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Agenda

B Overwew ofthe nsurance m arxket
B Prcing approach

B Overwew ofthe m ethodobgers:GLM ,Decikson Trees and
NN

B Com parison am ong the three echniues

B Conclisbns



An overwew ofthe nsurance m arket

B Presence of nadequate took fora

B Poorknow kEdge ofclents
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B Some Ines ofbusness arr minnng ata
bss n m ostofthe countres (ie.m otor
bushess)

B Low kvelofsophistrcaton

B Cross-subsdes am ong clents



Crtcalareas

B The sk ncrases w ih:

B hgh exposure on nsumnce busness;
ultm ate costnotcom pktel rrcognized ;
nhadequate sekcton ofundemw ritten risks ;

noteffective chim m anagem ent;

bw crossselng kvel;

B notenough em phasxs on clent.

B The necessary ekm ents orrachng the ocbectve ‘client’ are:
B cconom I costestm aton;
B bpse prbabilty ofthe nsured and hi elhsticity ofdem and.
B Competive M arketAnakss



The profimbilty vares w 1h the sk profike
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B Develbping new services B Inproving the profitability of B Is itpossible to increase the
B singling outpossble existing products valie?
preservation stategies B O ffering value added services ~Decreasing the costs and
B hcreasing num berof TnpE e

-Changing products?
B W hatclients shouldwe
exclide?

products oreach client
cross-selling)



N ow adays, too m uch attenton 1 pad © the cancelbton of ‘bad”
risk

. Icould be betterto fmd the rghtsttateges so that:

B the prem 1um be conectly calbrated on the rk;
B the econom x costofthe clentbe progcted;
B new ‘ad hoc” products be created;

B the pordfolo be segm ented n orderto defne the m arket
nxrhes, whxh destroy valie.



Prcing Stategy
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R 8k M odellng:0 verwew ofM ethodobges

B New mulvarate techngues avaibbk whxrh are rephcecng
oderm ethodobges;

B These technijues representadvances n:

B quantfyng the TRUE econom  costofwrmg each
polcy;

B m easurng the econom ' m pactofadopting any rate phn
otherthan the actuaralm odel;

B understandng bpse and r=new alexperence;
B m arketprcng behavour;

B 1n short, m anagng the busness.



W hy M ulvarate Statstical Techngues?

B Mostmatng varmbks are conebhted;

B D fferentvarablks m ay be show ng the sam e underlyng
effect;

B Repeated use ofunwvariate technues kads t© doubk-
counting ofthe sam e effects;

B They can capture ntermctons;

B Theyprovide m or than a pontestm ate and standaxd enors.



bokng form ore suitabk techngues

® GIM :Cenermlzed Lnear
M odels

€ G eogmpht Analss
€ CusterAnalss
G

® DectDn Trees
¢ CHAD
€ CART

® NeurmnlNets




W hatsGILM ?

B & xasttstcalpmwcedurr orm easurng the effectofone
orm ore ndependentvarabks upon a dependentvareblk;

B Dependentvarabk orrmatem akng are:

B frequency

B severty

B pure prem um
B GLM albws extzem e fexbility n m odeldesyn:

B mulplcatve, addiwve orm xed phns

B diferentenordstrbutons (e.Nomal Gamm a, etc.)

B varebk nteractons (1e.sex & age)

11



An

exam pk ofG enermlsed LhearM odel

Thi statisticalapprach albw s us © detem ne the cross-subsies am ong the

clents and to create a theorticalmtng stucture, whih penalizes bad clents and
avors good clents
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W hatare deckbn trees?

B Procedures Pbrsuccessively subdvding data nto
hom ogeneous groups;

B Lke GLM s, they use a dependentvarabk and one orm o
ndependentones;

B Resuls arr notnecessarily sym m etrc;
B In plcil capture the naturmlntermctons between factors;

B Produces hom ogeneous gmwups (e ., a ttee sttucture), butno
ratng phn orrhtvies;

B Possbk methodobgers,m ostfam ous:
B CHAD:ChiSquar Autom ated hiom aton D etecton
B CART:C hssifcaton and Regresson Tree
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Decikbn Trees:'D vde etin per”

A deckn tree & given by a setofdecispnalmks forpredtng a fixed dependent
varabk (forexamplk,chml severty, firequency or Bpse rate)
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Deckbn tee:an exam pk

Is there anyone
with age
between 18 to

Is it a woman?

Does anyone
live in city A2?

1) Are you in Bonus classes?

Does anyone
live in city A1?

/ Is there vehicle
with less than

9 HP or more
than 18 HP?

2) Do you live in one of the provinces of zone A

- Risky client

Average client

- Good client

Gruppo Al: AG, AP, AR, BA, BI, BN,
BS, BZ, CB, CL, CO, CR, CZ, FI, FO,
GE, GO, IM, LI, LO, LT, MI, MO, PA,
PC, PE, PI, PO, PR, PZ, RA, RE, RI,
RN, SI, sP, TE, TS, TV, UD, VB, VE,
VR, VT

Gruppo A2: AG, AP, AR, BI, BN, BZ,

CO, CR, CZ, FI, GE, GO, IM, LO, LT,
MC, NA, PC, PE, PI, PO, RI, RN, SA,
SI, TE, TS, TV, VE, VT

Gruppo A: AG, AP, AR, BA, BI, BN, BS,
BZ, CB, CL, CO, CR, CZ, FI, FO, GE,
GO, IM, LI, LO, LT, MC, MI;/ MO, NA,
PA, PC, PE, PI, PO, PR, PZ, RA, RE, RI,
RN, SA, SI, sP, TE .75, TV, UD, VB,
VE, VR, VT




W hatar NeuralN etw orks?

B Neuralnetwoxks:are non-lnearpredxrtve m odek that kam
how to detecta pattem n oxderto m atch a partcubrprofie
through a tanng process;

B T's notnecessary to splitthe pur prem um nto iIs com ponents:
B fequency and
B severty;

B Advantages and dsadvantages:

+ Usabk even when rehtonshps am ong varebks are unknown
+ W ilm odelnon-lnearty and ntemcton well
- The solitons can notbe ntemprted (‘Bhck box”?)

- Can take ttem endous com puting pow erand stllnot
converge to a soluton
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N euralNetworks are m otvated by a sm phified m odelofbbbgral
neurones n the bran

BDLOGTALMOTNVNATDN:PYRAM DAL CELL
D endries
Synapses
Synapses
Axon
&--_-
Cellbody

AND THER MOST SMPLIFIED MATHEMATICAL ANALOGY (EG.TWO IN COMMONLY-USED TYPES OF )

SGMOD FUNCTDN NEURON (> MLP ) RADRL BASIS FUNCTDN NEURON (- RBF )

actviy G HoUts webhts sum mdialbasi .
functon npd € functon oupu

Tputs wephts sum

17



N eumrlNetworks (contd.)

L

CONNECTED TO A NETW ORK

hputvalies hputhyer hiden byer output byer

- e

L

outputvalie (g)

BUILD AN ARTFCRALNEURAL NETW ORK
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Ouranalss...

B A smubted portfolo was created usng the dstrbutons ofthe
Talan m arket publc da@a -1999) rhtie t© the m an rathg
param eters:

l lBonuS/M alus I l Horse power
l l Fuel D Sex/Age
l l Territorialzones D Clain s Hm it

Num berof
mstalln ents
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W hataboutthe dependentvarablks?

B Clhimm frequency
B Severity

B Pure prem iuum

Tillinghast - Towers Perrin

~ Param etric analysis

~ Non-param etric analysis
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Choosng the mtng param eters

B The sekcton of napproprate varabks can spoilthe fmalresul;

B hclidng a varebEk,whxh does notcontrbute n any way to the

fmalresul, could have the effectofdm nxshng the m odel

perfom ance;

B Thsdangers very hgh n NN ,modermte n GLM , oaly ndifferent

h CARTCHAD.

Use ofsnow -boaxd

VehrE G oup ; .

Age ofpolcyhoHer

Tillinghast - Towers Perrin

VehrtE Age
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'O verfiting” or ‘overparam eterzaton” danger

B The ‘overfitmg” ©Or‘overparam eterisaton”) concepts always
there, whateverthe satistitalm ethod used;

B Usng a toom any varabks n the estim ation process, m ay kad to:

B memorsing ako the dosyncrasy ofthe tanng set (m the
bBnguage ofneuralnets),

B ncompkte separmton ofthe stochastc partfrom the
determ nxstc one (M the param etrc bnguage);

B I GLM ther ar specic statstcs thatreportthe ‘over-
param etersaton” phenom enon;

B I deckDn tees analysks, £ necessary to rrach m axm um depth

(chalengng the ‘“over-fiting” danger), n oxderto prwceed © the
prnng step untlthe besttee ® defned.
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M anagng m ssng valies

B Ther ar differentm ethods forthe m s3sihg valies m anagem ent:
B droppng the rrcord w ih a m sihg valie -G LM ,

B substiutng the m snhg valie w 1th chamcterstc ortypralvalies
@vermge, quantks, cbsestneghbor,.. ) -CART,NN,

B estm athg the m sng valie, afferhavng assyned a fixed kvel
(Enors’, 9999) -m anpubhtng the data,

B buidng separate m odek foreach setofm isshg valies -
m anpubtng the data,

B usng the non-coded valies n the Fammng phase ofthe netwoik -
NN ;

B CART and NN ar very wbustm ethods n m anagng the m s3snhg
valies.The conectway © pmceed 1 notckar.
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M anagng anom abus valies oroutlers

B I oxderto dentfy every anom abus valie, £ a good Hdea to start
w 1h a "data m nng” phase usng the folbw ng:

B r=sduak pbts,
B overdkpersn analss,
B Cook and Leverage statstrs;

B Once the outlers have been dentafed, £ possbk:
B t©assgn a bw m arghalprbabilty,
B t© drop the obseraton fiom the data set,
B t© confne them 1 a separate chss and to make an estin ate nn a

successve phase;

B Non-param etrc technijues are m ore bustthen the param etric ones
n m anagng the anom abus valies and outlers.
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IsaNeumlNet a ‘B hck box"?

B Ifsuch a &em rfrs © a presentatonalora synthess ofthe
resuls pobkm s, the answers YES ;

B frrfrs to the arthm etc ofthe aborihm , the answerxs NO or,
at kast, notm ore then otherstatasticaltechnues, ncldng
GLM and DecxDn trees;

B I &ct workng wih a NeurmlNet:

B s difftulkto know whih are the m porantvarabks to be
ncliided n the m odeland how they mteractam ong
them selves;and,

B therr 8 no stucture ofcoeffrents tehtwiers), as Tt orthe
param etrc regresson and therr s nota fmalm odel;
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Com puting tim e

B A ew years ago, neuralnetworks were used ain ost
exclisiely for pattem recognion” probkm s, m anl due t©
the bng com putng tm e requied;

B A smibrpwbEm was ttue alko brdecson trees m ethods.
CHAD, n partrubr, based on a contmgency bk wherw a

CH Isquared & perfom ed on each cell, could be very heavy
from a com putihg pontofvew ;

B W ih the adventofnew and m ore pow erilcom puters, even

these technues can be used n the soliton of “everyday”
pbkem s.
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R eadnng and ntemprtng the resuls

B GLM
B The resuls are diectly com parmbk w ih the mtng coeffrents
appled by the nsurance com panes.The rradng & easy for

specrRlsts;

B CARTLHAD
B & amethod thatcom muntates through m ages.The resulks
are always n the orm ofan upsde-down tree.The rradng &

very easy also for by peopk;

B NN
B Igwes an estm ate cbse to the ralobseraton ofthe data
base n the tanng and testimg set. O nce the tanng sethas
been m em orzed, the netw ork can be used n anothersampk
where the obserwaton B m B8sg.The rradng & notvery easy

even by spechlsts.
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In pem enmton

H GLM

B Fastand easy.The coeffrentstmuctur reproduces the ratng
sttucture ofthe com pany and itis diectly com pammbk and
easy to m pkm ent;

B CARTLHAD

B The resuk s very easy and radabk. ks com posed by a
Im 1=d num berofnodes and © each ofthem an average
prem um B assochted.The queston 1, & tacceptabk t©
have a mtng stucture conssting 0£f49-50 profies?

B NN

B i veryusefilas discrm nhate anaksis, butitneeds a great
dealofm odificaton n oxderto be m pkm ented.
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A com parson am ong the three technyues:a fmalrweporccard

Notapplicabl/ndifferent

Possibl butonerousfiegative answ er

Good results positive answer

Tillinghast - Towers Perrin
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A com parson am ong the three technues:a fmalreporccard

BB Sekcton ofmthg pamm eters
B o ver-fitng” danger

B M £sihg valies m anagem ent
B o utlervalies m anagem ent
=l B bk box

BBl Computhg tine

BBl R eading and understandig
results

B n pkem entaton

B 0 vermIlassessm ent
Tillinghast - Towers Perrin
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Peark ofw isdom ...

B I's m porantto understand the deas behnd the varous
technigues, n oxderto know how and when t© use them ;

B s m porantto accurately assess the perform ance ofa m ethod,
to know how welliican be expected ©© work (.. sin pkrm ethods
often peromim as wellas com pkxones!);

B 1 data m nng, understandng the system used s notalways a
crucBlpmwbkEm .A neuralnetwork thatproduces optin alestm ates
can be prefermabk © easkerbutkss efftentm odelk;

Thi I an exc:l:ng research area, thathas applcatons n scence,
\ ndustry, fmance, etc. '




