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Who'’'s interested in what?
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Applications of machine learning in the insurance sector
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This is not new....

Data enrichment GLMs in demand models Integrating cost and demand
Few factors, simple GLMs in auto risk models GLM refinement & LOB expansion More data enrichment
methods
1990s 2000s 2010s 2018

[13 ” . .
Other “Non-GLM” models Distributed Data Machi Integrated
Big Data isualisati achine :

visualisation learning environments

storage/ tools and services
Hadoop

Free software Data stream
NoSQL environments, and real-time
databases analytics processing
libraries supporting loT

Hyper scale
parallel
computing
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What are these machine learning methods?

e : Gradient
Classifications " " Regression )
Ensembles Earth Boosting
Trees Trees )
Machines
K-nearest : Neural . Random
Neighbors SEBIB N Networks Naive Bayes Forests

Principal
Components
Analysis

K-Means Support Vector Ridge

Machines Regression

Clustering
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Kaggle
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Is it really all about the method?

Factor
engineering

& response
variables
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Is it really all about the method?
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Is it really all about the method?

Data
Physical facticity Mechanical nature
E.g., height, length, weight E.g., engine size, fuel type
t ﬂt?‘;\] :
MO0 T
Qualitative descriptors Performance
E.g., body type, model range E.g., maximum speed, torque, BHP
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Is it really all about the method?

Factor
engineering

& response
variables
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Is it really all about the method?
Response selection

“Insurance risk”

Third party Simple
= guessed
bodily injury algorithm

“Compensation
risk”
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Is it really all about the method?

Factor
engineering

Methods
& response

variables
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How do you know if a method works?
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How do you measure value?

Data Gain Curve

Gini

Gini

ZD.?HS

Cumulative Fitted(%:)

Cumulative Weight(2)

Rank hold out observations by their fitted values (high to low)

Plot cumulative response by cumulative exposure

A better model will explain a higher proportion of the response with a lower proportion of exposure
...and will give a higher Gini coefficient (yellow area)
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Example results

Model Gini

GLM
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Example results

Model Gini

GLM
New Model
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Example results

Gini
improvement

Model Gini

GLM
New Model
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Example results

Model

Gini

GLM (main factor removed)

Gini
improvement

Gini rank

GLM (minor factor removed) 0.322 -1.3% 3
GLM 0.327 0.0% 2
New Model [ om0 [ 1w | 1 |
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But...

= Think of a model...
= Multiply it by 123

= Square it

= Add 74% billion

...and you get the
same Gini coefficient!
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Double lift chart
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Financial value estimate

3.7%

3.5% -

Frequency
w
.
=

g
o
=
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2.5% -

Errors in insurance pricing are not symmetrical
Financial benefit can be estimated

Consider actual experience in out of sample data

for each percentile of old vs new model fitted values
Estimate financial benefit that would have been attained
= given an assumed elasticity

= given business rules such as an assumed cap/floor approach

Actual experlence a0
350 -
[=]
8
/\ "e
3
[ o
. 5 Simple
/ Old model prediction .mg formula
- 150 Jo:
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H ‘ ‘ ‘ ‘ ‘su
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Difference between original and proposed model prediction
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P99

85% Pio
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Example results

Model Gini ‘ Gini Gini rank Loss r'at‘io @ | Lossratio |Loss r'at‘io @ | Lossratio
improvement elasticity 6 rank elasticity 2 rank

GLM (minor factor removed) 0.322 -1.3% 3 -0.4% 3 -0.2% <)

GLM 0.327 0.0% 2 0.0% 2 0.0% 2
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Financial value vs Gini
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Is there more to it...?

Predictive power
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Choosing a method

Dimensions of choice
Predictive power

Analytical
time and Interpretation
effort

Table
iImplementation

Execution speed
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Predictive power

Analytical
time and Interpretation
effort

Table

Execution speed .
Implementation
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What do you use where?

A it

Data science Domain experts
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It's domain expertise that helps decide

h

//////////////

llmu

Data science

Domain experts
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Some machine learning methods

e : Gradient
Classifications " " Regression )
Ensembles Earth Boosting
Trees Trees )
Machines
K-nearest : Neural . Random
Neighbors SEBIB N Networks Naive Bayes Forests

K-Means Flig(pel Support Vector Ridge
: Components . :
Clustering . Machines Regression
Analysis
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Focus on Trees
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A simple Tree example

Tree results

1.40

1.20

1.00
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0.60

0.40
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-0.20

-0.40

-0.60

e | nderlying trend Tree (splits=1) == == Tree (splits=2) == == Tree (splits=3) == == Tree (splits=4) = == Tree (splits=5)
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A simple Tree example

Tree results
1.40 Y N

1.20

1.00

0.80

0.60

0.40

0.20

0.00

-0.20

-0.40

-0.60

e | nderlying trend Tree (splits=1) == == Tree (splits=2) == == Tree (splits=3) == == Tree (splits=4) = == Tree (splits=5)
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A simple Tree example

Tree results
1.40

[ome<s ]
==
E—

1.00

0.80

0.60

0.40

0.20

0.00

-0.20

-0.40

-0.60

e nderlying trend == == Tree (splits=1) == == Tree (splits=2) == = Tree (splits=3) == == Tree (splits=4) = == Tree (splits=5)
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A simple Tree example

Tree results
1.40
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e | nderlying trend Tree (splits=1) == == Tree (splits=2) == == Tree (splits=3) == == Tree (splits=4) = == Tree (splits=5)
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Shortcomings of using trees
Summary

They may miss interactions...

Slide enjoyment by equation count

~
-~
~
~
~
~
-~
6 >
~
=
~
4 ~
~
~
-~
.\\
2 -~
~
~
~
~
1 2 4
= = Nen-actuary Act —T

...and they can be bad at turning points

Slide enjoyment by word count

... they may struggles with
categorical variables....

Slide enjoyment by first initial
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Predictive power

Analytical
time and Interpretation
effort

Decision
Trees

Execution speed
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Some machine learning methods

e : Gradient
Classifications " " Regression )
Ensembles Earth Boosting
Trees Trees )
Machines
K-nearest : Neural . Random
Neighbors SEBIB N Networks Naive Bayes Forests

K-Means Flig(pel Support Vector Ridge
: Components . :
Clustering . Machines Regression
Analysis
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Focus on Gradient Boosting Machines

Gradient
Boosting
Machines
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Gradient Boosted Machine or “GBM”

A tree

fi(x)

Group < 5?
Yy | N
‘ I
Age < 407?
Yy | N

Group < 15?

Yy | N

—

A GBM

N
fx) =2 fn (%)

n=1

Nty e e
N
NTDHNTD AN HATIH
NZDFATIO AT HAED
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Four main assumptions

A Learning rate / “shrinkage”

= Amount by which the old model
predictions are varied for the next model Group < 57
iteration Yy | N

Old + (Prediction x Learning rate) 2 -

. v | N
Interaction depth

= Number of splits allowed on each tree Group < 15?

(or the number of terminal nodes — 1) y | N

N Number of trees (iterations) allowed —
Bag fraction

= Trees are fitted to a subset of the data
(the bag fraction) on a randomized basis

= Additional noise-reduction can be
achieved by using a random subset of
the available factors at each iteration
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A simple GBM example

GBM results at iteration O
1.2

# factors =1

Interaction depth = 1
Learning rate = 10%
Bag fraction = 100%

0.8

0.6

0.4

0.2

17 18 19 20

-0.2

-0.4

-0.6

Current fitted values

== == Current residuals

Underlying trend
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A simple GBM example

GBM results at iteration O
1.2

0.8
0.6
0.4

0.2

17 18 19 20

== == Current residuals Model trained on current residuals Current fitted values

Underlying trend
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A simple GBM example

GBM results at iteration 0
1.2

0.8
0.6
0.4

0.2

17 18 19 20

== == Current residuals Model trained on current residuals Incremental model update Current fitted values

Underlying trend
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A simple GBM example

GBM results at iteration 1

1.2

0.8

0.6

0.4

0.2

16 17 18 19 20

== == Current residuals Underlying trend Current fitted values
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A simple GBM example

GBM results at iteration 1

1.2

0.8

0.6

0.4

0.2

16 17 18 19 20

== == Current residuals Model trained on current residuals Underlying trend Current fitted values
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A simple GBM example

GBM results at iteration 1

1.2

0.8

0.6

0.4

0.2

16 17 18 19 20

== == Current residuals Model trained on current residuals Incremental model update Underlying trend Current fitted values
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A simple GBM example

GBM results at iteration 2

A

0.8

0.6

0.4

0.2

== == Current residuals Model trained on current residuals Incremental model update

Underlying trend

Current fitted values
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A simple GBM example

GBM results at iteration 3

NED AT AN

0.8

0.6

0.4

0.2

== == Current residuals Model trained on current residuals Incremental model update

Underlying trend

Current fitted values
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A simple GBM example

GBM results at iteration 4

12 N e T

0.8

0.6

0.4

0.2

== == Current residuals Model trained on current residuals Incremental model update

Underlying trend

Current fitted values
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A simple GBM example

GBM results at iteration 5

1.2

0.8

0.6

0.4

0.2

== == Current residuals Model trained on current residuals Incremental model update

Underlying trend

Current fitted values
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A simple GBM example

GBM results at iteration 6

N NS FATE HA TR

Af%aﬂ\%

0.8
0.6
0.4

0.2

== == Current residuals Model trained on current residuals Incremental model update

Underlying trend

Current fitted values
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A simple GBM example

GBM results at iteration 7

N NS FATE HA TR

AN A SR HA S

0.8
0.6
0.4

0.2

== == Current residuals Model trained on current residuals Incremental model update

Underlying trend

Current fitted values
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A simple GBM example

GBM results at iteration 8

N NS FATE AT

0.8

0.6

0.4

0.2

)\fﬁi+)\f§i +)\§i +)\§i

== == Current residuals Model trained on current residuals Incremental model update

Underlying trend

Current fitted values
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A simple GBM example

GBM results at iteration 9

N NS FATE AT

A

0.8
0.6
0.4

0.2

NED NS AT AR

== == Current residuals Model trained on current residuals Incremental model update

Underlying trend

Current fitted values
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A simple GBM example

GBM results at iteration 10

N NI FAEE A
NI AN HAEE AN
At A

0.8

0.6

0.4

0.2

== == Current residuals Model trained on current residuals Incremental model update

Underlying trend Current fitted values
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A simple GBM example

GBM results at iteration 20

A=+ AR AT A
N I R R e
A AN AN ATt
e RN o Y D N S
A%+A%+A%ﬂ+)\§i

0.8

0.6

0.4

0.2

-0.2

-0.4

-0.6

== == Current residuals Model trained on current residuals Incremental model update

Underlying trend Current fitted values
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A simple GBM example

GBM results at iteration 30

AT A ATt
N+ AT AT AT

1
A b N PN H At
0.8 ez = =
e RN o Y D N S
0.6 )\%4')\%4')\%4')\ u'|'
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N NI
° 1 2 20
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-0.6
== == Current residuals Model trained on current residuals Incremental model update Underlying trend Current fitted values
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A simple GBM example

GBM results at iteration 40

1.2
: AR A NI NED
BB NS
+A%+A%+A%+A%
R Yo N A R N
06 FATEE AR AT AN
0.4
0.2
0
-0.2
-0.4
-0.6

== == Current residuals Model trained on current residuals Incremental model update

Underlying trend

AT+

Current fitted values
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A simple GBM example

GBM results at iteration 50

1.2
R N N R Nl Nt N N N
N NI AN AN NEDAATD AN D NI
AN AN AT A A A A AR
N A AT AN AR AN PN AT
AN N A AN A A A
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0.4 )\f%i+)\fﬁi+)\f$i@+)\fﬁi+m
NEZ AN
0.2 N
N
N\
o e NS, e ===
1 2 20
-0.2
-0.4
-0.6
== == Current residuals Model trained on current residuals Incremental model update Underlying trend Current fitted values
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A simple GBM example

GBM results at iteration 100
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Underlying trend
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A simple GBM example

GBM results at iteration 200
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A simple GBM example

GBM results at iteration 300
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A simple GBM example

GBM results at iteration 1,000
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Calibrating the assumptions

= n-fold cross validation used to develop the interaction depth and learning rate
assumptions

= Eg for 3-fold validation, split into 3, fit on purple, test on blue parts, take average

1 2

Fit Fit Test

Fit Test Fit

Test Fit Fit

= Resulting plots can be used to determine the optimal assumption choice
= Including how many trees to run
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What does a GBM look like?
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What does a GBM look like?




What does a GBM look like?







?

= Does it work
= How does it work?




GBM - value add

. Gini Gini JLossratio @ Lossratio|Loss ratio @ Lossratio
Model Gini . . .
improvement rank | elasticity 6 rank elasticity 2 rank
GLM (main factor removed)
GLM (minor factor removed) |0.322 -1.3% 3 -0.4% 3 -0.2% 3
GLM 0.327 0.0% 2 0.0% 2 0.0% 2
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Ensembles
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Adding an ensemble

. Gini Gini |Lossratio @ Lossratio|Lossratio @ Loss ratio
Model Gini . . -
improvement rank | elasticity 6 rank elasticity 2 rank
GLM (main factor removed)
GLM (minor factor removed) |0.322 -1.3% 4 -0.4% 4 -0.2% 4
GLM 0.327 0.0% 3 0.0% 3 0.0% 3
GBM 0.332 1.7% 2 2

Ensemble of GBM & GLM
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What about a modelled down GBM?

Model

GLM (main factor removed)
GLM (minor factor removed)

Gini

Gini

mprovement

Gini |Lossratio @ LossratiojLossratio @ Loss ratio
rank | elasticity 6 rank elasticity 2 rank

GLM

GLM fitted to GBM
GBM
Ensemble of GBM & GLM
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What about an automated GLM?
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What about an automated GLM?

Gini Gini |Lossratio @ LossratiojLoss ratio @ Loss ratio

Model Gini improvement rank | elasticity 6 rank elasticity 2 rank

GLM (main factor removed)
GLM (minor factor removed)

GLM

GLM fitted to GBM

GLM with "Auto Saddles"
GBM

Ensemble of GBM & GLM

N W OO
W OO
N W OO
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?

= Does it work
= How does it work?




AD Frequency

Partial Dependency Plot Partial Dependency Plot
xAge xAgo of

Partial dependency plots etc

Partial Dependency Plot - Age of Main Driver
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Predictive power

Interpretation

Table

Execution speed .
Implemen

Implementation
in modern
rating engines

© 2018 Willis Towers Watson. All rights reserved. Proprietary and Confidential. For Willis Towers Watson and Willis Towers Watson client use only. WillisTowers Watson L:i1"I'lLl 89



Predictive power

Table Table

i . Execution speed
Execution speed Implementation f Implementation

Analytical
Interpretation time and Interpretation
effort

Table Table

Execution speed A Execution speed A
Implementation Implementation

Analytical
time and Interpretation Interpretation
effort

Support
Vector
Machine

Neural
Networks

Execution speed

mplementation

Predictive power

Analytical
time and Interpretation Interpretation

effort
Random
Forests

Table
Implementation

Table

Execution speed
Implementation
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Machine Learning in Pricing
Conclusions

= There are many forms of ML models

= New data and feature/response engineering generally add more value than new methods
BUT we need to continuously explore which methods work on which problems

= Traditional measures of prediction value may not reflect applications in insurance

= And it's not all about predictive power anyway — other criteria are important

= GBMs can provide predictive lift benefits by capturing higher order effects ... BUT
= Can you cope with not seeing the model and instead use broad diagnostics
= Effortis required to expose/understand higher order effects in an expeditious manner
= How will business leaders and regulators respond to this method?
= Do you have the software and hardware to fit to large dataset
= Do you have a rating engine that can implement a GBM
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Machine learning in pricing
Conclusions

= Machine learning brings a proliferation of new methods

= |Improving models is more than just finding the best method. Consider:
= What data are available and how can data be transformed to give insight
= What is the optimal model structure and target variable?
= How can information be transferred between models?

= Earth is a fast, interpretable method that can improve overall lift by informing
when/where to segment models

= Neural networks are complex and require numerous input decisions; analyzing
unstructured data (e.g., imagery) is an intuitive application for this method ... but where
else may it be helpful?

= Penalized regression can aid in factor selection decisions and may in fact be a good
method in its own right — particularly when the modeler has less of a “feel” for the data

= Machine learning in pricing is not all about improving predictive power. Consider:

= Fast investigation of new data
= Quick assessment and response of emerging experience
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