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R Background

R is an open-source, object-oriented statistical programming language

e History:
— R is based on the S statistical programming language developed by
John Chambers at Bell labs in the 1980’s
— The commercial package S-plus is based on the S language
— R is an open-source implementation of the S language
— Developed by Robert Gentlemen and Ross Inhaka in New Zealand

e Features:
— R is a high-level, object-oriented programming environment
— R has advanced graphical capabilities

— Statisticians around the world contribute add-on packages...
therefore:

“The great beauty of E is that you can modify it to do all sorts of things,” said Hal Varian,
chief economist at Google, “And you have a lot of prepackaged stuff that's already

available, so you're standing on the shoulders of giants.”
Copyright © 2010 Deloitte Development LLC. All rights reserved.



R Evolution

S is the original
language

e S-plus is a commercial
implementation of S

e R is an open-source
iImplementation of S

e R is very similar to,
but not identical with,
other implementations
of S

Copyright © 2010 Deloitte Development LLC. All rights reserved.
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Facets of R

e |In a recent article John Chambers discussed 6 “Facets of R”
1. An interface to computational procedures of many kinds

Interactive, hands-on in real time

Functional in its model of programming

Object-oriented, “everything is an object”

Modular, built from standardized pieces

Collaborative, a world-wide, open-source effort

A

e Interactive interface: Chambers was influenced by APL
— One of the rare interactive scientific computing environments
— Gives user ability to express novel computations
— Heavy emphasis on matrices and arrays
— But: unlike R, APL had no interface to procedures

e In the days before spreadsheets, APL was very popular in the
actuarial community

“Facets of R”, John M. Chambers, The R Journal Vol. 1/1, May 2009

Copyright © 2010 Deloitte Development LLC. All rights reserved.



Modular and Collaborative: A Network ExteRnality

. . R Wersion
e Hal Varian’s “giant” has grown at mte m®oas - 8o vte o
an exponential rate. -
p 1400 — /./' C jé%g
1200 //
1000 O giﬁlﬁllil
e The open-source nature of R has 800 -
encouraged top researchers from § o0 - g -
around the world to contribute d 500 1 i
new, often highly advanced, g 4o /,/” [ %
packages. § 1 pd o7
= 200 // — 219
e Result: a powerful “network // -
7 » — 129
effect”. - g | 1o
— The value of a product increases as f'r, é é ;; é é é ;'IE z'e é é é o ;-'.=
R 5o EEEIE N A a aA =

e R has become something like the

Wikipedia of the statistics world. ~ |8 1 The number of X packages on CRAN

has grown exponentially since R version 1.3 in
2001. Source of Data: https://svn.r-project.org/
R/branches/.
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Growing interest in R

A CASUALTY
i ACTUARIAL
SOCIETY

e August 2006
Limited Attendance Seminar on Predictive

Modeling

August 15-16, 2006
Chicago, Illinois

@ The Limited Attendance Seminar on Predictive Modeling is now full. No additional registrations
will be taken at this time. Thank veu for vour mterest.

PURPOSE

This two-day limited attendance senunar 15 designed to mmpart an understanding of predictive modeling
applications m insurance. Examples of personal lines ratemaking and commercial lines underwnting
applications will be coverad m detz] n2ing ammlated datz. The seminar format will be & muxture of
lecture, demonstration, and hands-on exercises. Pre-assignments will be given to the participants to
familiarize them with some of the concepts to be covered. Datasets that will be used durning the semmar

will alse be provided.

The semumar will cover both theorstical and practical aspects of msurance predictive modeling. Topics to
be coverad will nclude:

» Data serubbing and mampulation

» Nodeling methodologies

» Model vahdanon

» Interpreting and an

e statistical software that will be used during the seminar 13 the widely used, freely available
sharewars package "B". Prior to the semuinar, students will be provided with instruetions on how to
mstall and nse B Participants are expected to bring their own laptop to the senunar with the B softwar
matalled.

The msmuctors are James Guszeza, Ph D, FUAS, and Jun T an, Fh.D. Both metmctors are members of
Deleitte Consulting LLP's Advanced Quantitative Services group.

Copyright © 2010 Deloitte Development LLC. All rights reserved.



Growing interest in R

e November 2006

http://www.casact.org/newslette
r/index.cfm?fa=viewart&id=5

311
CLICK HERE TO DOWHLODAD A .PDF VERSION OF THIS NEWSLETTER.

"Actuarial e Review

RETURN TO MAIN PAGE

< The R Programming Language—My “Go To”

Computational Software
Glenn Meyers

Wy mwveolvement in a number of predictive modeling projects in the past few vears has given me
the opportumty to works with professional statisticians. These statisticians mtroduced me to
something that I believe will be useful to many actuaries.

The E. programming language 15 a software enmronment for statistical computing and graphics. E
15 wadely used for statishical software development and data analysis. Bz source code 15 free and
avalable at the Web Zite www.r-project. org where precompied binary versions are prowided for
Microsoft Windows, Mac O35 X, and other UNT-like operating systems.

E is the result of a collaborative effort with contributions from all over the world. E was initially
written by Eobert Gentleman and Eoss Thalka—also known as "8 & & of the Statistics
Departrnent of the Traversity of Auckland. Since rmud-1997 there has been a core group with
access to write the actual source code for B,

E supports a wide vanety of statistical and numencal techrigques. B 15 also highly extensible
through the use of packages, which are user-submitted hbranes for specific finctions or areas of
study. A core set of packages are mcluded with the installation of B, wath ower 700 more

avallable at the Comprehensive B Archive Network (CEAMN) as of 2006,
Copyright © 2010 Deloitte Development LLC. All rights reserved.




Growing interest in R

e November 2008 — CAS Annual Meeting, Seattle

C-17: LOSS RESERVING WITH R

Tuesday, Movember 18, 10:00 a.m. - 11:30 a.m.

R is a free, open-source (GPL-licensed) software environment that has become very popular in
academic, scientific, and financial cormmunities for statistical modeling and problem solving., CAS
members may be familiar with the application of B to predictive modeling, This session will shaw
how R can also be used for reserving. Markus Gesmann wraote the R ChainLadder package which
carries out some of the basic deterministic and stochastic reserving methods familiar to casualty
actuaries. Vincent Goulet wrote the R package actuar that provides additional R functionality in
loss distribution modeling, credibility theory, and risk and ruin theary, Vincent will begin this
session with a brief introduction to the R language and actuar, Dan Murphy will show how to use
R with Excel via the add-in RExcel. Markus will then give a live demonstration of the capabilities
of his ChainLadder package. The session will focus on R as a tool rather than on advanced
actuarial techniques, Attendees can expect to leave the session samewhat more at ease with the
notion that actuarial reserving methods and models need not be relegated to the realm of the
spreadsheet,

Moderator:

Simon Lilley, Senior Actuanal Associate, SAFECO Insurance Companies
Panelists:

Markus Gesmann, Chief Analyst, Lloyd's of London

Yincent Goulet, Associate Professor, Université Laval

Caniel Murphy, Trinostics

Copyright © 2010 Deloitte Development LLC. All rights reserved.



Growing interest in R

e January 2009

http://www.nytimes.com/2009/01/07/technology/business-computing/07program.html|?_r=1&pagewanted=print

€he New HJork Times

(500)simmer

PRINTER-FRIENDLY FORMAT
SFONSDRED EY

This copy is foryour personal, noncommercial use onhy, oo can arder prasentation-
ready copies for distribution to ywour colleagues, clients or customers here or use the
"Reprints" tool that appears next to any article. Wisit vann rytreprints.com for samples
and additional information. Order a reprint of this aticle now.

January 7, 2000

Data Analysts Captivated by R’s Power

By ASHLEE VAMNCE

To some people R iz just the 18th letter of the alphabet. To others, it’s the rating on racy movies, a measure of an attic’s insulation or what
pirates in movies say.

R is alzo the name of a popular programrming language used by a growing number of data analysts inside corporations and acadermnia. It is
becoming their lingua franca partly because data mining has entered a golden age, whether being used to set ad prices, find new drugs more
quickly or fine-rune financial models. Companies as diverse as Google, Pfizer, Merck, Bank of America, the InterContinental Hotels Group
and Shell uze it.

But R has also quickly found a following because statisticians, engineers and scientists without computer programming skills find it easy to
use.

“H is really important to the point that it’s hard to overvalue it,” said Daryl Pregibon, a research scientist at Google, w uses the software

widely. “It allows statisticlans to do very infricate and complicated analyses without knowing the blood and guts of computing systems.”
Copyright © 2010 Deloitte Development LLC. All rights reserved.




Growing interest in R

= —T [™=I TR T w1 Ly m— —F - ==

I@ hikkpe S v, actuaries, org. ukfmedia_centrefnews_staries!2009) aprillr _you_ready

e April 2009 ]

http://www.act The Actuarial Profession
D r— making financial sense of the future
k/media ce naking fina =
ntre/news * The Profession * Media centre = Jobs * Events * Pu
stories/200 : :
9/april/r_yo MCareers MStudents MMembers MPractice areas MRegulation MNKnowledge ser
u_ready .
~Home R you ready for something useful?

Actuaries | Media centre | News Stories | 20039 | April | R you ready for something useful?

¥ Media centre
* R you ready?

e Interest in
the UK

Mowe the 2009 GIRD R VWorking Fary has =6t up a beqinners H warkstrearm for

actuarial believe it or not beginners.
commun |ty This workstream will help to:

v point you in the right direction for useful learning material for beginners;

v et you onto useful mailing lists;

v ask you to choose awork-related problem and saolve it using R,

v put you in touch with an expert who will encourage you through any early
testhing problems, help you choose your work-related problem, and so on; and

v run an initial one-day warkshop at the Institute to get you up to speed.

Ta participate in this warkstream, or to express an interest in a one-day
wirkshop or just to get further information, contact Heil Hilary at Staple Inn and
he will get in touch.

If you are an expert you can guess why we need you. If you are happy to mentor
a beginner through the early stages please let Meil know at the above address. |n
addition if you have suggestions for other more specific (expert) warkstreams
please let us know.

Copyright © 2010 Deloitte Development LLC. All rights reserved.




On to Bigger Things?

e A company that aspires to be R’s “Redhat”
 Enterprise versions of R

p\El/él_lJTwN

AMNALYTICS

scale

Big Data Analytics with
REUﬂlutiﬂn R EﬂtEI'IJI'iSE Changing the Face of Analytics

Watch CEQ Morman H. Mie interviewed on Fox

e'arn ﬁ‘ uw"'b Business Metwork

QUICKLINKS:

Revolution Analytics Brings "Big Data’
Analysis to R

Buy How

— August 25th Big Data Webinar

Copyright © 2010 Deloitte Development LLC. All rights reserved. 12



Installing R

e GO to http://cran.r-project.org/
e Or just type “R” into Google and click “I feel lucky”

e Click on “Download CRAN” on the left of the screen

e Click on one of the USA CRAN mirror sites

e Click on “Windows (95 and later)”

e Click on “base”

e Right-click on R-2.11.1-win32.exe

- “Save target as” into any directory

e After you’ve downloaded this setup program, double-click on it
and follow the instructions

Copyright © 2010 Deloitte Development LLC. All rights reserved. 13



Add-on Packages

File Edit Misc Packages Windows Help

EEEERRE

CRAN mirror ]
> utils:::menulnstallPkgs ()

——— Please select s CRAN mirror for use in this ses |ltal[Milano] e
|taly [Palerma)
|zrael
Japan [Aiz
Japan [Taukiaba)
Korea
. e ’ Metherlands
Poland [Lublin)

® CIICk On PaCkages Poland fwWroclaw)
Portugal

(c Slovenia [Besnica)
— Select “Install Package(s) Slovenia (Liubjans)

South Africa [Cape Town)]

South Africa [Grahamstown)

e Select a CRAN mirror Spain

Switzerland [Zuerich)

Switzerland [Bern 1)
Switzerland [Bem 2)
Turkey

Taiwan [Taichung)
Taiwan [T aipeh]
IIE. [Bristal)

LE. [London

LS4 [CA 20

LISA [CA 3]

USa 4]

LIS [MI]

LISA (MO)

LS4 [NC)

USa [P )

USA [FA 2)

LISA [T3) ||
LISA [wd) -

(1]9

Copyright © 2010 Deloitte Development LLC. All rights reserved. 14



Add-on Packages

File Edit Misc Packages MWindows Help

EEEIRER

i~ R Console

> local{{ipky <- select.list (sorti.packagesiall.avail:
+ if (nchar (pkg) ) librarvipkg, character.only=TRUE] })

> » utils:::imenulnstallPkgs ()
——— Please =elect a CRAMN mirror for use in this =sess

e “Packages” window will appear

e Select “MASS” and click OK

e MASS stands for Modern Applied
Statistics in S

e By Venables and Ripley
e ... add anything else you like.

e |It's all free

e There are thousands of add-on
packages available

51

Copyright © 2010 Deloitte Development LLC. All rights reserved.
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R as a Calculator

Assignments

Vectors, Matrices, Data Frames
Getting Help



Getting Started with R

e Double-click on the “R” icon to start the program
e You will see the following screen:

=8>

File Edit Yiew Misc Packages Windows Help

BEECODEE

R

R wersion 2.5.1 (2007-06-27)
Copyright (C) 2007 The R Foundation for Statistical Computing
ISEN 3-900051-07-0

R iz free software and comes with ABIOLUTELY NO WARRANTY.

¥ou are welcome to redistribute it under certain conditions.

Type 'license()' or 'licence(]' for distribution details.
Natural language sSupport but running in an English locale

R iz & collskorative project with many contributors.

Type 'contributors()' for more information and

'citation()' on how to cite R or R packages in publications.

Type 'demo()' for some demos, 'helpi)' for on-line help, or

'help.start () ' for an HTHML krowser interface to help.

Type 'dgf)' to guit E.

[Previously saved workspace restored]

> 1

Copyright © 2010 Deloitte Development LLC. All rights reserved.
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Getting Started with R

e This screen gives you the “command line”.
— Type commands at the red “="

e You can use R as a calculator.
— Type “2+3” at the command line and hit enter
— Similarly “2-37, “2*3”, “2/3”, “27"3” (or “2**3”)

e R handles vectors very naturally.
— Type “c(1,2,3,4,5)” at the command line and hit enter
— “c” stands for “concatenate”
— This is how to create a vector of numbers

— Alternately:
e Type “1:5"
e Type “seq(1,5)”
e What is “seq”? Don’t ask me... go to the online help
e “help(seq)” or better, “?seq”

Copyright © 2010 Deloitte Development LLC. All rights reserved.
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Getting Started with R

e An aside: test to see whether your additional libraries were
successfully added.
e Type “library(MASS)”
— Note: R is case-sensitive!
e Type “library(statmod)”
e If there are no error messages you’re ok
e Type “?tweedie” to see documentation of Tweedie GLM

e Type “?truehist” for a description of a graphical histogram package from
MASS.

Copyright © 2010 Deloitte Development LLC. All rights reserved. 19



Assignments

e Suppose you want to set the variable x to equal 5
e Type “X <- 57"
— Combine the less than sign “<* and the minus sign “-”
— You could also type “5->x" or “x=5"
e In words: “x gets 5”
e Now type “X” at the command line
e Now type “objects()”
— X has been saved as an R object
e Now type “rm(x)”
— To remove the object x if we’'re done with it
e Now type “objects()” again
— The object x is gone

Copyright © 2010 Deloitte Development LLC. All rights reserved.
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Working with Vectors

e R handles vectors
very naturally

e Type these
commands into
your R session to
gain comfort.

» Feel free to play
around

Copyright © 2010 Deloitte Development LLC. All rights reserved.

|F RGui - [R Console]

R Eile: EE{% Misc Packages windows Help
EEEEEE

a - 1:3
> h <- seqla,o,bvy=2)
> a : h fuze ":;"™ to type Separate commands on the same line
[1] 1 2 3
[1] 2 4 &
> a+h; b4+ar a-b; bh-a fielementary vector arithmetic
[1] 3 &8 9
[1] 3 &8 9
[1] -1 -2 -3
[1] 1 2 3
* atbh: a‘b: blfa frore arithmetic
[1] 2 & 18
[1] 0.5 0.5 0.5
[1] 2 2 2
= a**h; ab fitwo ways of exponentiating
[1] 1 16 729
[1] 1 16 729
> a ¥%: b fithe dot product
[,1]
[1,] 28
> lengthia): lengthib)
[1] 3
[1] 3
o <— 5%a + b
> o) lengthic)
[1] 7 14 21
[1] 3
> obhjects()
[1] rrarr rrhrr rrcrr "last.warning"
> rmia b, o)
> obhjects()
[1] "lazt.warning™

> 1

21



Working with Matrices

e This screen
Illustrates how to
create a matrix
from a vector

e R treats vectors as
“dimensionless”
— So dim(a)=NULL
e Note that “==*Is
a logical test
— “I="Is a similar
test for “not
equals”

— Try typing “b!=c”

Copyright © 2010 Deloitte Development LLC. All rights reserved.

IF RGui - [R Console]
R Eile Edit Misc Packages Windows Help

e S 1 ES Y RS

oA - l:lgg

> b <- matrixia, ncol=3)

O oG- mAatrixia, nrow=d4)

= ar: b

[1] 1z 3 4 5 & 7 8 910 11 1z

(.11 [.2] [.3]

[1.] 1 5 =

[2,] 2 & 10

[3,.] 3 7 11

[4,] 4 & 1z

= h ==&
[-11 [.2]1 [,2]

[1,] TEUE TRUE TRUE

[2,] TEUE TRUE TRUE

[3,] TEUE TRUE TRUE

[4,] TEUE TRUE TRUE

= lengthia): lengthil)

[1] 1=z

[1] 1=z

> dimia) #a iz & wector - therefore "dimensionlezz"

NULL

> dimilh) fibh iz a 4-by-3 matrix

[1] 4 3

= dimikb) [1]

[1] 4

= dimib) [2]

[1l 3

22



The R Mindset

- R is designed to handle

matrices naturally. R File Edit Misc Packages Mindows Help

» The bracket notation N EIBRRIFIE
“mat[row, column]”
allows you to access

> mwat <—- matrix(l:12,ncaol=3)

> Imat
any element of a (.11 [,2] [,3]
matrix. [1,] 1 5 9
: [2,] 2 § 10
e Notice what happens (3] 3 — X
when you leave the [4,] g g5 1z
row or column entry > wat[z, 3]
blank [1] 40
) = mat[3,2]
e Try an analogous [1] 7
exercise with a vector. }[’11]““2[2*]5 ,,  rerumns whe gnd xov
e vec <- 5:15 = mat[, 2] greturns the Znd column
= vec[5], vec[6:8] [1] 56 7 &

e vec[c(6,2,8)]

Copyright © 2010 Deloitte Development LLC. All rights reserved. 23



The R Mindset

e We can get fancier by
creating an index.

e Let's use an index to
divide the matrix into
disjoint sets of rows.

e Think about how this
trick can be used in
predictive modeling
projects.

e We divide a dataset
either by a random
number or some other
dimension.

Copyright © 2010 Deloitte Development LLC. All rights reserved.

< RGui - [R Console]
R File Edit Misc Packages ‘Windows Help

SGEPDRPIE

> oindx <- c('wves','no','yves','no')

> indx

[1] "fyezs"™ "no®™ Myes™ "no
> Lrain <- indx == 'wyesz'

> test «<- indx '= 'wes!

> train

[1] TEUE FAL3E TERUE FALSZE
~ LCest

[1] FAL3E TEUE FALZE TEUE
> mat[train,]
[.1]1 [.2] [.%3]
[1,] 1 5 =
[2,] 3 i 11
> mat[test,]

(.11 [.2] [.3]

[1,] z 5 10
[2,] 4 g 1z
=3

o |

24



Estimating a non-trivial loss distribution



Example 1: Fitting a Non-trivial Loss Distribution

e Here is a size-of-loss histogram
for 539 claims

- Let’s estimate the true ]
distribution that generated these .
claims. S
i
N
o | | | | | |

O etO0 1 et06 2 e+t06 3 e+06 4 e+06 5 e+06

loss

Copyright © 2010 Deloitte Development LLC. All rights reserved. 26



Graphical Data Exploration

e The first attempt at logloss histogram with kernel density estimate
data visualization
didn’t help much.

0.25
|

= But knowing how S - /\
to use R effectively AN
enables one to o \
quickly gain 5] /
insight.

\/\’\\

[ I I I I I I
4 6 8 10 12 14 16

N
.
o

-
(

logloss
Copyright © 2010 Deloitte Development LLC. All rights reserved. 27



Result of Fitting a Mixture of Lognormals

e Arriving at this solution actual data w/ kernel estimate modeled loss distribution
involved: - = -
— Graphical data 8 - =
exploration - -
— Writing a mixture-of- S - =
lognormals likelihood .
function 8 - =
= [ I I I I I | = [ I I I I I |
— Using an optimizer to 4 6 8 10 12 14 16 4 6 8 10 12 14 16
maximize the likelihood logloss modeled
function
— Producing the_ diagnostic actual data w/ modeled dist QQ plot
plots to the right

e This combination of
programming flexibility
and graphical features
illustrates R’s strengths.

i :

logloss

0.00 0.10
L1
4 6 8 10
L1 |
o>

4 6 8 10 12 14 16 5 10 15

logloss modeled
Copyright © 2010 Deloitte Development LLC. All rights reserved.



Coda: a couple of years later...

o | recyded preciselv the actual data w/ kernel estimate modeled loss distribution
same code to fit the data

5. P
from an old COTOR S | X‘ o
[}
challenge. S - o
=
_ S S
= Worked like a charm s . o |
o [ I I I I | = [ I I I I I |
6 8 10 12 14 16 4 6 8 10 12 14 16
logloss modeled
actual data w/ modeled dist QQ plot
= z
8 _
o T
8 : m -
[ =
] [=,] =
= =7
S | o -
e R P
o [ I I I I | I I I
6 8 10 12 14 16 5 10 15
logloss modeled

Copyright © 2010 Deloitte Development LLC. All rights reserved.



Simple Generalized Linear Modeling Example

The dataset analyzed in this case study is discussed in the textbook:

Generalized Linear Models for Insurance Data by Piet de Jong and Gillian Z. Heller
(Cambridge University Press)




Example 2: Diabetes Deaths

e This dataset contains the
number of deaths due to
Diabetes in New South Wales,
Australia in 2002.

e From the mortality database of the
Australian Institute of Health and
Welfare.

e Note that this is grouped data.

e There are only 16 data points, but
each data point corresponds to
thousands of people.

e Because each data point
corresponds to a different amount
of “exposure”, it will be critical to
use either a weight or an offset
here.

Target variable: deaths
Offset variable: log(population)
Predictive vars: age, gender

Copyright © 2010 Deloitte Development LLC. All rights reserved.

> diab
gender
1 Male
2 Male
3 Hale
4 Male
= Hale
& Male
7 Hale
ot MHale
9 Female
10 Female
11 Feommaleo
1Z Female
13 Female
14 Female
15 Female
16 Female

age ageMid

<zZ5
25-34
35-44
45-54
a5-64
a5-74
Th-54

85+

<25
£5-34
25 11
45-54
55-64
B5-74
T5-54

55+

20
30
40
50
Gl
o
g0
20
a0
30
10
a0
a0
o
g0
a0

pop deaths
1141100 3
4535571 D
SO04312 12
447315 25
330902 Gl
226403 130
130527 192
29785 102
1056405 a
459945 1
Loda3a 3
435763 11
323669 30
241455 B3
173656 174
67203 159
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Candidate Models for Diabetes Deaths Data

e Let’s fit a sequence of models and use the Akaike Information Criterion

[AIC] to select the most appropriate on.
e lllustrate features of gim() function along the way.

> AIC(dl); AIC(dZ2); AIC(d3) #the interaction is significant
[1] 104.4905
[1] 101.47E88%
[1] SE2.97833

Copyright © 20%0 Leloitte Development LLC. All rights reserved.

Max.

> df <- glm(deaths ~ gender + age

+ , offzet=log(pop), familv=poiz=zon, data=diab)

>

> dl <- glmideaths ~ I (gender=="Female™) + Clage, base=4)

+ , offzet=log(pop), familv=poiszson, data=diab)

>

> summary (predict (d0) - predict(dl))#test eguivalence
HMin. 1=t Qu. Hedian Hean 3rd Qu.

-2.487e-14 -B.882e-16 4.44le-16 -2.387e-15 1.776e-15 2.665e-15

>

> d2 <- glm{deaths ~ I |(gender="Femalas™)

+ + ageMid + I|((ageMid - mean(ageMid))"2)

+ , offzet=log(pop), familv=poiz=zon, data=diab)

>

> ##%#add age:gender interaction

> d3 <- update(dZ, .~. + ageHdid : I (gender=="Female™) ]

>

> F#fselect best model

32



Selected Model for Diabetes Deaths Data

e |t is easy to inspect the selected model’s various coefficients and
statistics.

> summary (d3)

Call:

glm(formula = deaths ~ I(gender == "Female") + ageMid + I{(ageMHMid -
mean (ageMid) ) *2) 4+ Iigender == "Female"):ageMid, family = poisson,
data = diabk, off=set = logl(pop))

Deviance EResiduals:
Min 10 Median 30 Max=x
-2.30928 -0.44%98 -0.175%5 0.6008 1.6254

Coefficients:

Eztimate 5td. Error z walue Pri{>|z|)
(Intercept) -1.524e+01 3.298e-01 -46.203 <« Ze-lb =*%
I (gender = "Female")TRUE -1.418e+00 4.325e-01 -3.279 0.001049 **
ageMid 1.115e-01 5.123e-03 21.76l <« Ze-lg *=%
I|{ageMid - mean (ageMid))~2) -3.501e-04 1.453e-04 -2.409% 0.01s601 =
I (gender = "Female")TRUE:ageMid 1.157e-02 5.532e-03 Z2.091 0.03655 *

Signif. codes: 0O Y##*=f (0 _ Q01 Y*=f 0,01 ‘=f Q0,05 .7 0,1 * r 1
(Dispersion parameter for poisson family taken teo be 1)

Mull deviance: 3306.382 on 1% degreez of freedom
Eesidual deviance: 13.375 on 11 degrees of freedom
AIC: 22.3976
Copyright © 2010 Deloitte Development LLC. All rights reserved




Diabetes Deaths — Visual Inspection of Model Fit

e A great virtue of R is Diabetes Deaths - Model Fit
that it enables one to

400
I

visually explore data
and also create
custom graphics to
evaluate model fit.

300
I

e AIC is fine as far as it
goes, but this picture
IS perhaps more
informative.

deaths/pop * 1e+05
200
|

100
I

Copyright © 2010 Deloitte Development LLC. All rights reserved.
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Chain Ladder Loss Reserving
Over-Dispersed Poisson Loss Reserving
Hierarchical Growth Curve Loss Reserving Model



Example 3: Three Approaches to Loss Reserving

e A garden variety loss triangle (Dave Clark, 2003 Forum Paper):

Cumulative Losses in 1000's

AY 12 24 36 48 60 72 84 96 108 120 reported estult reserve
1991 358 1,125 1,735 2,183 2,746 3,320 3,466 3,606 3,834 3,901 3,901 3,901 0
1992 352 1,236 2,170 3,353 3,799 4,120 4,648 4,914 5,339 5,339 5,434 95
1993 291 1,292 2,219 3,235 3,986 4,133 4,629 4,909 4,909 5,379 470
1994 311 1,419 2,195 3,757 4,030 4,382 4,588 4,588 5,298 710
1995 443 1,136 2,128 2,898 3,403 3,873 3,873 4,858 985
1996 396 1,333 2,181 2,986 3,692 3,692 5,111 1,419
1997 441 1,288 2,420 3,483 3,483 5,672 2,189
1998 359 1,421 2,864 2,864 6,787 3,922
1999 377 1,363 1,363 5,644 4,281
2000 344 344 4,971 4,627

chain link 3.491 1.747 1.455 1.176 1.104 1.086 1.054 1.077 1.018 1.000 34,358 53,055
chain Idf 14.451 4.140 2.369 1.628 1.384 1.254 1.155 1.096 1.018 1.000

growth curve 6.9% 24.2% 42.2% 61.4% 72.2% 79.7% 86.6% 91.3% 98.3% 100.0%

e We will estimate outstanding losses using three methods:
— Replicate the above chain-ladder spreadsheet calculation in R
— Use the Over-dispersed Poisson GLM model (not advocated!... Just illustrated)
— Longitudinal data analysis: Hierarchical Growth Curve Model

Copyright © 2010 Deloitte Development LLC. All rights reserved. 36



Loss Reserving 101: Chain Ladder Calculation

Cumulative Lossesin 1000's

AY 1 4 4 i 4 1 120 reported  estult reserve
1991 356 1125 1735 2183 2746 3320 3466 3606 3834 3901 3901 3,901 0
This is just home-made chain ladder 1992 3/ 1236 2170 3353 3799 4120 4648 4914 5339 5339 5434 %
R code... see the actuar package for a 1993 01 1292 2219 3235 3986 4133 4629 4,909 4909 5379 470
fully|developed version 1994 31 1419 2195 3757 4030 4382 4588 4588 5208 710
1995 M3 1136 2128 2898 3403 3873 3873 4858 985
199 36 1333 2181 2986 3692 3602 5111 1,419
> ddev <- unigue (dat$dev) 1997 M1 1288 2420 3483 3483 5672 2,189
g ffez_{fefgjjlézézi;—’ (dd=v) ] 1998 359 1421 2,864 2864 6787 3922
S iink oo WOLT 1999 317 1363 1363 5644 4281
> for (ii in Z2:mm){ 2000 344 4 4971 4627
+ numer «<- dat[dat&dev—ddev[ii], "cum"]
©odenom <o datldatsdsvemddeviioil, TRl ldnlink 53491 1747 1455 1176 1104 1086 1054 L1077 1018 1000 34358 53055 18,697
+ denom «<- denom[l:length (numer) ]

+ temp <— sum(numer) / sum(denom) 14451 4140 2369 1628 1384 1254 1155 1.09 1.018 1.000
+ 1link <- cillin 6.9% 242% 42.2% 61.4% 72.2% 79.7% 86.6% 91.3% 98.3%

[1] 14.451008 4.139971 2.369309 1.
F
> cumsum(10:1)

[1] 10 19 27 34 40 45 49 52 o4 55

254276 1.154664 1.085637 1.017725 1.000000

1] 53055.22
> ZUm(now)

[1] 34358.0%9
> regerve <- sum(ylt) - =sum(now)
reserve
18687.

13 37
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Loss Reserving 201: England-Verral GLM Chain Ladder

Cumulative Lossesin 1000's

AY 1 4 4 i 4 1 120 reported  estult reserve
1991 3B 1125 1735 2183 2746 3320 3466 3606 383 3901 3901 3901 0
1992 32 1236 2170 3353 379 4120 4648 4914 5339 5339 5434 95
1993 01 1292 2219 3235 3986 4133 4629 4909 4909 5379 410
1994 31 1419 2195 3757 4030 4382 4,588 4588 5298 710
1995 M43 1136 2128 2898 3403 3873 3873 4858 985
1996 3% 1333 2181 296 3,692 3692 5111 1419
1997 41 1288 2420 3483 3483 5612 2189
1998 39 1421 2,864 2804 6,787 3922
1999 371,363 1,363 5644 4281
2000 344 4 4971 4627

chain link 3491 L1747 1455 1176 1104 1086 1054 1077 1018 1000 3435 53,005 18,697
chain ldf 14451 4140 2369 1628 1384 1254 1155 1096 1.018 1.000
gowthcune  6.9% 24.2% 42.2% 61.4% 72.2% T79.7% 86.6% 91.3% 98.3% 100.0%

> model iz equivalent to the chain ladder
Frawe are using incremental (not cumulative) lo=s=zes
gl <- glm({inc ~ factor(A¥Y) + factor(dewv) - 1, familv="gquasipoi=son", data=dat) ::)

FFFcreate a dat
AY <- rep(ls892:
dew <-— HULL

for (ii im 0:8) dev <- cidev, ddev[10: (10-ii)])
future «<- data.frame (AY, dev)

] qwerr i a--l::-' a=n

000, times=1:9)

eta «<- predict (gl, future)

yvhat <- exp(eta)

zum{vhat) #calculate outstanding lossez (lower triangle)
[1] 18657.13

> rezgerve foconfirm same answer as chain-ladder

[1] 18e597.13 Copyright © 2010 Deloitte Development LLC. All rights reserved.
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Something Completely Different: Growth Curves

e Let’s build a non-linear

model of the loss Weibull and Loglogistic Growth Curves

triangle. 5
e Are GLMs natural models a _
for loss triangles? §G(X|“”‘9) ~
o @ _|
- Uses growth curve to 5 °
model the loss S
development process 5 o |
c o
e 2-parameter curves 3 G(x|w,0)=1- exp(— (x/g)w)
e 0 = scale &
- o = shape 2 <
T O |
E
= Roughly speaking, we fit 3
these curves to the LDFs N
and add random effects — Weibull
to 6 and/or o to allow the ~ ~ Loglogistic

curves to vary by year. T T T T T T T T T T T T T 1
12 3 60 8 108 132 156 180

Age in Months 29
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Hierarchical Growth Curve Model

CumLoss,y 4, =ULT,, [1— exp(— (dev/6)” )J+ EAY dev
o o 2\
ULT,, ~ Nz, ?-ULT)
Var (gAY,dev) = O-ZCLAY,dev

e Cumulative losses @ dev = (Ult losses) * (modeled growth)
 \We must estimate the parameters: {|  ; ®; 0; 6y 1; OF

e Random effects are added to ultimate loss (ULT) parameter.
e Analogous to a “random intercept” linear model.

e Random scale (0) and shape (o) effect can also be tested.

e Do not seem to be significant.
e Use NLME function in R. (Non-Linear Mixed Effects)

See “Hierarchical Growth Curve Models for Loss Reserving”, James Guszcza, CAS Forum (Fall 2008)

http://www.casact.orqg/pubs/forum/08fforum/7Guszcza.pdf Copyright © 2010 Deloitte Development LLC. All rights reserved. 40




Modeled Loss Development Curves

e An advantage of the
hierarchical modeling
framework.

e We can allow loss
development curves
to vary randomly by
accident year.

e A parsimonious
modeling approach
that achieves good fit.

e Incorporates the
insights of credibility
theory.

Copyright © 2010 Deloitte Development LLC. All rights reserved.
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Compare Actual to Modeled Loss Triangle

Weibull Growth Curve Model - Baseline
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residuals

Residual Analysis of Hierarchical Model

(Just try doing this in Excell!)

residual histogram

Normal Q-Q Plot
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GAM fit to California Home Price Data

A GAM model (added to a 3-factor GLM) does a credible job with this data.
R’s combined modeling and data visualization power was helpful here.

log(VALUE ) = a + §,INCOME + f,AGE + f,ROOMS + f (lat,long)
\ Y J

Raw Data _ GLM Model '\ GAM Model

50-100K

100-150K
w— 150-200K
= 200K-300K

300K+

Further improvements could result from superimposing one or more local GAM models built for specific
metropolitan areas.
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