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GIRO 2016, Dublin - Response to machine learning

Don’t panic! We’re doomed!




This is not all new

Actuaries adopt GLMs
First computer Trees CART Random forests
Neural nets GLMs GBMs

Deep Blue AlphaGo vs

vs Kasparov Lee Sedol

Insurance Canvention

Neural Networks v. GLMs G I R O 1 9 9 6

in pricing general insurance

22 NN opalogies

The mos common it o @ NN conss of a et g, one o ore
imemetie Fadder” ayers s a0 Ouput g The s of ¢ e et

Free software Data stream

Hyper scale

el NoSQL environments, and real-time
— sl databases languages, processing
s e 1 weedsam o s o4 tln .
R SR analytics supporting loT
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Warkshop to be presente] e et g o o s ok o e, ek

summary of different sigmoid finctions for different ievels of D is given below:

Julian Lowe (Chairman)|
Louise Pryor

. i e e % Distributed Data

. . o Integrated
Big Data storage/ visualisation envirognments
PR —— processing tools

anuw:mmmm%mmmlfﬁ:;nmﬂg‘nm Wlth Hadoop and SerVICeS
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There is a spectrum of complexity

“Vastly more GLM
risky than stepwise
North Korea” macro

Al comprehension  Bespoke image recognition  Speech analytics  Machine learning predive modelling

Full autonomous driving Object recognition Topic modelling Automated GLMs

Hard Not at all hard
Evolving Already in use

Requires significant expertise Existing teams can normally do this stuff
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Example machine learning methods

Ensemble Classifications g(;izl[?nnt K-Means
Methods Trees ting Clustering
Machines

Support Vector

: Elastic Net Neural Networks
Machines

Naive Bayes Random Forests

Regression Flees!

Trees

K-nearest Ridge
Neighbours Regression

Components
AEWSIS
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Example machine learning methods

Elastic Net

Ridge

Regression
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Multivariate adaptive regression splines (“Earth”

AD claim frequency

2123 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55 57 59 61 63 65 67 69 71 73 75 77 79 81 83 85
Age

AD claim frequency

AD claim frequency
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Age Age

AD claim frequency
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Age
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AD claim frequency

21232527 2931333537 3941434547 4951535557 5961636567 6971737577 79618385
Age




Penali Regression
enalised Regressio CLM  Lasso

Ridge

f(x) = g"(X.B) where B estimated by minimising  L(81X, ) + 44 z_lﬂil
l

+ /122 B
i

Elastic Net

Elastic Net

loss loss
2

-2

Parameter 2
IS
Parameter 2
b
Parameter 2

0.10 0.05 0.00 0.05 0.10 0.10 0.05 0.00 0.05 0.10
Parameter 1 Parameter 1
Heavily penalises large parameters, .
yp gep Mix of the two
but does not reduce parameters to zero
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Lasso };;|5;]

0.10 005 0.00 0.05 0.10

Parameter 1

loss
2

Penalty reduces insignificant parameter
values to zero - useful for variable selection



Penalised Regression

f(x) = g1(X.p) where B estimated by minimising

3
Fit

Fit

Fit

Fit

Fit Fit

Fit Fit Test

Fit Test Fit

Test Fit Fit

Holdout

Holdout

Holdout
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GLM

Lasso

Ridge

LB|X,y) +

1) 1B

1) B
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Fit

Test

Fit

Holdout

Fit

Fit
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Test

Fit
Fit
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Example machine learning methods

Ensemble Classifications

Methods Trees Sl

Support Vector

. Elastic Net Neural Networks
Machines

Principal
Components
Analysis

Regression
Trees
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Gradient
Boosting
Machines

K-Means
Clustering

Nailve Bayes Random Forests

K-nearest Ridge
Neighbours Regression
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Neural networks

x; = Age

x, = Vehicle group
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Neural networks - some assumptions required!

ne-hot encoding;
913 no‘%e nd\(;ators No dropout applied

er; 5
ully conp, o ? Zodes;

Minimijse Rgl&psr Zmium );

Adam

Traineq 1 0

OO
valldatlon an d ea ;;SS‘?ZZ?D?II,'OSS
g

Start at 0.001;
decay to 0 over model training

| - All ReLu
L4 penalty with ¢~ e

i iform
Randomly distributed — Glorot Unifor
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Example machine learning methods

Ensemble
Methods

Support Vector
Machines
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"Earth"

Elastic Net Neural Networks

Principal
Components
Analysis

K-Means
Clustering

Naive Bayes

K-nearest Ridge
Neighbours Regression
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Decision trees

Group

Y
Age < 407

N
Y N___
l

N

.
== =
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Random Forests

Y i N
Y N
|

Y N
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A random forest

N
fn(X)

n=1




Gradient Boosted Machine or “GBM”

Y i N
Y N
|

Y N
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Gradient Boosted Machine or “GBM”
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Gradient Boosted Machine or “GBM”

© 2018 Willis Towers Watson. All rights reserved.

validation error

0.635-

0.630-

0.625-

0.620-

100

Cross validation errors

Optimal model of
those considered

200

300
Mumber of trees

400

500
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Example machine learning methods

Ensemble Classifications

Methods Trees Sl

Support Vector

. Elastic Net Neural Networks
Machines

Principal
Components
Analysis

Regression
Trees
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Gradient
Boosting
Machines

K-Means
Clustering

Nailve Bayes Random Forests

K-nearest Ridge
Neighbours Regression
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Do they add value?

Ensemble Classifications g(;izl[?nnt K-Means
Methods Trees ting Clustering
Machines

Support Vector

: Elastic Net Neural Networks
Machines

Naive Bayes Random Forests

Regression Flees!

Trees

K-nearest Ridge
Neighbours Regression

Components
AEWSIS
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Dimensions of utility

© 2018 Willis Towers Watson. All rights reserved.

Analytical
time and
effort

Execution speed

Predictive power

Interpretation

Implementation
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Dimensions of utility

Predictive power

© 2018 Willis Towers Watson. All rights reserved.

Data Gain Curve

0
Cumulative Weight(%)

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

Add 74% billion

= ...and you get the
same Gini coefficient!
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Dimensions of utility

Predictive power

© 2018 Willis Towers Watson. All rights reserved.

RMS Error

GLM 34.7%
Neural Net 33.1%
GBM 31.0%
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Dimensions of utility

6.4%
Predictive power

5.9%

()

0

c
S 5.4%

o

Method «
4.9%
4.4%
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Dimensions of utility

Predictive powe

Method
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Differences in Model Predictions

Compare dfferences
Compare predictions

GBM Lasso Tree Random Forest

MAE (ML |RMSE Gni lossRatiof|lossRato2 | |MAE |MLL |RMSE Gni |lossRatio6 |LossRatio? | [MAE MLL |RMSE |Gni |lossRatio6 lossRastio2 MAE |MLL | RMSE |Gni | Loss Ratio 6 Loss Ratio 2

0.1116| 0.1647| 02453|02426| -2076%  -1420%| | 0.1124|0.1648| 02454| 02405 -1.253%| 0376%| | 0.1145| 0.1662| 02459| 02134  0000%  -0936%| 0.1146| 0.1658| 02458 02229| -2445%| -3792%

8,000 8,000 8,000 8,000

6,000 6,000 6,000 6,000

4,000 4,000 4,000 4,000

2,000 2,000 2,000 2,000
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0% 20% 40% 60% 80% 100% 0% 20% 40% 60% B0% 100% 0% 20% 40% 60% 80% 100% 0% 20% 40% 60% 80% 100%
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N )\,._. e J— 11 4,000 01
0+ 5000 005 0044~ 2000 005
0.05 0 0 [ 002 0 0
05(LE) 0.7<-075 0.95<-1 12<-125145<-15 05(LE) 07<-0.75 0.95<-1 12<-125145<-15 05(LE) 0.7<-075 0.95<-1 12<-1251.45<-15 05(LE) 07<-0.75 095<-1 12<-125145<15
GBM vs GLM Lasso vs GLM Tree vs GLM RF vs GLM
025 20000 02 30000 025
02 ;| 02
15000 015 7
015 | F 2000 g45
P 10000 01 A
110,000
005 5000 005 005
05

0
0-0.01 0.1<0.11  02<021 03(GT)
005<-0.06 015<-0.16 025<-0.26

GBM Prediction

o 0
0-0.01 01<0.11  02<021 03(GT)

0.05<-0.06 015<-0.16 025<-026
Lasso Prediction

0.05<0.06 015<-016 0.25<-0.26
Tree Prediction

0
0-0.01 0.1<0.11  02<021 03(GT)

0 0
0-001 0.1<-0.11  02<-021 03(GT)
0.05<-0.06 0.15<-0.16 025<-026

RF Prediction

Loss ratio improvement 3.1%!
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Dimensions of utility

Interpretation r.};:4r_é;£;<:£_g;;%—}:h - ‘;f_f::::iz;i};;{—:%—;% P s
Method ::—f,':-—:rf;i‘i*:::{%—*"“:’—‘fz ::ii::{;:jii»?f?ij:**fﬁ S ;—“:}?* =
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Dimensions of utility

Partial Dependency Plot
Age of Main Driver x Age of Y Additional Driver (full intaraction)

Partial Dependency Plot
Age of Main Driver x Age of Youngest Additional Driver (marginal interaction)

Partial Dependency Plot
Vehicle Age x Vehicle Group (full interaction)

Partial Dependency Plot

Vehicle Age x Vehicle Group (marginal interaction)

Interpretation

Method

12 28
-29
-3
1.1
S =31
20
\\
==
1.0 = :
= e
= i
S o
20 40 60
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Dimensions of utility
= How much do you need to understand?

= How much would you normally understand? (eg vehicle classification)
= Cost of error? (eg marketing)

= Regulatory requirements

= Professional standards

= “Comfort diagnostics”

Interpretation

N

“Comfort

Diagnostics”

/

Pre/post

adjustments
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Dimensions of utility

© 2018 Willis Towers Watson. All rights reserved.

Implementation

Analytical
environment

Next generation
rating engine

Policy administration
system
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Dimensions of utility

Analytical
time and
effort

© 2018 Willis Towers Watson. All rights reserved.
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A toolkit...

time and
effort

Execution speed

Predictive power

Analytical
time and Interpretation
effort

Analytical

time and Interpretation
effO rt Execution speed TEHR

Implementation

Predictive power

Method

Neural
Networks

Execution speed Implementation Execution speed

Predictive power

Analytical
time and Interpretation
effort

Table
Implementation

Execution speed

© 2018 Willis Towers Watson. All rights reserved.

Implementation

Analytical
time and
effort

Execution speed

Execution speed

Predictive power

Interpretation

Table
Implementation

Predictive power

time and
effort

Support
Vector
Machine

Implementation

Predictive power

Random
Forests

32



That is already in use...

2017 US market survey
For which business applications do you use or plan to use these methods?

Predictive power

Underwriting/Pricing Claims Marketing
e and | Ceneraleedinear molels — o N v o
time and Interpretation (GLMs)
effort
one-way analyses | 5% I san I s
Decision trees [N ss S sa [ X
Method ’
Model combining methods o 27
(e.g., stacking, blending) - 41% _ 35% - (
Gradient boosting machines o o
| . ochines I 37%  EY . oo
Execution speed Implementation
Random forest (RF) | 41% B 5% I 36%
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Penalized regression
methods (e.g., lasso, ridge,
elastic net)

Neural networks

Generalized additive
models (GAMs)

Support vector machines

I a1
B s
sy
B 20%

B z0%
e
| pEA
B 0%

B o
B 2a%
B 2w

B 2%

Willis Towers Watson Predictive Modeling Survey 2017
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That spectrum of complexity

Al comprehension  Bespoke image recognition

Speech analytics

Full autonomous driving Object recognition

This end could be
interesting...

© 2018 Willis Towers Watson. All rights reserved.

Machine learning predive modelling

Topic modelling Automated GLMs
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1_Ferrari jpg

ferrari 24.15 %
nissan 13.55 %
jaguar 10.12 %
mclaren 7.32 %
ford 6.14 %
Elapsed: 2968

5 _Tesla jpg

tesla 20.04 %
porsche 18.24 %
jaguar 8.88 %
lamborghini 6.47 %
honda 5.27 %
Elapsed: 1359
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2 _Ford jpg

ford 79.46 %
dodge 6.30 %
chevrolet 5.08 %
am2.15 %

gmc 1.81 %
Elapsed: 1422

6_Ford jpg

ford 22 99 %
honda 21.39 %
suzuki 10.98 %
hyundai 9.37 %
cadillac 8.37 %
Elapsed: 1390

3_LandRover jpg 4_Mini jpg

land 64 69 % mini 68.86 %
jeep 21.45 % chrysler 7.02 %
mazda 473 % spyker 5.95 %
am 1.89 % bmw 5.16 %
toyota 0.84 % aston 3.39 %

Elapsed: 1391 Elapsed: 1390

8_LandRover jpg

7_Minijpg

land 63.36 %
mini 64.58 % audi 6.88 %
chrysler 15.28 % volvo 6.02 %
buick 2.64 % bmw 6.01 %
infiniti 2.01 % bentley 4 64 %
ford 1.94 % Elapsed: 1375

Elapsed: 1500

09 Volkswagen jpg

volkswagen 21.89 %

suzuki 12.35 %
acura 9.27 %
gme 7.50 %
cadillac 7.09 %
Elapsed: 1406

10_Mitsubishi.jpg

mitsubishi 33.07 %
chrysler 13.51 %
toyota 12.34 %
acura 7.06 %

buick 5.92 %
Elapsed: 1406
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Machine learning is already in use

Actuaries are already involved

It's not just about methods

Working out what to model matters -
Data beats factor engineering beats models

Evolution not revolution

It's not just about predictiveness

Models are complementary
A broader set of problems can be analysed to existing methods

- rapid basic insight adds value
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Issues for the Profession(s)

Role of the actuary

Domain expertise matters (at least currently)

Easier for an actuary to pick up machine learning
than for a data scientist to understand insurance?

Siloed teams don’t work
Familiarity and the right vernacular can help

Scope of involvement?
Pricing v Reserving v Claims analytics v/
Customer management ? Marketing ?7??

© 2018 Willis Towers Watson. All rights reserved.

Training

A generation less familiar with stats?
CAS, SOA ahead? (eg CSPA)
GIRO too big now to help?

IFOA on the case, but fast enough?
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