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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Insurance has always been a data business

* The industry has successfully used data in pricing thanks
to
e Decades of experience
* Highly trained resources: actuaries!
* Increasing computing power

 More recently, innovative players in mature markets
started to make use of data for other areas such as
marketing, fraud detection, claims management, service
providers management, etc...
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
New users of predictive modelling are ...

==

Challenges faced

e Shorter experience (most
started in the last 10 years).

* No actuaries

O Internet
O Retail

O Telecommunications =
0 Accommodation

o * Data with
O Aviation and transport e large number of rows
o .. — e thousands of variables
e text

Solution found : Machine Learning
e traditional regression techniques (OLS or GLMs) were
replaced by more versatile non parametric techniques
e and/or human input was replaced by tuning parameters
optimized by the Machine
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Spam detection or how to deal with thousands of
variables

Emails text are converted into
document-term matrix with
thousands of columns...

One simple way to detect spam is
to replace GLMs by regularized
GLMs which are GLMs where a
penalty parameter is introduced in
the loss function.

This allows to automatically
restrict the features space, while
in traditional GLMs, selection of
most relevant predictors is
performed manually.
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
The penalty effect in a regularized GLM

Whilst fitting Regularized GLMs, you introduce a penalty in
the loss function (the deviance) to minimize. The penalty is

defined as "Z (a2 + )8;]).
alpha=1is the lasso penalty, and alpha=0 the ridge penalty

e

"o fficients META L ,-‘ 3. A verti e i = .:tﬁ,.
?u value hoar.u CTO8S-1) Id “ompare Figure 5.8 on e 68; the Iassu . .
profiles J t sevo, e:,y! those for 49 o :’:‘I ghfm grofiles urrp;gwc s isg ! " FIGU]:{E 3.8. Profiles of ﬂdge coeﬁic?enta Jor the prostale cancer ezample, a8
and a0 are computed only af the points displayed: see Section 3.4.4 for d the tuning parameter X is varied. Coefficients are plotted versus df(X), the effective
X de_qneea of freedom. A wertical line is drawn of df = 5.0, the value chosen by

ss-validation.
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Analytics which are now part of our day-to-day
vocabulary

GO\)S

Malaysia

Google Search I'm Feeling Lucky

Google.com.my offered in: Bahasa Malaysia
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Analytics which make us buy more

Frequently Bought Together

Price For All Three: $63.97
(k2 Add all three to Cart | | Add all three to Wish List |

Show availability and shipping details

M This item: My Neighbor Totoro ~ Mark Henley DVD $19.99
M Kiki's Delivery Service ~ Kirsten Dunst DVD $19.99
ESpirited Away ~ Hayao Miyazaki DVD $23.99

e Amazon revolutionized electronic commerce with “People who viewed this
item also viewed ...,”
O By suggesting things customers are likely to want, Amazon customers
make two or more purchases instead of a single purchase.

* Netflix does something similar in their online movie business.
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Analytics which help us connect with others

Groups You May Like

ACTUARY Actuary Network - The #1 Group for Actuaries Similar groups »
#1 network for actuaries. Connect with people interested in applied mathematics, risk,
Network modeling, statistics, derivatives, analytics. Open to professionals in actuarial sclence, Join Group
students interested in the actuary career or jobs, insurance, reinsurance, finance, and
health care.

Yesterday's Activity: Discussions (5) Jabs (6)
Owner: Miles Jennings | 10,255 members | Share

Global Insurance Professionals Similar groups »
Life Insurance, General Insurance, Property & Casualty, Health Insurance, Annuity,
Pensions Professionals across the globe. Actuary, Re-Insurance, Underwriter, Policy Join Group

Servicing, Claims. Financial, Banking Professionals also welcome to Join.
Yesterday's Activity: Discussions (2) Jobs (3)
Owner: Kumar Utpal | 28,910 members | Share

@ Reinsurance Insurance Professionals Worldwide similar groups »
The purpose of the group is to bring Reinsurance and Insurance professionals together on
@/ Linkedin. People with experience in this business will be allowed to join this Group. Join Group

Yesterday's Activity: Discussions (1) Jabs (7)
Owner: Didier Masse | TS | 13,982 members | Share

& Actuary ISFA Alumni Similar groups »

Actuary ISFA, student of Ecole ISFA. Actuary

Owner: Pierre Therond | 317 members | Share Join Group

@ Actuarial Networking Group Similar groups »
n The Actuarial Networking Group was created to enhance professional networking amongst

-actuaries on LinkedIn. If you are currently an actuary or actuarial student you are Join Group

‘encouraged to join. This global group represents every specialization in the actuarial
profession. No recruiters please

Yesterday's Actlvity: Discussions (1)
Owner: Mark Tindle | 4,547 members | Share

Li n ked I n u Ses 8 Society of Actuaries Similar groups »

SOA The Society of Actuaries (SOA) is the largest pi nal actuarial
to serving over 22,000 members, candidates and the public in the U.S., Canada and Join Group

o V24 worldwide. Its vision Is for actuaries to be the leading professionals in the measurement
[ e O p e O u ay n OW and management of risk.
Yesterday's Activity: Discussions (1) Jobs (13)
Owner: Lisamarie Lukas | 7,039 members | Share
" G H ”

. roup You May Like

@ Insurance Actuarial Forum and Career Center Similar groups »
. This is a group for insurance professionals and actuaries to discuss current issues in the
t h A o industry and stay up to date about opportunities in the actuarial field, Actuary, fellow Join Group
O e p yo u CO n n e C WI O e rs JAssociate FCAS ACAS,ASA,FSA (no recruiters please)

Yesterday's Activity: Discussions (2)
Owner: JR Glpson | 867 members | Share

& European Actuaries Similar groups »
A group opened to any European Actuary. English speaking only please. Get to know
-each other, you can network, debate any kind of subject, showing and comparing your Join Group

different approaches This group is yours:
Owner: Damien Bernard | 643 members | Share
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Analytics which remember our closest ones

Face recognition from images g

(Artificial example) |
Camera Preprocess
image (remove background)

Eyes segmentation

[Face detection Nose segmentation Logistic regression ]—> Label
N
Mouth
segmentation

From the free Machine Learning course @ ml-class.org by Andrew Ng

wfl - Uk H . .
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
High value from data is yet to be captured

McKinsey Global Institute

Research - People In the news Contact us

Heport

Big data: The next frontier for innovation,
competltlon and productlwty

May. 2011 | by James Manyika, Michael Chui, Brad Brown, Jacg ques Bugh hard Dobbs, Charles Roxburgh, Angela Hung Byers
Contributi ng F'r act ccs singss T:-:r .~:.|:.:-_-
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Two types of contributors to the predictive modelling field

From Statistical modelling, the two cultures by Breiman (2001)

STATISTICIANS COMPUTER SCIENTISTS
The Data Modelling Culture The Machine Learning Culture
oLS Y «—| unknown e X
GLMs
Y «— GAMs — X RegUIarized(J
GLC'\Q)':/'S GLMs,
Neural nets,
Model validation. goodness-of-fit tests and Decision
trees,...

residual examination
Model validation. Measured by predictive

Provide more insight about how nature is

. . , accuracy
associating the response variables to the input
\éana-l]?lehs. del Iati ¢ Sometimes considered as black box (unfairly for
hUt' It Ie mo eb|s a;;oor Emu aF'Ohn 0 nal’;ure, some techniques), they often produce higher
the conclusions based on this insight may be predictive power with less modelling efforts
wrong !
“all models are wrong, some are useful.” — George Box
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Actuarial modelling: a hybrid and practical approach

e  Whilst fitting models, actuaries have 2 goals in mind: prediction
and information.

e We use GLMs to keep things simple but when it is necessary we
have learnt to

e Use GAMs and GEEs to relax some of GLMs assumptions (linearity,
independence)

e Don’tfully rely on GLMs goodness-of-fit tests and test predictive
power on cross-validation datasets

e Use GLMMs to evaluate credibility estimates for categories with
little statistical material

e Use PCA or regularized regression to handle with data with high
dimensionality

* Integrate Machine Learning techniques insights to improve GLMs
predictive power
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Interactions: the ugly side of GLMs

e Two risk factors are said to interact when the effect of one factor
varies depending on the levels of the other factor

e Latitude and longitude typically interact
e Gender and age are also known to interact in Longevity or
Motor insurance...

e Unfortunately, GLM models do not automatically account for
interactions although they can incorporate them.

e How smart actuaries detect potential interactions?

* |uck, intuition, descriptive analysis, experience, market
practices help...

e Machine Learning techniques based on decision trees
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Decision trees are known to detect interactions

High 17%
Low 83%
Is BP >91?
Yes No ..but usually have
, : lower predictive
High 70% High 12%
Low 30% Low 88% power than GLMs

Classified as high 1risl<!Y [s age <= 62.57

e o

------

High 2% High 23%
Low 98% Low 77%
Classified as low risk! v Is ST presg&
es o
High 50% High 11%
Low 50% Low 89%

Classified as low risk!
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Random Forest will provide you with hlgher predlctlve

.. but less interpretability

W cF Oy

oy Y
A Random Forest is:

e acollection of weak and independent decision trees such that
each tree has been trained on a bootstrapped dataset with a
random selection of predictors (think about the wisdom of
crowds)
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Boosted Regression Trees or learn step by step slowly

e BRTSs (also called Gradient Boosting Machine) use boosting
and decision trees techniques:

 The boosting algorithm gradually increases emphasis on poorly
modelled observations. It minimizes a loss function (the
deviance, as in GLMs) by adding, at each step, a new simple
tree whose focus is only on the residuals

e The contributions of each tree are shrunk by setting a learning
rate very small (and < 1) to give more stable fitted values for
the final model

e To further improve predictive performance, the process uses
random subsets of data to fit each new tree (bagging).
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
The Gradient Boosting Machine algorithm

1. Initialize fo(z) = argmin, Z:’_l L(y:, 7).

Developed by Friedman
2. For m =1 to M:

(a) For i =1,2,..., N compute (2001) Who eXtended the
o {BL(yi,f(mi))] work of Friedman, Hastie,
im = T B . . . .
@) Lt and Tibshirani (2000), 3
(b) 21::: ;eirel,?:szit)? Fff:o the targets ry, giving terminal regions p r Of eSSors fr om St an f or d
(C) For j =1,2,...,Jy compute Who are aISO the
v = orgmin ), Ly frmi(2) ). developers of Regularized
(d) Update fin(2) = fn-1(2) + 537, YimI(z € Rim). GLMs, GAMs and many
3. Output f(z) = fur(z). others!!!
P A, —— e . . . . .
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Why do | love BRTs?

BRTs can be fitted to a variety of response types (Gaussian,
Poisson, Binomial)

BRTs best fit (interactions included) is automatically detected by
the machine

BRTs learn non-linear functions without the need to specify them

BRT outputs have some GLM flavour and provide insight on the
relationship between the response and the predictors

BRTs avoid doing much data cleaning because of their
e ability to accommodate missing values

* immunity to monotone transformations of predictors, extreme
outliers and irrelevant predictors
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Links to BRTs areas of application

B

Orange’s churn, up-, and cross-sell at 2009 KDD Cup
http://jmlr.csail.mit.edu/proceedings/papers/v7/miller09/miller09.pdf
orange 7.
Yahoo Learning to Rank Challenge

http://imlr.csail.mit.edu/proceedings/papers/v14/chapellella/chapell

LEARNING TO RANK

CHALLENGE " vwie2!

ella.pdf
Patients most likely to be admitted to hospital - Health Heritage Prize
v HermAaE proVIDER NETWORK Only available to Kaggle’s competitors
Improve Healthcare,
Win $3,000,000.
Francis Analytics
Acruarial Dara Mining Services

Fraud detection in

http://www.data-
mines.com/Resources/Papers/Fraud%20Comparison.pdf
. Fish species richness
R http://www.stanford.edu/~hastie/Papers/leathwick%20et%20al%202
S 006%20MEPS%20.pdf
N3
RBCH

Motor insurance
http://dl.acm.org/citation.cfm?id=2064113.2064457

------
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
A practical example

Objective: model the relationship between settlement delay, injury
severity, legal representation and the finalized claim amount

Settled amount $10-$4,490,000

5 injury codes (inj1, inj2,...inj5) 1 (noinjury), 2, 3, 4, 5, 6 (fatal), 9 (not recorded)

Accident month Coded 1 (7/89) through to 120 (6/99)
Reporting month Coded as accident

Finalization month Coded as accident

Operation time The settlement delay percentile rank (0-100)
Legal representation 0(no), 1 (yes)

22 036 settled personal injury insurance claims from accidents occurring
from 7/1989 through to 1/1999.

& I-‘ . . .
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Why this dataset?

e |s publicly available:
e it was featured in the book by de Jong & Heller (GLMs for
insurance data). It can be downloaded at
http://www.afas.mqg.edu.au/research/books/glms for insu

rance data/data sets

e |sinsurance related with highly skewed claims size .wuown

* Presence of interactions

== APACA“ Joint IACA, IAAHS and PBSS Colloquium in Hong Kong
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Software used

* Entire analysis is done in ([

e Ris a free software environment which provides a wide
variety of statistical and graphical techniques.

* |t has gained exponential popularity both in the business and
academic worlds

* You can download it for free @ www.r-project.org/

e 2 add-on packages (also freely available) were used

e To train GAMs: Wood’s package mgcv.

e To train BRTs: dismo, a package which facilitates the use of
BRTs in R. It calls Ridgeway’s package (gbm) which could also
have been used to train the model but provides less
diagnostic reports.
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Assessing model performance

We assess model predictive performance using

1 2 3 4 5

e independent data (cross-validation) Tein | Trin | Test | Tain Train

e Partitioning the data into separate training and testing subsets
e Claims settled before 98 / Claims settled in 98 and 99
e 5-fold cross-validation of the training set
e Randomly divided training data into 5 subsets
 Make 5 different training sets each comprising a unique
combination of 4 subsets.

Distribution Deviance A

e the deviance metric: which measures how ™™ o Ll =
much the predicted values differ from the
observations for skewed data (the deviance o  axr{on()u2)
is also the loss function minimized whilst s
fitting GLMs).
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
A few data manipulation

e To convert the injury codes into ordinal factors, we:
e recoded the injury level 9into 0
e and set missing values (for inj2,...inj5) at 0

e Other transformations:
e We capped inj2,...and inj5 at 3 (too low statistical material for
higher values).
* We computed the reporting delay and the log of the claim
amounts

 We split the data in a training set and a testing set:
e Claims settled before 98
e Claims settled in 98 and 99

 We also formed 5 random subsets of the training set to perform 5
fold cross validations
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
GLM trained

GLM <- glm(total ~ op_time + factor(legrep) + rep_delay+
+ factor(inj1)+ factor(inj2)+ factor(inj3)+ factor(inj4)+factor(inj5),
family=Gamma(link="log"), data=training)

Very simple GLM

* No non-linear relationship except for the one introduced by the log link
function

* No interactions

= dropl(GLM,test="Chisq")

Single term deletions 3 £ E) =
= — g ) 5
Model: ? - % . : 3 v % _ g - % N g8 ° % —_—
total ~ op_time + factor{legrep) + rep_delay + +factor(injl) + 2 pues e - T—— 5§ - J= B
factor{inj2) + factor{inj3) + factor{inj4) + factor{inj5) rti T T T T '—: T T g T T T 1T '_é’ T T T T 171
Df Dewviance AIC scaled dev. Pr{=Chi) o 0 20 60 100 & 0 1 o 0 20 40 60 80 o 0 2 4 6
snones 11968 258475 ) & -
op_time 1 16584 261428 2054.01 < 2.2e-16 *** op_time legrep rep_delay init
factor(legrep) 1 12179 258613 139.91 = 2.2e-16 ***
rep_dela 1 12231 258647 173.27 = 2.2e-16
factor(injl) [ 12807 259005 541.31 < 2.2e-16 *** o = ?E [}
factor(inj2) 3 12999 258558 BR.73 « 2.2e-1b *** =4 =4 T =4
factor{inj3) 3 11994 258491 21.99 6.842e-D5 *** E - - E - _ E, - I E’ - ===
factor(inj4) 3 11987 258486 17.18 9.0006497 **+ 5 - i 5 - % - - 5 - % - 5 - %—_
factor(inj5) 3 11991 258489 19.63 2.0002022 *** T ' T ' z T T T
- g 0o 1 2 3 g 01 2 3 I 01 2 3 g 01 2 3
Signif. codes: @ "¥**' Q.001 '**' 9,81 '*' 9,05 "." @1 ' ' 1
! j2 j3 inj4 5
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
BRT trained

Same predictors Ias for the GLM / Log of claim amounts

library(dismo)
BRT<-gbm.step(data=training, gbm.x=c(2:7,11,14), gbm.y=12,
family="gaussian", tree.complexity=5, learning.rate=0.005)

Size of individual trees (usually 3 to 5) ) ) )
Lower (slower) is better but computationally expensive.

Usually between 0.005 to 0.1)
Note that a 3" tuning parameter is sometimes required: the number of trees.
In our case, the gbm.step routine computes the optimal number of trees
(2900) automatically using 10 fold cross validation.

Predictors influence 2-ways interaction ranking
var rel.inf > BRT1.int<-gbm.interactions(BRT1)
1 op_time 72.8@55729 gbm.interactions - wversion 2.9
2 legrep 8.6706023 Cross tobuloting interactions for gbm model with 8 predictors
3 injl 6.9156579 1 2 3 45 6 7
4 rep_delay 4.8468959 > BRT1.intSrank.list
5 inj2 3.9627580 varl.index varl.names vard.index vard.names int.size
= inj3 1.675@397 1 7 op_time 6 legrep  121.54
7 inj4 1.0345151 2 & rep_delay 7 op_time 79.12
8 inj5 ©.8897552 3 8 rep_delay 6 legrep 38.51

3 g&':: @E} @‘?; -AHQCAE Joint IACA, IAAHS and PBSS Colloquium in Hong Kong
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
BRT’s Partial dependence plots

0 20 40 60 80 100 ] 1 a 1 2 3 4 5 [

Non-linear

relationship
detected ]
automatically®

fitted

fitted functio
10
i I N N
fitted function
10 1
IS S (N —

op_time (T2%) legrep (8.7%) inj1 (6.9%)

oy [y
E - ‘?z 5 : E w :

i} 20 40 B0 B0 0?0 DTE 1?0 1?5 2?0 2?5 3.[0 UTU 0!5 1?0 1.[5 2?0 st 3?0

rep_delay (4.8%) nj2 (4%) inj3 (1.7%)
= represent the effect of each

¢l 1 .1 ———| predictor after accounting
i i for the effects of the other

0.0 0.5 1.0 1.5 20 25 30 a0 05 1.0 15 20 2?5 3?0 p red iCto rs

inj4 (1%) inf5 (0.9%)
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Plot of interactions fitted by BRT
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
GLM trained with BRT’s insight

GLM2 <- glm(total ~ (op_time + factor(legrep) + fast)*2 +
op_time*factor(legrep)*fast + rep_delay+ factor(inj1)+ factor(inj2)+
factor(inj3)+ factor(inj4)+factor(inj5), family=Gamma(link="log"),
data=training)

 Non linear relationship and interaction are introduced (as did de Jong and
Heller) to model the non linear effect of op_time and its interaction with
legrep

 We identified fast claims settlement (op_time<=5) with a dummy
variable“fast”
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING

Incorporate interactions & non-linear relationship with
GAMs

e Generalized Additive Models (GAMs) use the basic ideas of
Generalized Linear Models

e While in GLMs g(n) is a linear combination of predictors,

o g(u)=g(E[Y])=a+P X +B,X, +...+B Xy
e Y|[{X}~ exponential family

* in GAMs the linear predictor can also contain one or more
functions of covariates ]

o g(K) =B-X+1iX)) + f,(X;) +f3(X3,X4)+...

* Torepresent the functions f, use of cubic splines is
common

e To avoid over-fitting, a penalized Maximum Likelihood
(ML) is minimized.

 The optimal penalty parameter is automatically
obtained via cross-validation
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
GAM trained with BRT insight

GAM <- gam(total ~ (op_time + factor(legrep) + fast)*2
+ op_time*factor(legrep)*fast
+ te(op_time,rep_delay,bs="cs") + factor(inj1)
+ factor(inj2)+ factor(inj3)+ factor(inj4)+factor(inj5) ,
/ family=Gamma(link="log"), data=training, gamma=1.4)

—

* The GAM framework allows us to incorporate an additional interaction
between op_time and rep_delay which could not have been easily
introduced in the GLM framework linear predictor
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Transformation of BRTs predictions

e Exp(BRTs’s predictions) provides us only
with the expected median of the claims
size as function of the predictors

e To relate the median with the mean and
get predictions of the mean (and not the
median), we trained a GAM to model the
claims size with:

e BRTSs fitted values as the predictor
e aGamma error and a log link

e Another transformation would have consisted of adding variance of
the log transformed claim amounts /2

e Generally doesn’t provide good prediction as variance unlikely
to be constant and should be modelled as function of model
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
5 fold cross validations

Lower GLM holdout GA deviance = 1.023 Interactions
Gamma BRT1 holdout GA deviance  =1.011 / matter!
deviance GLM?2 holdout GA deviance =1.001

is better GAM holdout GA deviance =1.001

We see here that

- incorporating an interaction between op_time and legrep
improves significantly the GLM’s fit

- a more complex model (GAM) doesn’t improve predictive
accuracy and then we are better off keeping things simple.

- to further improve accuracy, we could simply blend GLM and
BRT predictions

Blends:
GLM+BRT1 holdout GA deviance =1.002
GLM2+BRT1 holdout GA deviance =0.993
GLM2+GAM holdout GA deviance =0.999
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Plot of deviance errors against 5cv predicted values

gamma deviance errors vs predicted gamma deviance errors vs predicted
GLM BRT1
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Predictions for 1998 and 1999

GLM holdout GA deviance =1.03 _ ]
BRT1 holdout GA deviance = 0.993 """ This omits however

GLM2 holdout GA deviance =0.996 the inflation effect.

To model inflation, we trained the residuals of our previous models as
function of the settlement month and used it to predict the in(de)flation in

98/99.
o After accounting for deflation
' e GLM holdout GA deviance =0.927
BRT1 holdout GA deviance = 0.926
/ GLM?2 holdout GA deviance =0.906
j o — BRT1 + GLM2 holdout GA deviance =0.894
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BOOSTED REGRESSION TREES: A MODERN WAY TO
ENHANCE ACTUARIAL MODELLING
Lessons from this example

1. Make everything as simple as possible but not simpler (Einstein)
* Interactions matter! Omitting them can result in a loss of predictive
accuracy
2. Parametric models work better in presence of small datasets
e But the challenge is to incorporate the right model structure

3. Machine Learning techniques are not all black boxes and can provide
useful insights

4. Predictions need to be adjusted to account for future trends and this
is true whatever the technique used

5. Blends of different techniques usually improve accuracy
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