current market standards in non-life modelling: Generalized Linear Models

2. Introduction to some useful ML techniques for predictive modelling

3. A case study
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What is machine learning?

1. Supervised learning: 
− Inputs and examples of their desired outputs are provided 
− The goal is to learn a general rule that maps inputs to outputs

 Given a set of training examples (x1, x2,…, xn, y), where y is the variable to be 
predicted , what is the most efficient algorithm to best approximate the realizations of y
– 2 main techniques

 Classification : outputs are divided into two or more classes, and the learner must 
produce a model that assigns unseen inputs to one (or multi-label classification) or 
more of these classes. 

 Regression: the outputs are continuous rather than discrete.

2. Unsupervised learning: 
− No labels are given to the learning algorithm
− The goal is to find structure in its input (discovering hidden patterns in data)
− Main technique

 Clustering: a set of inputs is to be divided into groups. Unlike in classification, the 
groups may not be known beforehand.

Objectives of Machine Learning (“ML”)

ML algorithms aim at finding by themselves the method that 
best predicts the outcome of the studied phenomenon.

Supervised vs. Unsupervised learning Main use in non-life insurance

1. Typically used to model pricing 
or underwriting related 
variables
− Regression: frequency (#claims) 

or severity (claims cost)
− Classification: lapse rates, 

conversion rates.

2. Typically used for features 
engineering (i.e. creating new 
variables)
− E.g. vehicle classification, 

zoning,…

Focus on supervised models
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• Start by assuming the explanatory 
model is known and key explaining 
variables are identified

• Objective : confirm the model 
assumption and calibrate as accurately 
as possible the model parameters so that 
errors can be minimized

Conceptual difference

Statistical 
inference 

techniques

Machine 
Learning 

techniques

• Start from lesser assumption
• Objective : the algorithm itself 

identifies the key explanatory 
variables and their impact on the 
response variable. 

Starting point & objective Implementation approach

• Infer the process by which data you have 
was generated

• Estimate the model parameters which 
describe the relationship between the 
explanatory variables and the dependent 
variable

• You want to know how you can predict 
what future data will look like w.r.t. some 
variable

• The approach is to find a function f(x) –
an algorithm that operates on x to predict 
the responses y.

Comparing traditional statistical inference and ML approaches
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• Current market standards in non-life modelling: Generalized Linear Models

• Introduction to some useful ML techniques for predictive modelling
• Cross-validation
• Classification and regression trees
• Bagging, Random forests and Boosting techniques
• Neural  network

• A case study

Agenda
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• When modelling, we should be sensibilized with 
overfitting/lack of parcimony. 

• It occurs when a statistical model describes random error or 
noise instead of the underlying relationship. 

• The fact that the model fits our data well doesn’t guarantee it 
will be a good fit to new data.

• A good model is one that fits also well new data, i.e. that has a 
small predictive error

Overfitting deteriorates the predictive power of the models…
The overfitting problem

Bias-Variance Trade-off

17 March 2020 20

• The Prediction Error can be decomposed as follows

𝐸𝐸 𝑌𝑌 − �𝑌𝑌 2 = 𝐸𝐸 𝑌𝑌 − 𝐸𝐸[ �𝑌𝑌] 2 + 𝑉𝑉𝐺𝐺𝑁𝑁 �𝑌𝑌 + 𝑉𝑉𝐺𝐺𝑁𝑁(𝑌𝑌)

Bias                          Estimation Variance         Pure randomness
• In general, we try to minimize simultaneously the bias and the estimation variance in order to get 

accurate predictions. 
• Usually, these two terms compete in the sense that a decrease in one of them typically leads to an increase in 

the other one. 
• This phenomenon is known as the bias-variance trade-off for which one needs to find a good balance 

(typically by controlling the complexity of the model).



• One way to deal with this issue is to define goodness-of-fit 
indicators which take into account the number of parameters 
of the model and apply penalization, such the Akaike and 
Bayesian information criteria

• But these solutions are not satisfying.
• The choice of a penalization function is arbitrary! Why should 

it take these forms?

… goodness-of-fit indicators already help in dealing with overfitting…
Goodness-of-fit indicators

17 March 2020 21



• Use two different datasets:
− A training set to calibrate the model,
− A test set to assess the model’s predictive ability.

…which can be improved by separating the data into a 
training set and a test set

• Two different kinds of errors are defined:
− The training error is calculated by applying the model 

to the observations used in its calibration 
− The test error is the average error that results from 

using the model to predict the response on a new 
observation, one that was not used in calibrating the 
model.

• The training error decreases with model complexity 
whereas the test error tends to increase when the level of 
model complexity creates overfitting 

• Cross validation techniques can also be applied

A better solution
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• Current market standards in non-life modelling: Generalized Linear Models

• Introduction to some useful ML techniques for predictive modelling
• Cross-validation
• Classification and regression trees
• Bagging, Random forests and Boosting techniques
• Neural  network

• A case study

Agenda

17 March 2020 23



• Tree enables to segment the predictor space into
a number of simple homogenous regions defined
according to the covariates

• Splitting rules can be summarized in a tree view
• For each region the prediction is set as the region

average.

• The root node in orange: 
− at the top of the tree
− contains the whole population

• The splitting rules set aim at segmenting the predictor 
space into a number of simple regions that are as 
homogeneous as possible with respect to the 
response variable 

• The leaves nodes in green at the bottom of the tree: 
that is a node that is not further split.

A first simple ML model: Classification and regression trees (CART)

Splitting rules

Purpose

Definitions
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Regression Tree Algorithm

• Define a loss/error (or objective) function and 
• Try to find regions 𝑅𝑅1,𝑅𝑅2, … ,𝑅𝑅𝐽𝐽 that minimize (or maximize) the 

function retained
• All possible regions definitions can of course not be considered
• The tree algorithm therefore :

− Starts with the global population and find the optimal split of 
the predictor at that level using the entire population

− The same process is then applied on each sub-population

• The division decision is done in function of information available at 
moment before division execution

• There is not warranty that the division decision taken is the best 
alternative insight to future divisions

• Pruning can be used in order to reduce the size of the decision 
trees and its complexity. It is done by comparing its predictive 
power with trees having larger number of decision nodes.

Main idea

Important remarks
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• Current market standards in non-life modelling: Generalized Linear Models

• Introduction to some useful ML techniques for predictive modelling
• Cross-validation
• Classification and regression trees
• Bagging, Random forests and Boosting techniques
• Neural  network

• A case study

Agenda
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• Bootstrap aggregation, or Bagging, is a general-purpose 
procedure for reducing the variance of a statistical learning 
method

• Frequently used in the context of decision trees

• Recall that given a set of n independent observations 
𝑍𝑍1,𝑍𝑍2, … ,𝑍𝑍𝑛𝑛 each with variance 𝜎𝜎2, the variance of the 
mean �̅�𝑍 of the observations is given by 𝜎𝜎

2

𝑛𝑛

• Averaging a set of observations reduces variance. 
Usually multiple training sets are not at disposal.

1. Bootstrap, by taking repeated samples from the (single) 
training data set

2. Generate B different training data sets

3. Train our method on the 𝑏𝑏th bootstrapped training set in 
order to get 𝑓𝑓𝑏𝑏 𝑥𝑥 the prediction at point x

4. We then average all the predictions to obtain :

Bootstrap aggregation (Bagging) allows for variance reduction by averaging over 
several regression trees

Algorithm

Main idea

𝑓𝑓𝑏𝑏𝑏𝑏𝑏𝑏 𝑥𝑥 =
1
𝐵𝐵
�
𝑏𝑏=1

𝐵𝐵

𝑓𝑓𝑏𝑏 𝑥𝑥
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• Random forests provide an improvement over bagging 
thanks to an additional step that decorrelates the trees. 
This reduces the variance when we average the trees.

• As in bagging, we build a number of decision trees on 
bootstrapped training samples.

• But when building these decision trees, each time a 
split in a tree is considered, a random selection of 𝒎𝒎
predictors is chosen as split candidates from the full 
set of 𝑝𝑝 predictors. The split is allowed to use only one 
of those 𝐺𝐺 predictors.

• A fresh selection of 𝐺𝐺 predictors is taken at each split, 
and typically we choose 𝐺𝐺 ≈ 𝑝𝑝 that is, the number of 
predictors considered at each split is approximately 
equal to the square root of the total number of 
predictors.

Random Forests improves bagging by decorrelating the trees

Main idea

Algorithm
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• Like bagging, boosting is a general approach that can be applied to many statistical learning 
methods for regression. We only discuss boosting for decision trees

• Recall that bagging involves creating multiple copies of the original training data set using the 
bootstrap, fitting a separate decision tree to each copy, and then combining all of the trees in 
order to create a single predictive model

• Notably, each tree is built on a bootstrap data set, independent of the other trees
• Boosting works in a similar way, except that the trees are grown sequentially: each tree is 

grown using information from previously grown trees
• Unlike fitting a single large decision tree to the data, which amounts to fitting the data hard and 

potentially overfitting, the boosting approach instead learns slowly
• Given the current model, we fit a decision tree to the residuals from the model. We then add 

this new decision tree into the fitted function in order to update the residuals
• Each of these trees can be rather small, with just a few terminal nodes, determined by a 

parameter in the algorithm

• By fitting small trees to the residuals, we slowly improve 𝑓𝑓 in areas where it does not perform 
well. A shrinkage parameter  can slow the process down even further, allowing more and 
different shaped trees to attack the residuals.

Boosting
Main idea
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1. Set 𝑓𝑓 𝑥𝑥 = 𝛽 and 𝑁𝑁𝑖𝑖 = 𝑦𝑦𝑖𝑖 for all 𝐵𝐵 in the training set

2. For 𝑏𝑏 = 1, 2, 3, … ,𝐵𝐵, repeat :

− Fit a tree 𝑓𝑓𝑏𝑏 with 𝑑𝑑 splits (𝑑𝑑 + 1 terminal nodes) to 
the training data 𝑋𝑋, 𝑁𝑁

− Update 𝑓𝑓 by adding in a reduced (shrunken) version 
of the new tree:

𝑓𝑓 𝑥𝑥 ← 𝑓𝑓 𝑥𝑥 + 𝜆𝜆𝑓𝑓𝑏𝑏 𝑥𝑥

− Update the residuals:
𝑁𝑁𝑖𝑖 ← 𝑁𝑁𝑖𝑖 − 𝜆𝜆𝑓𝑓𝑏𝑏 𝑥𝑥𝑖𝑖

3. The final model is provided by

𝑓𝑓 𝑥𝑥 = �
𝑏𝑏=1

𝐵𝐵

𝜆𝜆𝑓𝑓𝑏𝑏 𝑥𝑥

Boosting
Algorithm

17 March 2020 30



• Pros
− Trees are very easy to explain to people. 

− Trees can be displayed graphically  easily interpretable when limited number of leaves

− Non-linear decision boundary possible

− Can produce “confidence intervals” (with bagging or random forests)

− Bagging and random forests can be parallelized (not boosting)

• Cons
− Overfitting if not carefully built (pruning and cross-validation needed)

− Large/deep trees are not (easily) understandable 

− Although non-linear decision boundary is possible to model, it only restricts to 
rectangular classification boxes.

− Global optimum is not guaranteed

• Aggregating many decision trees (bagging, random forest, boosting) can substantially improve 
the predictive performance of trees but at the expense of some loss of interpretation

Decision trees: pros and cons
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• Current market standards in non-life modelling: Generalized Linear Models

• Introduction to some useful ML techniques for predictive modelling
• Cross-validation
• Classification and regression trees
• Bagging, Random forests and Boosting techniques
• Neural  network

• A case study

Agenda
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• What are Neural Networks (NN)?
− They are a method of programming computers, as Random Forest, …

− They are often used to perform pattern recognition (unsupervised learning)

− NN can learn on their own and adapt to changing conditions (based on the data)

− NN are inspired by the biological nervous systems such as human brain’s information processing 
mechanism : they are composed of a large number of interconnected processing elements (neurons) 
working together to solve problems.

Neuron

X1
X2

Xn

INPUTS OUTPUT

W1

W2

Wn

• Description of a neuron
− An artificial neuron is an element with 

several inputs and one output
− The neuron has two modes of 

operation:
 Training mode (calibration) : 

o neuron can be trained to fire (or 
not) depending on the inputs  

 Using mode (prediction) :

Introduction to neural networks 
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• Network representation : connected neurons with different layers
− Input layer (left) containing the input neurons
− Hidden layer(s) (middle)
 Neurons in this layer are neither inputs nor outputs  this is the origin of the term “Hidden”
 Number of layers/neurons :

o In practice, number of layers/neurons determined by cross-validation
o One hidden layer is sufficient for most of the problems
o Additional layers can be added if it increases the performance (networks with 2 or more layers are called 

deep Neural Networks)

• Output layer (right) containing the output neurons

Architecture of neural networks 

Input layer 2 hidden layers Output layer
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• Pros 
− Easy to conceptualize
− Large amount of academic research
− Flexible in the type of data they can support
− Lots of libraries / implementations available to obtain quickly a solution
− Can be treated probabilistically (e.g. Bayesian neural networks)

• Cons 
− There are alternatives that are simpler, faster, easier to train, and sometimes provide 

better performance 
− Multi-layer neural networks are usually hard to train and opaque  You don’ t really 

understand how your network is solving the problem
− Global optimum is not guaranteed

• Neural networks are not magic and are not a substitute for understanding the problem 
deeply

Neural networks: pros and cons
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Agenda

1. Current market standards in non-life modelling: Generalized Linear Models

2. Introduction to some useful ML techniques for predictive modelling

3. A case study
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Using synthetic data to compare pricing techniques

• Working with a simulated database is convenient as :
− We know in advance the pattern to be found in the data
− We design it such that it includes some specificities 

which are difficult to learn by some algorithms (e.g. 
interactions)

− We can have as much data as needed to apply Cross-
Validation

• Frequency Database sampled using Poisson distribution 
function

• Poisson frequency was designed as a function of Age 
and Power

• Source: Reacfin White paper
Machine learning applications to non-life pricing – Frequency
modelling: an educational case study
by Julien Antunes Mendes, Sébastien de Valeriola, Samuel Mahy 
and Xavier Maréchal

Objectives
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GLM fail to adequately capture the interaction between age and power
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GAM do not significantly improve GLM results
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By construction of the model, regression trees are able to capture the 
interaction between age and power
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When used with adequate values of the parameters, Bagging allows to 
improve the predictive power…
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… which is also the case of Gradient Boosting Machine
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Neural Networks are also able to capture non-linear effects but in a 
different way than tree-based method
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AVG: Poisson global average estimator; GLM1 / GLM2 / GLM3 / GLM4: Generalized Linear Model without age
classes / with 10 years age classes / with 5 years age classes / with 1 year age classes; GAM1: Generalized
Additive Model; RT1 / RT2 / RT3: Regression Tree without complexity specification / with 1 SD rule / with min SD 
rule; BAG1 / BAG2 / BAG3: Bagging with default parameters / improved parameters / super-improved parameters
(e.g. nb of iterations); GB1 / GB2 / GB3: Gradient Boosting with 100 trees / 10000 trees / 10000 trees and improved
parameters; NN1 / NN2 / NN3: Neural Network with (1) hidden cell / (8) hidden cells / (2)(2) hidden cells; RL1: Ridge 
regression ; RL2: LASSO regression; RL3: Elastic net.

The method which gives the best results highly depends on the type of data and 
tests should thus be performed to determine the more adequate model
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• Results of Machine Learning algorithms will need careful attentions as they derive from automated 
procedures and could induce conclusions which do not match a business logic. 

• Another key challenge with Machine Learning is the risk of overfitting.

− Overfitting relates to excessively complex models for which the large number of explanatory 
variables and parameters, is unreasonably important compared to the number of observations

Comparing traditional statistical inference and ML approaches
Comparing points of strengths 

Machine 
learning

Statistical 
modeling

Limits the number of assumptions + -

Inference: Assessing the reliability of modeling assumptions - +

Prediction: ability to extrapolate future or unobserved realizations of a 
variable given other explanatory observations + -/+

“Big Data”: ability to handle large sets of data both in terms of number of 
observations (“rows”) or variables (“columns”) + -

Human interactions: ability/need of incorporating material users ex-ante 
opinions (e.g. Expert Judgment) - +
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Making machine learning techniques 
interpretable 
Xavier Maréchal (xavier.marechal@reacfin.com) 
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mailto:xavier.marechal@reacfin.com


Making machine learning techniques interpretable 
Xavier Maréchal
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Goals of this presentation

• Whereas advanced Machine learning techniques (e.g. random forest or neural 
networks) usually have a better predictive power than statistical techniques (e.g. 
GLM), their main drawback is that they are black-box and their results are difficult to 
understand/interpret

• There are basically 2 strategies to use ML techniques in predictive modelling
1. Replacing traditional models (e.g. GLM) by ML models
2. Combining the pros of traditional and ML models to improve predictive modelling 

• The goals of this presentation are therefore to
− Present several techniques that have been developed in order to better understand the 

results of machine learning techniques
− Explain how these interpretation techniques can be used to implement the 2 strategies 

presented above and improve predictive modelling

17 March 2020 48

The problem

Two different strategies to use ML for practical applications
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In the case of regression trees, understanding
how the model predicts the target variable for 
new data points is not a problem, as it is very

intuitive

In the case of more complex
methods such as Bagging and 

Random forests, even
understanding how the model 

predicts values for new data points 
is rather difficult

Things may be even
worse for GBM 

and NN

Some machine learning techniques are black boxes and interpretation of the results can
be quite difficult

Increasing complexity to boost predictive power often means decreasing the interpretability of the results

Complexity
Interpretability
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Other stakeholdersQuant (Actuaries, data 
scientist,…)

Understanding the results of ML models is nevertheless key for sound business decision-
making as many stakeholders use the results of the models

Machine learning techniques usually improve predictive power but at the 
expense of a certain loss of interpretability  Find trade-off between

Not necessarily
« quantitative people »

Should nevertheless understand
and trust results to take

decisions

Predictive power Capacity to understand 
the results 

Ability to take sound 
decisions based on the 

results

High-end questions
Who will use the results?   For what purpose?   With which impact?

Are able to understand the 
technical details

Trust its outputs based on 
cross-validation, error measures 

and assesment plots
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• Global Model Interpretability
− How does the trained model make predictions?
Which features are important and what kind of interactions between them take place? 

 Global model interpretability helps to understand the distribution of the target outcome based on the features

 Global model interpretability is very difficult to achieve in practice  Any model that exceeds a handful of 
parameters or weights is difficult to understand

 Some models are interpretable at a parameter level :
– For linear models, the interpretable parts are the weights, 

– For trees interpretable parts are the splits (selected features plus cut-off points) and leaf node predictions.

• Global Interpretation tools
 Interpretable Models by nature (eg. Linear models, Regression Tree)

 Feature Importance

 Partial Dependant Plot (PDP) and Individual Conditional Expectation (ICE)

 Interaction Measures (H-statistic).

Global vs local Interpretability of ML techniques
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Global Model Interpretation
Features Importance

• Features Importance 
− In a tree-based method : Go through all the splits for which the feature was 

used and measure how much it has reduced the Loss Function (eg. Gini, 
MSE, Poisson Deviance,…) compared to the parent node

− The sum of all importance measures is scaled to 100
− This means that each variable importance can be interpreted as share of the 

overall model importance

• One can get additional measures such as:
− Minimal depth and its mean : 

• Which variables were the most often on the top of the tree
• Mean depth of first split

• Features Importance can be used as a features’ selection tool
− Goal: Identify the most relevant variables 
− Pay attention: when some variables are correlated, their global impact can

be spread between them, therefore reducing individual importance of each
variable.
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• Partial Dependence Function/Plot
− Partial dependence plot (short PDP or PD plot) shows the marginal effect one or two features have 

on the predicted outcome of a machine learning model
− Partial dependence plot can show whether the relationship between the target and a feature is 

linear, monotonic or more complex. It can be computed as

𝑃𝑃𝑃𝑃𝑏𝑏𝑏𝑏𝑔𝑔 𝐺𝐺𝑔𝑔𝑙𝑙 =
1
𝑛𝑛
�
𝑖𝑖=1

𝑛𝑛

𝑓𝑓 𝐺𝐺𝑔𝑔𝑙𝑙,𝐺𝐺𝑔𝑔𝑙𝑙𝑠𝑠𝐺𝐺𝑁𝑁𝑖𝑖 , 𝑠𝑠𝑃𝑃𝑐𝑐𝑙𝑙𝑁𝑁𝑖𝑖 , …

− In this formula, 𝐺𝐺𝑔𝑔𝑙𝑙𝑠𝑠𝐺𝐺𝑁𝑁𝑖𝑖,… are actual features’ values from the dataset for the features in which we are 
not interested, 𝑓𝑓 is the trained model and 𝑛𝑛 is the number of instances in the dataset

− So we marginalize model outputs over the distribution of the features we are not interested in (e.g. 
agecar, cover, …)
the function shows the relationship between the feature 𝐺𝐺𝑔𝑔𝑙𝑙 we are interested in and the predicted outcome 
By marginalizing over the other features, we get a function that depends only on features 𝐺𝐺𝑔𝑔𝑙𝑙, interactions with 

other features included.

Global Model Interpretation
Partial dependence plot
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Global Model Interpretation
Partial dependence plot

• Example of Partial Dependence Plot (1D) on Average Claim Amount : 

• Partial dependence plot can be used as a features’ impact explanation tool
− It allows to better understand the marginal impact of a variable on the prediction
− It is very similar to the interpretation of the multiplicative factors we obtain in a GLM or 

GAM model.
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• Example of Partial Dependence Plot (2D) :
− PD can be generalized to more than one feature

− PDP -2D can be very useful to highlight interactions.
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• Interaction Measures (H-Statistics) 
− In case of interaction, prediction cannot be expressed as the sum of the feature effects, because the effect 

of one feature depends on the value of the other feature
− How to measure the level of interaction between two features?
 Have a look at H-Statistic. The main idea is:

 If two features do not interact, we can decompose the partial dependence function
𝑃𝑃𝑃𝑃𝑏𝑏𝑏𝑏𝑔𝑔,𝑝𝑝𝑝𝑝𝑝𝑝𝑔𝑔𝑝𝑝 𝐺𝐺𝑔𝑔𝑙𝑙,𝑝𝑝𝑃𝑃𝑝𝑝𝑙𝑙𝑁𝑁 = 𝑃𝑃𝑃𝑃𝑏𝑏𝑏𝑏𝑔𝑔 𝐺𝐺𝑔𝑔𝑙𝑙 + 𝑃𝑃𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑔𝑔𝑝𝑝 𝑝𝑝𝑃𝑃𝑝𝑝𝑙𝑙𝑁𝑁

 Measure the difference between the observed partial dependence function and the decomposed one without 
interactions.

𝐻𝐻2 = �∑𝑖𝑖=1𝑛𝑛 𝑃𝑃𝑃𝑃𝑏𝑏𝑏𝑏𝑔𝑔,𝑝𝑝𝑝𝑝𝑝𝑝𝑔𝑔𝑝𝑝 𝐺𝐺𝑔𝑔𝑙𝑙𝑖𝑖 ,𝑝𝑝𝑃𝑃𝑝𝑝𝑙𝑙𝑁𝑁𝑖𝑖 − 𝑃𝑃𝑃𝑃𝑏𝑏𝑏𝑏𝑔𝑔 𝐺𝐺𝑔𝑔𝑙𝑙𝑖𝑖 − 𝑃𝑃𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑔𝑔𝑝𝑝 𝑝𝑝𝑃𝑃𝑝𝑝𝑙𝑙𝑁𝑁𝑖𝑖 2

∑𝑖𝑖=1𝑛𝑛 𝑃𝑃𝑃𝑃𝑏𝑏𝑏𝑏𝑔𝑔,𝑝𝑝𝑝𝑝𝑝𝑝𝑔𝑔𝑝𝑝
2 𝐺𝐺𝑔𝑔𝑙𝑙𝑖𝑖 ,𝑝𝑝𝑃𝑃𝑝𝑝𝑙𝑙𝑁𝑁𝑖𝑖

 H is 0 if there is no interaction at all 
 A value H of 1 between two features means that each single PD function is constant and the effect on the 

prediction only comes through the interaction.

− It is also possible to measure the total interaction of a feature which tells us whether and
to what extent a feature interacts in the model with all other features.

Global Model Interpretation
Detection of interaction between variables with H-Statistics
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Global Model Interpretation
Detection of interaction between variables with H-Statistics
Total interaction for each feature with all other features 2-way interactions between the split feature and the other features

• H-Statistics can be used as a features’ interaction identification tool
− It allows to identify features strongly interacting with other features
− It can then be used for features engineering (e.g. creating a new feature as an interaction between 2 

features).
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• Local Interpretability for a Single Prediction
− Why did the model make a certain prediction for an instance?

 If you look at an individual prediction, the behavior of the otherwise complex model might behave more pleasantly
 You can zoom in on a single instance and examine what the model predicts for this input, and explain why 

• Shapley Value
• Breakdown.

• Local Interpretability for a Group of Predictions
− Why did the model make specific predictions for a group of instances?

 Model predictions for multiple instances can be explained either with global model interpretation methods or with explanations 
of individual instances 

 The global methods can be applied by taking the group of instances, treating them as if the group were the complete dataset, 
and using the global methods with this subset 

• LIME (Local Interpretable Model-agnostic explanations)
• LIVE.

 The individual explanation methods can be used on each instance and then listed 
or aggregated for the entire group.

Global vs local Interpretability of ML techniques
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• Shapley Value :
− The shapley value measures for a single prediction how much each specific feature value will

contribue to make the instance prediction different from the overall prediction

− The computation time increases exponentially with the number of features. 

Local Interpretability for a Single Prediction

From Game Theory
• The Shapley value is the average marginal 

contribution of a feature value across all 
possible coalitions (= sets composed of 
different number of features). 

• For each of these coalitions we compute the 
prediction with and without the feature value of 
interest and take the difference to get the 
marginal contribution. 

• The Shapley value is the (weighted) average of 
marginal contributions across all the coalitions. 
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How to make the most of ML techniques?

1. Replacing traditional models (e.g. GLM) by ML models

2. Combining the pros of traditional and ML models to improve predictive modelling. 

• The main drawback of this approach is the black-box effect of the ML results

• There is therefore a strong need in using interpretations tools
− Feature importance to select the most relevant variable (e.g. if we have too many variables 

available and/or we want to limit the number of modelled variables)

− PDP and/or H-Statistics to understand the impact of the selected variables on the prediction 
and identify the potential interactions

− Shapley value to better understand the prediction of specific profiles.

Two different strategies

Replacing traditional models by ML models
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• ML methods would then be used to perform features extraction, features selection 
and/or features engineering

− Feature extraction = reducing the dimensionality of too voluminous datasets (in terms of # 
features)

− Feature selection = selecting the most relevant variables to our problem

− Feature engineering = identifying the best representation of the sample data to learn a 
solution to your problem (e.g. interactions).

• The selected/engineered variables could then be introduced in a GLM in order to 
obtain easily interpretable results.

How to make the most of ML techniques?

Combining traditional and ML models
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Technical pricing is not the only application of ML techniques: ML could also help to boost 
the underwriting  and portfolio management process
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Profitability analysis tool    
Tree-based techniques can be used to compare Risk Premium and Commercial premium

• Thanks to tree-based methods (and variable importance) it is possible to identify the variables
that are the most relevant to explain the differences between the risk premium and the current
commercial premium

− It helps in defining the most relevant variables that can, for example, then be included in
a profitability heatmap

A
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• Identifying the segments in which the 
insurance company is well-positioned with 
respect to its competitors is an important driver 
of a dynamic pricing process. E.g. 
Classification of segments in function of the 
ranking of the competitors with regression trees 

Competition analysis tool    
Tree-based techniques can be used to identify positioning on market segments and capture price differences

B

• Analyze the price dispersion of the specific 
company with respect to its competitors of with 
respect to the average market price

• Reverse engineering of the pricing (structure) 
of competitors can be enhanced with ML 
techniques  
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• The goal is to explain the conversion / lapse probabilities with some explanatory variables

• A dummy variable identifies the policies that were converted / renewed during the year 
• Traditionaly Generalized Linear Models are used

– E.g. A logistic regression can be performed on this dummy variable and potential explanatory variables

𝑙𝑙𝑛𝑛
𝜋𝜋(𝑥𝑥1 … 𝑥𝑥𝑛𝑛)

1 − 𝜋𝜋(𝑥𝑥1 … 𝑥𝑥𝑛𝑛)
= 𝛽𝛽0 + 𝛽𝛽1𝑥𝑥1 + ⋯+ 𝛽𝛽𝑛𝑛𝑥𝑥𝑛𝑛

• Machine learning technique (e.g. GBM) are more and more often used as they usually improve 
predictions and allow to find more complex patterns

Client behavior    
ML techniques can help improve the logistic regression

C
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Data Visualisation in Insurance
Malgorzata Smietanka

12 March 2020



Research Background
1. UCL has two major PhD centres:

• CDT in Financial Computing & Analytics

• CDT in Foundational AI

2. UCL Actuari project aims to provide the insurance industry with software solutions that enable 
companies to exploit advances in machine learning(e.g. LSTM, GANs, Transfer/Meta Learning) 

3. UCL is building a pioneering analytics platform: 

• Template library for Insurance applications (Python)

• Federated Learning algorithms Templates

• Visualisation Templates

4. About me: 

• PhD Researcher at UCL

• Background: MSc in Mathematics

• Experience : Qualified Actuary, 5 years of industry experience
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2. Visualisation Libraries in Python
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Data Visualisation for Insurance

• What is Data Visualisation ?

• Is it important ?
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• Available Technology



Visualization Libraries for Python
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Static images files Interactive visualizations
Matplotlib Bokeh

Seaborn Plotly

Pandas Dash



Interactive plotting in Python ( using Bokeh open source)
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Bokeh basics
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Interactive Histogram: Hover Tool
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Interactive Histogram: Checkbox Tool
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Interactive Histogram: Slider and Range Slider
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Interactive PCA
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Interactive PCA
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Conclusions

UCL Actuari project:

1. The importance of Data Visualisation

2. UCL InsurTech Analytics platform:

• Template Library for Insurance applications

• Visualisation Templates

3. If you are interested in collaborating please contact:

Malgorzata Smietanka: malgorzata.wasiewicz.17@ucl.ac.uk

Prof. Philip Treleaven: p.treleaven@ucl.ac.uk
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Pricing and commercial applications in 
Life/Health insurance

Eamon Comerford, Milliman

Data Science Seminar – 12 March 2020



Introduction

• Results of Milliman survey (link)

• Pricing and commercial applications in life/health (re)insurance

• Pramerica experience

• Focus on automated underwriting

Eamon Comerford
Senior Consultant
Dublin, IE
+353 1 647 5525
eamon.comerford@milliman.com

Declan Whiteford
Associate Actuary
Letterkenny, IE
+353 74 918 8788
declan.whiteford@pramerica.ie

http://ie.milliman.com/insight/2019/Milliman-Data-Science-Survey/?lng=1048578


Survey results
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Milliman survey on the use of data science

87These slides are for general information/educational purposes only. Action should not be taken solely on the basis of the information set out herein without obtaining specific advice from a qualified adviser.

 Scope & Strategy

 Data Usage

 Data Science Architecture and Tools

 Resourcing and Governance

 Benefits & Challenges



Key takeaways from survey
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Key 
takeaways

Over 75% expect to be 
using data science within 

the next 3 years, with over 
35% already making it a 

point of focus

Limited use of 
external 

datasets so 
far

Actuaries and risk roles 
currently most heavily 

involved in applicationsLimited 
standardisation
thus far around 
collection and 

use of data

Most common uses of 
data science right now 

involve either assessment 
of customer behaviour or 

assumption setting

Many benefits but 
also significant 

challenges



Results from our Client Survey
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Which of the following sources or methods have you used to capture data for onwards Data 
Science processing (or plan to use in the next 3 years)?

These slides are for general information/educational purposes only. Action should not be taken solely on the basis of the information set out herein without obtaining specific advice from a qualified adviser.

0% 5% 10% 15% 20% 25% 30% 35% 40% 45% 50%

Social media data

Other

Wearables data

Customer quotes

Text mining and scraping

Phone call enquiries

Online app behaviour

Customer complaints

Customer policy applications



Results from our Client Survey

90

Main potential benefits?

These slides are for general information/educational purposes only. Action should not be taken solely on the basis of the information set out herein without obtaining specific advice from a qualified adviser.

0%
10%
20%
30%
40%
50%
60%
70%
80%
90%

100%

Low importance

Moderately
important

Very important

Exceptionally
important



Results from our Client Survey
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How relevant are the following challenges for your organisation?

These slides are for general information/educational purposes only. Action should not be taken solely on the basis of the information set out herein without obtaining specific advice from a qualified adviser.

0%
10%
20%
30%
40%
50%
60%
70%
80%
90%

100%

Low importance

Moderately
important

Very important

Exceptionally
important



Applications in life (re)insurance
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Data Science Applications for Life (Re)insurance
Milliman Case Studies

These slides are for general information/educational purposes only. Action should not be taken solely on the basis of the information set out herein without obtaining specific advice from a qualified adviser.

Targeted Products
Understanding a complex target 
market with varied customer needs

 Improved product design and 
reduced conduct risk
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Data Science Applications for Life (Re)insurance
Milliman Case Studies

These slides are for general information/educational purposes only. Action should not be taken solely on the basis of the information set out herein without obtaining specific advice from a qualified adviser.

 Improve customer experience and 
overall efficiency

Quotations and pricing
Asking fewer questions when offering 
an online quotation
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Data Science Applications for Life (Re)insurance
Milliman Case Studies

 Identify best targets, offers and 
delivery channels for different 
customer segments

Cross selling and discounts
Offering customers a discount for 
purchasing multiple product types

These slides are for general information/educational purposes only. Action should not be taken solely on the basis of the information set out herein without obtaining specific advice from a qualified adviser.
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Data Science Applications for Life (Re)insurance
Milliman Case Studies

These slides are for general information/educational purposes only. Action should not be taken solely on the basis of the information set out herein without obtaining specific advice from a qualified adviser.

Customer Engagement
Reducing high lapse rates

 Analytics on customer behaviour 
(e.g. premium payments, queries, 
complaints) to produce early warning 
indicators & trigger communications
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Data Science Applications for Life (Re)insurance
Milliman Case Studies

These slides are for general information/educational purposes only. Action should not be taken solely on the basis of the information set out herein without obtaining specific advice from a qualified adviser.

Distributor Oversight
Improving distributor retention and 
performance

 Pinpoint underperforming 
distributors and improve allocation 
of company’s resources



Automated Underwriting

17 March 2020

FastTracking the Underwriting process
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Guaranteed Issue 

• Eligibility by age
• Risk Classification: 

Age and gender
• Highest premium

Simplified Issue

• Short app
• Instant data
• Higher premium

Fully Underwritten

• Long app
• Para-meds, labs, 

etc. based on 
age/amount

• Lower premium

Accelerated 
Underwriting

• Labs waived on a 
subset of cases 
selected by 
predictive model

• Premium equal to 
fully underwritten

These slides are for general information/educational purposes only. Action should not be taken solely on the basis of the information set out herein without obtaining specific advice from a qualified adviser.

Types of Underwriting
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Initial Application

•Age, gender
•Face amount
•Product etc.

Detailed interview & 
external data

•Medical conditions
•Family history
•Driving history

Traditional 
Underwriting process

•Human error prone
•Intuition involved
•Exam and labs 
ordered

Initial Application

•Age, gender
•Face amount
•Product etc.

Detailed interview & 
external data

•Medical conditions
•Family history
•Driving history

Predictive model

•Evaluates 
application fairly

•Determines 
decision path

Accelerated or fully 
underwritten

•Accelerated cases 
do not require labs

•Decision made in 
hours/days

Goal  Speed up and simplify insurance while enhancing underwriting predictability

Traditional Underwriting:

PruFast Track:

2 days

Total:

20 - 30 days

2 days Few seconds
Total:

Hours/days

These slides are for general information/educational purposes only. Action should not be taken solely on the basis of the information set out herein without obtaining specific advice from a qualified adviser.

Accelerated Underwriting – The Impact
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s Model Metrics

- Acceleration Rate 40%+
- Match Rate at ~95%

Approval Time
- 48 Hour Turn Around for ~95% of Cases

Placement Rates
- Improvement of ~5% over Fully Underwritten

Broad Coverage
- 100% partners enabled

These slides are for general information/educational purposes only. Action should not be taken solely on the basis of the information set out herein without obtaining specific advice from a qualified adviser.

Accelerated Underwriting – Performance
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Data 
Selecti

on

Machin
e 

Learni
ng

Validati
on

Historic 
Underwritin

g 
Applications

Underwriting 
Path 

Prediction

Data Science Model Actuarial Study

Through collaboration with the Actuarial team in Prudential, we were able 
to implement a Mortality driven cost benefit analysis which integrates with 

the predictive model.

These slides are for general information/educational purposes only. Action should not be taken solely on the basis of the information set out herein without obtaining specific advice from a qualified adviser.

How Actuarial Science and Data Science Met



Actuarial & Data Science Partnership

17 March 2020

Creating a collaborative environment
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Enablers

Innovation 
Lab

Managerial 
support

Collaborative  
projects

Shared  
skillsets

Training

These slides are for general information/educational purposes only. Action should not be taken solely on the basis of the information set out herein without obtaining specific advice from a qualified adviser.

Actuarial & Data Science Partnership
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• Internally developed 12 week 
programme

• Upskilling actuaries in data science 
techniques (and vice versa)

• R based lapse project

• Running for 3 years

• Also used for internal rotation 

These slides are for general information/educational purposes only. Action should not be taken solely on the basis of the information set out herein without obtaining specific advice from a qualified adviser.

Data and Actuarial Academy
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Modules

R 
Programming

Machine 
Learning

Storytelling
Model 

Building & 
Validation

Data 
Visualization

These slides are for general information/educational purposes only. Action should not be taken solely on the basis of the information set out herein without obtaining specific advice from a qualified adviser.

Data and Actuarial Academy
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Proxy Modelling with the use of 
Machine Learning Algorithms
Dawid Kopczyk
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It has been said that actuaries were 
the first data scientists

TheActuary

17 March 2020
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Motivation

• The machine learning algorithms have been already proposed to solve some 

problems in the insurance sector, particularly in non-life pricing, underwriting 

and claim prediction.

• Current techniques not sufficiently mimic complex nature of cash-flow 

projection models.

• The interpretability of black-box models, particularly in proxy modelling.
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What will we cover?

1. Defining Proxy Modelling

2. Current Approaches

3. Machine Learning Algorithms

4. Interpretability

5. Challenges and Outlook
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1. Defining Proxy Modelling

17 March 2020



Monte Carlo Simulation

• Internal model as huge Monte Carlo simulation

• Monte Carlo Simulation: Own Funds as function of risk drivers
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Monte Carlo Simulation

• Internal model as huge Monte Carlo simulation

• Monte Carlo Simulation: Own Funds as function of risk drivers
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Monte Carlo Simulation – Problem Statement

• Execution of one complex actuarial model can lasts for approximately 1 hour.

• If we want to perform full Monte Carlo simulation: 
1 h x 1,000,000 simulations ≈ 114 years!!!
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Proxy Modelling (aka Curve Fitting)

• Solution: Proxy Modelling

• Goal: Emulate outputs of a cash-flow projection model in resource-saving
manner.

• Definition: Learning a relatively simple function (estimator) to mimic outputs 
of complex cash-flow projection model so that a loss function is minimized.
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2. Current Approaches
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Models used in practice

• Curve Fitting

• Least-Squares Monte Carlo method
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Review of current approaches
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Pros

• Linear models are easy to 

interpret

• Implementation in most 

statistical software (even in 

Excel)

Cons

• Do not fully mimic non-

linearities of complex cash-flow 

models – incorrect SCR and 

risk assessment

• Which interactions to add?

• Increasing number of terms



Algorithm
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Algorithm
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Algorithm
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Algorithm
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3. Machine Learning Algorithms
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Machine Learning Algorithms

• Why?: Mimic non-linearity + Automatic feature selection

• Estimators: Lasso, Random Forest, Neural Networks

• Case Study: Large reinsurance company, 3000 data points.
Kopczyk, (2019), https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3396481
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Lasso

 Data is extended with interactions

 Automatic Feature Selection algorithm at one shot
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minimized



Random Forest

 One big “mean” of various decision trees
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Feed-forward Neural Networks
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Results: Scores
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Estimator Training R2 Validation R2 Training MSE Validation MSE

LSMC BSS 
(Benchmark) 85.5% 83.7% 0.145 0.160

Lasso 86.7% 87.7% 0.133 0.122

Random Forest 99.8% 98.2% 0.002 0.018

Neural Networks 99.5% 98.6% 0.005 0.014



Results: Scores 
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Estimator MSE around 99.5% BEL 99.5% Error on BEL 99.5%

LSMC BSS 
(Benchmark) 0.271 2.51 +0.21

Lasso 0.248 2.36 +0.06

Random Forest 0.05 2.26 -0.04

Neural Networks 0.03 2.32 +0.02
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Results: Residuals plots
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Results: Learning Curve
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Results: Hyperoptimization



4. Interpretability
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Black-box-ness

• Complex machine learning algorithms are difficult to interpret

• However, there are plenty of methods within Explainable AI

• Variable Importances, BreakDown Plot and Ceteris Paribus
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Explainable AI: BreakDown Plot
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Explainable AI: CeterisParibus Plot
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5. Challenges and Outlook
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Challenges and Outlook

• Regulatory view: 
acceptance of complex machine learning models and interpretability issue

• Implementation: 
requirement to understand and implement machine learning by actuaries

• Resources: 
difficult or costly to find actuaries with data science skills
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Enterprise Machine Learning Pipeline
John Ng
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Challenges

12 March 2020

• Gartner says 80% of analytics insights will not deliver business outcomes through 
2022 and 80% of AI projects will “remain alchemy, run by wizards” through 2020.    

- Gartner (Jan 2019)

• 73.4% of executives report that business adoption of big data and AI initiatives 
continued to represent a big challenge. 91.5% of firms reporting ongoing investment 
in AI, but only 14.6% have deployed AI into widespread adoption.

- NewVantage Partners’ 2020 Big Data and AI Executive Survey

• Data Science initiatives stay at Experimental phase without getting to production? 

• How can actuaries leverage data science production process to add value?
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Agenda

Objective

Strategy

AI/ML Pipeline

Management

Action

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



Objectives of Machine Learning Pipeline
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• Speed

• Performance

• Integration

• Resilience

• Scalability
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Gartner Analytics Ascendancy
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Source: Gartner (2012)
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Data Science use cases in Insurance

12 March 2020

Data 
Science 

in 
Insurance

Personalised
Marketing

Actuarial

Risk Scoring

Fraud 
Detection

Customer 
Behaviour

Process 
Automation

• Call Center Automation
• Chat-bots
• Robo-Advisors
• Paperwork automation

• Conversion
• Persistency/Renewal
• Churn
• Cross-Selling
• Customer Segmentation
• Customer Life-Time-Value (LTV)
• Recommendation Engine

• Claims Prediction
• Risk Granularity
• Automated Underwriting 
• Motor Telematics
• Healthcare analytics
• Portfolio Analytics

• Pricing Accuracy
• Pricing Sensitivity
• Pricing Optimisation
• Reserving
• Capital Modelling
• Mortality and Morbidity
• Sentiment Analysis
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Enterprise Machine Learning Pipeline
The Architecture
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1. Business 
Problem

2. Data 
Module

3. Modelling
Module

4. Deployment 
Module

5. Monitoring 
Module

Enterprise Machine Learning Pipeline

Opportunity Information Insight Execution Result
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1. Business 
Problem

2. Data 
Module

3. Modelling
Module

4. Deployment 
Module

5. Monitoring 
Module

Enterprise Machine Learning Pipeline

1. Define 
Problem

2. Develop 
Solution

Actuarial Control Cycle
3. Monitor 

Result



Business Problem
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2. 
Time/Res

ource 
Constraint

3. 
Success 
Metrics

1. Define 
Problem
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Data Module

12 March 2020

Sourcing & Data 
Engineering 

Data Cleaning
& Preparation 

Exploratory Data 
Analysis (EDA) 

Feature 
Engineering

Data 
Segregation

• Data Sources
• Data Connectivity
• Data Engineering
• Data Warehouse

• Assess Quality
• Formatting
• Outliers
• Missing Data
• Trends
[Auto Reporting]

Feature ..
1. Extraction
2. Transformation
3. Selection

• Expert Driven
• Automatic F.E.
[Auto Reporting]

• Statistics
• Correlations
[Auto Reporting]
[Auto Visualisation]

Data into
• Train Set
• Test Set
• Validation Set 
[Auto Reporting]

Data Dictionary Feature Store
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Modelling Module
Statistical and 

Machine Learning 
Algorithm

Adequate 
Performance?

TRAINING DATA

DEPLOYMENT

KNOWLEDGE

Model Evaluation 
and Validation

Model Training

Model Testing
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Modelling Module

March 12, 2020

Decision Tree Random Forest Extreme 
Gradient Boosting

Survival 
Modelling

GLM & 
Regularization

Gradient Boosted 
Machines (GBM)

SVMLinear 
Regression

Artificial 
Neural Network

Natural Language 
Processing (NLP)

K-means 
clustering

K-Nearest-
Neighbour

Custom 
Model

Model Catalogue Optimisation Metric Hyperparameter Tuning
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Deployment Module

12 March 2020

DATA MODULE MODEL MODULE

ONLINE

OFFLINE

Input Data /
New Data

Machine Learning
Predictive Model

Actionable Predictions
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Monitoring Module

12 March 2020

• If successful, promote the best 
performing challenger model to 
be the new Champion

•Model will eventually degrade 
(change in data, market etc) 

• Rebuild when metric dropped 
below a determined threshold

•Perform Champion Challenger 
experiment (a.k.a. A/B testing)

•Compare against incumbent best 
approach/ rule/ model (Current 
Champion)

•Constant monitoring of newly 
deployed model using agreed 
Performance Metrics

•Actual vs. Expected Performance

Measure Compare

ChampionRefresh
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Enterprise Machine Learning Pipeline
The Flow



Pipeline Automation and Management

• Automation of Processes: Efficiency and Consistency

• Automated Logging, Reporting, Audit Trail

• Error Handling

• Simplify Machine Learning lifecycle development 

• Version Control (e.g. GitHub)

• Platform for Business-As-Usual operations, R&D and Proof-Of-Concepts

• Integration into Enterprise 

• Scalability
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Pipeline Automation: Dashboard

12 March 2020

1. Business 
Problem

2. Data 
Module

3. Modelling
Module

4. Deployment 
Module

5. Monitoring 
Module

DashboardUser

Assumptions

Configurations

Reports

Visualisations
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Pipeline Governance

• Iterative Improvement

• Implementation of Best Practices

• Data Protection

• Data Lineage

• Transparency

• Model Explanability

• Access Control and Security
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Action

Once having the right team, technology and data:

• Identify opportunities and the right questions

• Define goals and framework 

• Build Minimum-Viable-Product that is scalable

• Modelling and Deployment 

• Monitoring and Review performance 

• Scaling and Maintenance

Actuaries, having business domain knowledge and technical skills, could harness the strength of data 
science and champion data-driven advancements at organisational level. 
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Introduction to Insurtech
Tassos Anastasiou
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Insurance + Technology = Insurtech

• “New” technology applied to insurance to (e.g.):
– Improve CX

– Drive efficiency, innovation

– Lower acquisition costs, lower operating costs, scalability

– Disrupt incumbent insurers

– Enhance incumbent insurers (underwriting, claims, operations…)

– Extend services beyond insurance

• More loosely, innovation in insurance to address new risks, businesses 
created by technological change
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The technologies
• AI and Machine Learning

• Robotic Process Automation

• Big Data

• Internet of Things

• Video, Image & Audio Processing

• SaaS / Cloud

• Platform Integration

• Drones

• Blockchain / Distributed Datasets

• Autonomous Vehicles

• Parametric Insurance

• P2P 

• On Demand Insurance

• Microinsurance

• Lower costs and scalability

• Other …techs
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The changing nature of risk

• Algorithm Risk

• Privacy / Identity Theft

• Cyber Vulnerabilities

• Drones

• Reputation Risk / Social Media

• Blockchain / Digital Assets

• Gig / Sharing Economy

• Future of Work

• 4th Industrial Revolution

• Autonomous Vehicles

• Intangible Assets

• New Climate Risks
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Impacts Across The Insurance Value Chain

Product 
Development

Marketing & 
Distribution Quote & Bind Underwriting 

& Pricing Claims
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IoT / Sensors
P2P

On Demand
Usage-Based

Microinsurance
Parametric

Platform 
Integration
Embedded 
Insurance
Ultraniche

Prospecting

Chatbots
Robo-advice

Collapsed 
Question Set

Portals

AI Pricing
Big Data

New Data
Bionic U/W

Cyber / 
Casualty “Cat”

AI Triage
FNOL Image

Drones
Smart 

Contracts

Fully Digital Value Chain
Automated Back Office

Highly Scalable Business Model



Growth in Insurtech Investment

0
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20
18

20
19

GI

Life &
Health

US$ billions • Over $6b invested in 2019 in insurtech
start-ups worldwide

• Over $18b invested since 2012

• Fairly even split between life & health and 
general insurance

• Excludes internal innovation budgets at 
established insurance companies (~$20b 
for 2019?)

• So far 10 “unicorns” in insurtech with 
valuations > $1b
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Source: WTW Quarterly Insurtech Briefing



The Insurtech Unicorns

• US full-stack digital insurer, started writing business 2017

• Homeowners and Renters Insurance – operates in ~25 states of the US and 
recently expanded into Germany

• Innovations:
– “Giveback”: Takes a flat fee; underwriting profit otherwise goes to good causes

– Fast payment of (most simple) claims
• requires you to video yourself as part of the claim submission

• “AI Jim” does the initial claim assessment
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The Insurtech Unicorns

• Rapid growth; initial results poor but have been
improving

• “Seeing growth and risk both improving dramatically,
as we have, flies in the face of insurance orthodoxy.
But in a tech context, it makes sense. Lemonade is
built on a digital substrate – bots instead of
brokers, machine learning instead of
actuaries. While brokers and actuaries can be
overwhelmed by big data – bots and machines
thrive on it. Torrents of data do not degrade their
performance – they boost it.”
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The Insurtech Unicorns
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• US agency (working with existing insurance carriers) launched in 2015

• Smart home insurance using IoT – free smart home sensor kit
– Not clear if this particularly changes the product / coverage / pricing basis

• Very nice quote and buy CX

• Bought preventative home maintenance company Sheltr

• Signposts to a possible future of insurance – passive to proactive, focus on 
risk prevention and mitigation rather than indemnity?



The Insurtech Unicorns

• Zhong An – Chinese online-only insurance company

• Main investors Tencent, Alibaba and Ping An, launched 2013

• 460 million users and 5.8 billion policies (!)

• Current market cap of ~HKD 47 billion = 6 unicorns

• Wide range of products including health, auto, travel, consumer finance and 
“lifestyle consumption”

• Zhong An Technology licenses tech platform to partners – e.g. Sompo in 
Japan
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The Insurtech Unicorns

• WeFox – only European unicorn, German / Swiss ‘digital 
marketplace’ + One – digital home/liability insurer

• Root – US motor insurer, telematics-based driver score as 
main rating factor

• US digital health insurance providers

• US full-stack digital small business insurer

• Indian aggregator founded 2008, 10m customers, India’s 
largest non-bank insurance distributor
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A shift in focus

• Insurance has been described as “ripe for disruption” for several years… so far has 
not really happened

– no hugely radical new technology-driven business paradigm has emerged (along the lines 
of Amazon, Uber, Airbnb, Netflix)

– insurance is a low-touch product with limited customer interaction

• Could still happen… insurers have recognised the threat and are responding

• Insurtech startups now less focused on disruption and more on enhancing 
component parts of the value chain

• API technology allows a modular approach to digitalisation of the business… is this 
good or bad?
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The Future

• Insurance will change significantly in the coming years through adoption of 
technology internally and externally

• Actuarial profession will need to adapt:
– some current (boring?) jobs may get automated out of existence

– new (exciting!) jobs will emerge in new areas

• Clear that data science and tech literacy will be key… a positive thing for the 
profession, but actuaries need to skill up

• You’re in the right place!
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The Practical Applications of IoT in Life 
Reserving
Ed Bujok-Stone and Dario Flood
EY
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Agenda

Items

Introductions

Understanding IoT

Life insurance applications

EY’s IoT journey

17 March 2020 180



Introductions
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Introductions
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Ed Bujok-Stone
Director, Actuary, Risk

Ed is Chief Innovation Officer for the UK actuarial team, where he focuses on keeping 
actuaries relevant in a changing world. In addition, Ed is head of Advisory for the South West 
and Wales region of the UK.

Dario Flood
Senior Consultant, Actuary, Risk

Dario is a senior consultant within the UK actuarial team, where he’s worked on a number of 
strategic engagements involving analytics and visualisations. Dario is part of the UK actuarial 
innovation team where he is exploring the potential of IoT technology across insurance.



Understanding IoT
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Definition
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The internet of things, or IoT, is a system of interrelated 
computing devices, mechanical and digital machines, 
objects, animals or people that are provided with unique 
identifiers (UIDs) and the ability to transfer data over a 
network without requiring human-to-human or human-to-
computer interaction.

“ “



IoT through the years
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202020061992

There will be 50 
billion connected 
devices across the 
world by 2020, 
roughly 6 per 
person.

The IoT insurance 
market is estimated 
to be worth $42.76bn 
by 2022 (Markets & 
Markets).

There will be 50 
trillion gigabytes of 
data produced by IoT 
devices in 2020.

Source - NCTA: Infographic: The Growth Of The Internet Of Things



So what does this mean for insurers?
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The significant impacts of IoT in insurance are:
 Brand new live data feed allowing both analysis and on-

demand type insurance
 Increased ability to control risk through mitigation or 

intervention, e.g. calling the fire brigade or warning about 
impending heart attack

 Increased ability to engage customers using enhanced 
profiling, e.g. “We noticed you reached your VO2 target! 
Here’s a reward”

 A shift from post-event insurance to preventative



However, insurers lag in using insights from new data 
sources
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Percentage of respondents, by sector, reporting that their companies can use insights from 
new data sources to boost customer value:

Source: The Internet of Things in Insurance, EY



Within health and well-being, there are gaps in insurers’ 
offerings
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When it comes to health & 
wellbeing, there is an 
absence of purposeful 
solutions that truly engage 
users, drive the right 
behaviours and deliver 
consequential health 
outcomes



Life insurance applications
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Current state – insurer investment
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The Insurers are most actively investing in IoT start ups

Using CB Insights data, we have 
highlighted the range of insurance 
investors including AXA Strategic 
Ventures, AIG, and American 
Family Ventures who have been 
deploying investments to IoT start-
ups across auto, home, industrial, 
and other segments. 



Current state – What is actually being used in 
Life/Health today
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• Wearables are the key area impacting health/life insurance
• Current model is using wearables as incentive driven insurance, 

which is increasing customer engagement (and hence retention 
and on-selling opportunities)

• The table below shows the science driven relation between some 
wearable tracked stats and mortality:

https://www.vitality.co.uk/rewards/

Source: C2 The science behind wearable metrics - IFoA - issued 21 November 217.pdf

Standard Preferred Relative mortality

Steps 7,000 10,000 0.83

Activity 0-1x 1-2x 0.86

Inactivity 8+ hrs 6-8 hrs 1.00*

Resting heart rate 70 bpm 60 bpm 0.96

Sleep 6 hrs 7 hrs 0.95



Future state – Where do we see it going?
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• More advanced wearables are collecting more data:
• Heart rate (recovery, max, min, night-time)
• Stress (HRV)
• VO2 max
• Body composition
• Body temperature
• Ambient temperature

• More data allows more credible links with claim 
events, and better training of AI

• More collaboration with insurers and health 
professionals

• Shift from post-event to prevention



Future state – Where do we see it going?

17 March 2020 193

• Global implantable medical devices expected to 
grow to USD 188.0 billion by 2024*

• Biotech is being developed:
• IoT blood pressure monitoring
• Pulse Wave velocity
• Muscle oxygen 
• Diabetes blood sugar monitoring

• Electronic tattoos:
• See-through patch made of graphene and 

studded with gold isn't just a fashion accessory 
or temporary tattoo. It has the capability to 
monitor your blood sugar levels and deliver 
diabetes medication

Source: Hui Won Yun/Seoul National University

* Source: Markets and Markets, IoT in Healthcare Market 



EY’s IoT journey
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IoT Acres – EY hackathon prototype
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Water level and 
vibration

Humidity and 
temperature

Ambient 
light level Moisture

Model village Arduino

Arduino (mini 
computer 
used to 

compile data)

Cloud 
solution

Cloud
Real time 
outputs

Data visualisation 
dashboard

Calculation 
engine

Mobile 
notifications



Data lakes, Clouds, Wearables – What does this mean 
for Life Reserving?
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• Most “Big Data” projects in the 2010s focused 
on getting “traditional” data into one place – the 
so called golden source. Many companies are 
still grappling with this, and those that have 
managed have only really just started making 
sense of this data…BUT tech hasn’t stood still 
and more data has come along

• We now have new data e.g. wearables, better 
complaints data, review data, chatbot 
data…which is a different shape, frequency 
and granularity

• So we need to put this in the one place too, 
and re-think how we use it for reserving and 
other use cases?



Data lakes, Clouds, Wearables – What does this mean 
for Life Reserving?
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Use it
(Basis setting

AoM/AoS
Risk management

Retention
Experiment with 
ML (as per other 

slide packs)

Store it (all of it!)
Cloud based (SQL 

traditional, but 
unstructured 

needs newer tech 
e.g. Hadoop, 

Dynamo)

Clean, Filter, Join 
and transform 

(Scala, Python, 
other scripting)

Wearables + 
other “new” 

sources

Traditional 
sources

Gather data from 
customer (incl. 
unstructured)

Gather data from 
customer actions, 

CMIB, Census, 
Medical records & 

studies etc 
(mostly 

structured)
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Image, Video and Audio applications
Cherry Chan
Hugo Clugston
Sajjad Meghjee

On behalf of Insurtech Working Party



Overview
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Image
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https://worldview.earthdata.nasa.gov

www.weather.gov



Video
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Audio
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Application to 
non-insurance industry
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What is out there?
• There a number of companies, long-established and start-ups, outside of the Insurance sector making use of videos, pictures or audio 

to gain a competitive advantage

• Benefits are consistent across the board 

– Stand out from the crowd (USP)

– Improved user experience

– Reduce time delays 

– Reduce cost and thereby increasing profits or reducing price charged to consumers

• Discuss the following examples

– Amazon

– Onfido

– Investment – Car Counting

– Apple
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Amazon Go
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Amazon Go – Checkout Free supermarket
• Concept of being able to walk in, pick up your groceries and walk out

• Was trialled and tested in 2015 before being officially opened in January 2018

• Teething issues:

• Tracking more than 20 customers at a time

• Tracking movements of items e.g. When a child moves an item to a different shelf

• Tracking different people with similar body types

• Amazon Advantages

• Customers had to have the Amazon app

• Amazon “own brand” groceries

• Diversification and plan to roll out a number of similar stores nationwide
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Onfido
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Onfido – Identity Checks

• Established in 2012 by three Oxford grads who were frustrated at the length of time it took to do background checks as 

part of job applications within the finance industry

• Onfido provides identity verification through its online platform

1. Using your phone camera the platform is able to cross-reference a person's facial biometrics with their identity document, such as 

driver's license. 

2. The person's identification can then be checked against global databases for any issues.

3. Using both manual and automated machine learning technologies, including optical character recognition and face detection, to

verify the passport or ID card of an applicant to prevent fraud. 
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“It’s as simple as an ID and a selfie”



Onfido
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Onfido
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Apple
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Apple - Siri

• Siri is a built-in "intelligent assistant" that enables Apple users to speak natural language voice 

commands in order to operate the mobile device and its apps.

• First rolled out in 2011 but has developed over time and accommodates new languages 

1. When bringing Siri into a new language the team first finds pre-existing databases of local speech. 

2. They supplement that by hiring local voice talent, and having them read books, newspapers, web articles, and more.

3. Apple's team transcribes those recordings, matching words to sounds—and more importantly, identifying phonemes, 

the individual sounds that make up all speech.
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Satellite Imagery
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Satellite Imagery

• The usage of satellite imagery to predict investment price movements

• Before using satellite imagery, the founder of Walmart, Sam Walton, used to count the number of cars in the parking lot to monitor 

how the stores are doing

• These days, now that it is cheaper (relatively!) and more accessible, investment analysts are using satellite imagery to predict

price movements.

• Examples are
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Automated Image Processing: 
Application to Insurance

17 March 2020



What benefits does image processing bring to 
insurers?
• Fundamentally it provides additional information that traditional sources may not:

o For example, a driver using a mobile phone may suggest someone is higher risk

o Or a property where vegetation is overgrown may suggest a higher wild fire risk

o Speeds up certain tasks; too many images for a human to process. 

• Some of the main benefits include:

o Improved data to support Underwriting, Pricing and Claims decisions

o Faster loss notification and claim settlement

o Improved accuracy of data and less need for manual surveys/ assessment

o Cost of acquiring data going down

o Improved risk management and fraud detection.
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Some Current Uses in Insurance

Underwriting 
and Pricing

Quoting, 
binding, policy 

issue

Policy 
administration 

and MI

Claims 
assessment/ 

payment

Detection/Alert/ Claim Cost Control

Claim Assessment

Loss Event Verification/ Fraud detection 

Post Event Damage Assessment

Data Enrichment for Risk 

Assessment

Optical Character Recognition

Renewal Book Analysis

17 March 2020

Biggest take up is currently 

being seen on Motor and 

Property Classes.



Image Data Conversion/Processing
– Data volume challenges: processing images is data intensive. Every 

pixel has to be individually processed.

– Image recognition/ feature extraction models rely on 
Convolutional Neural Networks (“CNN”).
o CNNs are “the eyes” used to identify objects by AI 

software/machines.

– Accuracy and reliability of models rely on image “training”; the 
more images the better.

– For insurance applications, pure object identification is not 
always enough.
o Need to connect features together, e.g. hand, face and mobile 

phone to assess distracted driving.

– Work to do to improve algorithms and methods.
o Suggested accuracy of advanced models presently is 70-90%.

Image Data 
Acquisition

Data 
Processing

Feature 
Extraction

Model 
Training

Validation Application

Source: Applying Image Recognition to Insurance (2018), Society of Actuaries Paper
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Example 1: Analysing Geospatial Imagery for Property Insurers to support 
Underwriting/Pricing

Image Source/ Output

• Aerial imagery acquired from 3rd party sources (satellites, 
drones or aeroplanes)

• Property elements are then extracted from the images using 
AI/Machine learning algorithms

• This might include:
o Roof characteristics: Material, dimensions, condition, 

style
o Other structures on the property which present risk or 

drive liability (fences, pools, outbuildings etc.)
o Related perils: trees, streams, lakes, adjacent properties.

Benefits

• Higher quality, automated, cheaper data
• New Business Quotes: Faster quoting process with 

increased pricing accuracy and fewer post bind adjustments
• Renewal Quotes: Understand changes since previous 

renewal which may drive additional risk exposure
• Portfolio Management: Review entire renewal           

portfolio to focus on areas of change. 
o Triage inspections. 
o Reduce pricing and underwriting risk 

How Used

• Extracted data fed into carrier quote systems
• Aims to provide high quality data (manual inspection 

standard) at the economic cost of policy holder supplied 
information

• Moving from indirect proxies such as roof age to direct 
proxies such as roof condition

• Software can produce scores for risk characteristics which are 
fed into pricing or underwriting systems.

• Scope to reduce the number of questions at quote stage.

17 March 2020



Example 1: Analysing Geospatial Imagery for Property Insurers to support 
Underwriting/Pricing Ctd.

17 March 2020

Property Profile
31 London Street, UK

Roof Area 40 square metres

Roof Geometry Gable plus flat roof

Roof Material Slate

Condition 6/10 (Fair)

Liability Exposures Pool, Trampoline

Recent changes Rear extension

Confidence Score 98%



Example 2: Automatic Car Damage Assessment
Image Source/ Output

• Images/ Videos of car damage are taken by the insured and 
uploaded onto software platform

• The AI software has been trained on millions of images. It 
groups images and then assesses the damage

• This assessment may be done in as little as 2-3 seconds 
versus 30-45 mins manually

• Typically reporting back damage assessment; including cost of 
repair, probability that a part needs to be replaced, and a 
confidence score

• This can be done for any car, in most conditions.

Benefits

• Cuts claim examining expense
• Drives efficient claims handling and customer 

satisfaction
• Drives consistency of assessment
• Cars are repaired quickly, correctly and safely.

How Used

• To provide a first notification of loss triage: is it a 
total loss or repairable

• Speeds up the claimants customer journey
• Supports parts being ordered earlier in the process
• Provides advice to driver on whether to file for a claim

• Need visual rules across industry and repair shops to 
ensure consistency of treatment. Aim for customer to 
have damage assessment in a few minutes; claim 
settlement in a few minutes.
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Example 2: Automatic Car Damage Assessment Ctd.

17 March 2020

Feature Visibility Outcome Confidence Labour 
(hours)

Headlamp, Right 100% Replace 100% 1-2

Bumper 40% Replace 88% 2-4

Bonnet 40% Intact 95% n/a

RH Grille 73% Replace 95% 1-3
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Machine Learning in GI Reserving
Nigel Carpenter
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Context from GI Pricing
Analytic Innovation: The imperative for 
accurate pricing drives the development 
and adoption of new analytic techniques.

• GLMs used for 20 years; now universal

• GBMs starting to be adopted

• Ensembles becoming possible

• Neural Networks some way off

12 March 2020

Time
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Early 
application
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Exploration

Robust partial
application

GLM

GBM

AI - Neural 
Networks

TimeNow-20y                             -2y  +2y                +5y     

GLM GBM Ensembles AI – Neural Networks
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Reserving as a GLM

• Plenty of actuarial reserving research 
to show that the Chain-ladder can be 
formulated as a GLM.

• From GI Pricing we know that Machine 
Learning (GBMs and Neural Networks) 
outperforms GLMs.

• So where are all the Machine Learning 
in reserving papers?
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https://www.google.co.uk/search?safe=off&rlz=1C1CHBF_en-GBGB818GB818&q=Actuarial+reserving+glm&spell=1&sa=X&ved=0ahUKEwjcmL6-yMzeAhUlLcAKHbJWC2sQBQgwKAA&biw=1920&bih=1040
https://www.google.co.uk/search?safe=off&rlz=1C1CHBF_en-GBGB818GB818&q=Actuarial+reserving+glm&spell=1&sa=X&ved=0ahUKEwjcmL6-yMzeAhUlLcAKHbJWC2sQBQgwKAA&biw=1920&bih=1040
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• 2017 to 2019 have been vintage years

Reserving & Machine Learning



Reserving & Machine Learning
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Growing number of good 
papers available up to 2018

Even more during 2019

But awareness and 
accessibility can be difficult 
especially if you are new to 
Data Science.

Date Title Author Rating Comment
2016_09 Machine Learning 

Framework for Loss 
Reserving

KPMG  GBMs with aggregated 
data old approach to 
tuning and validation

2017_03 Machine Learning in 
Individual Claims 
Reserving

WUTHRICH  Individual claim 
transactions with decision 
trees but no IBNR

2017 Individual claim 
Development with 
Machine Learning

ASTIN  Old school Neural 
Networks on claim 
transactions

2017_12 Non parametric 
individual claim 
reserving in 
insurance

BAUDRY  ML plus external data and 
IBNR, no code!

2018_05 Deep Triangle KUO  RNNs and code shared 
but complex!

https://www.casact.org/education/clrs/2016/presentations/AR-1_1.pdf
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=2867897
http://www.actuaries.org/ASTIN/Documents/ASTIN_ICDML_WP_Report_final.pdf
http://campus.univ-lyon1.fr/dami/files/2017/11/Reserving.pdf
https://arxiv.org/pdf/1804.09253.pdf
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BAUDRY: Non Parametric individual claim reserving

• Kaggle Master and PhD Student @ DAMI 
Paris.

• Expert knowledge in Machine Learning and 
Natural Language

• Supervisor Prof Christian Y Robert, provides 
Actuarial background. 

http://campus.univ-lyon1.fr/dami/files/2017/11/Reserving.pdf
http://campus.univ-lyon1.fr/dami/files/2017/11/Reserving.pdf
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BAUDRY: Non Parametric individual claim reserving

Underwriting date

Exposure to reserve date

Policy Risk factors

External info at UW date

External info at Occurrence date

External info at Report date

Claim history up to valuation date

Baudry’s approach uses extra info beyond traditional “triangle” style claims data.

• Explicit use of this extra data, 
provides opportunities…

– for the method to give improved results

– to aid better understanding of influences 
on claim development

RBNS uses IBNR uses
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BAUDRY: Non Parametric individual claim reserving

Presenting triangular data in 
a way machine learning can 
use is essential to success.

Format of data can be 
difficult to get used to if you 
come from a traditional 
triangle world.
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KUO: Deep Triangle

• Software engineer at R Studio (references 
JJ Allaire and Francois Chollet).

• Associate of CAS, previous employment in 
Insurance with KPMG. 

• Co-author of 2016 KPMG Machine Learning 
Framework for Loss Reserving paper. 

https://arxiv.org/pdf/1804.09253.pdf
https://arxiv.org/pdf/1804.09253.pdf
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KUO: Deep Triangle

Kuo’s approach uses a special form of Neural Network which is ideally suited to 
sequential data.

• Applied to aggregated triangular industry data and code shared. 

• Able to apply to own company data and replicate the results.
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IFoA Machine Learning in Reserving WP
• Member interest in ML and AI continues to grow.

• Many more papers have been released since 
those highlighted here.

• Working party set up to:
– Understand market position in ML adoption

– Perform literature review

– Undertake new areas of research

– Answer common questions on ML techniques

– Consider data requirements and source for ML

– Consider Trust and Ethics implications
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Closing remarks

Neural Net
GBMGLM

GLM GBM Neural Networks

Time

BCL

• Exciting opportunities ahead with 
clear parallels to GI Pricing.

• GLM , GBM and Neural Network 
approaches to reserving all 
maturing rapidly.

• Path to adoption in Reserving 
could well be easier than Pricing.
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Data Science Seminar

Overview of the IFoA Certificate in 
Data Science
Melanie Zhang: IFoA Data Science MIG - Workstream Chair
Colin Thores: IFoA Education Actuary



Data Science - The challenge for Actuaries

Data science, in all its manifestations, is rarely out of the public 
eye these days. Why has it become such a hot topic, though, 
and what role should actuaries play in understanding and 
explaining it?

March 2020



What we have

• Domain Expertise
– Life 
– General Insurance
– Health and Care 
– Pensions
– Finance and Investment

• Mortality / Longevity
• Compound interest
• Long-term modelling
• Data analysis
• Investment

• There’s nothing wrong with these
• They will still be needed!

242



The new 
skills

Data science Artificial 
intelligence

Machine 
learning

Natural 
language 

processing

Neural networks
Technology –

wearables, 
Internet of 

things

Social networks Multidisciplinary 
approach
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Data Science - The challenge for Actuaries

• Actuaries must remain relevant in the future. A key part of this is understanding actuaries’ role re Data 
Science.

• Actuaries need to keep up to date on the language, concepts and techniques used in Data Science, due 
to the increasing importance of data science in all the areas that actuaries work in. 

• Actuaries have to develop a better understanding of Data Science to avoid diminishing their relevance 
and employability.

Data science, in all its manifestations, is rarely out of the public 
eye these days. Why has it become such a hot topic, though, 
and what role should actuaries play in understanding and 
explaining it?

March 2020



Data Science – The challenges for the IFoA

• To determine how best to support its members to ensure they continue to be 
relevant/employable in the future.

• Acknowledging the diverse nature of the IFoA membership in terms of:
– Practice areas

– Location

– Expertise in Data Science (ranging from zero to expert)

– Stage of career of members - students / associates / fellows

The IFoA has to provide a range of solutions to meet all its 
members needs

March 2020
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IFoA - Data Science the journey to date



IFoA - Certificate in Data Science - Content 
The certificate will provide members with:

1. Core Data Science Content
– Introduction to Data Science and techniques

– Application of data science techniques to solve real world problems

– Data Visualisation and Communication

– Machine Learning and Artificial Intelligence techniques

– Hands-on experience of some of the tools used widely in Data Science. (e.g. Python, Tableau)

2. Application of Data Science applied in traditional and non-traditional areas of actuarial practice;

– C15-20 case studies

– Practical / Regulator / Professionalism / Ethical 
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IFoA - Certificate in Data Science - Structure

248

• Certificate will sit outside the IFoA’s current fellowship qualification 

• Certificate will be delivered by a third party – Southampton Data Science Academy (SDSA) and jointly 
accredited by the IFoA and SDSA

• Certificate will be modular – with all materials available online

• Three assignments – no exam

• Each cohort will run for 10 weeks – 8 weeks supported learning, two additional weeks for final assignment

• The initial target audience is all members: 

– assumes a basic knowledge of statistics

– no minimum requirement for R / Python

March 2020



IFoA - Certificate of Data Science - Timetable

• Booking open – Feb 2020

• First Cohort run April 2020

• Two Subsequent cohorts in 2020

• Three cohorts p.a. thereafter

March 2020



IFoA - Data Science – the future
• Certificate

– Content will be reviewed following member feedback

– Addition of more technical modules in the future 

• Fellowship Exams
– Already include R and some aspects of Data Science (e.g. Machine Learning in CS1)

– Data Science content in other IFoA Fellowship exams will increase

– Potential for a Data Science pathway could be introduced?

• CPD
– More CPD events / webinars etc to support certificate holders and membership in general

March 2020
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