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Viyanterest i RPredictive Modeling

% 1989 article in Science
 “Clinical Versus' ActuariallJudgment™

o Summarized in 1990 1 ContingeNCcIEs



“Clinical Versus Actuarial Judgment™

“Ini the clinical method. the deciston-maker
COMBINES Or Processes information: in nis or
her head.

*» “In the actuarial or: statistical metihod. the
human judge Is eliminated and/ conclusions
rest: solely on empirically established
relations between data and/the condition or
event of interest.



“Clinical Versus Actuarial Judgment”

¢

o “...with a sample of about 100 studies and. the
Saime outcome optarned i almaost every,: Case,
It IS reasonanle to conclude that the actuarial
advantage 1s not exceptional but general’and
likelyyencompasses many, of: the unstudied
Judgment tasks.



“Clinical Versus Actuarial Judgment”

* “Jlo be truly actuarial, interpretations must be
poth automatic (that:Is, prespecified or
routinized) ana based on empirically
established relations.

% (Gany's statement: “This 1S/ predictive
modelmg (predictive analytics).™



“Clinical Versus Actuarial Judgment”

% “Bven When given an information edge, tne
clinical judge still farls to surpassitne
actuarial' metnod; 1 fact, access to additional
information often does nothing, o) close the
oap, between the two, methods.



WhyiUsei@Generalized LinearViodels?,

% Can readily/seelinkibetween
Predictors and/eutcComes

% Usefullstatistical tests for coefficients
and fit ofimodel

% Easiernto explain than some other
Methods

“ Soeftwareisiwidely available



ClassicallMultiple Linearny Regression

¢

111

o= E[YiI=S ay £ axs; £+ a

m

% Y4 IS Nermally distributed randem varahle
Withicenstant varance: o7

“ Want te estimate (4, = E[Yi]fiereach |



Response Yi has Normal Distribution




Proplems withiilraditionallviedel

s Number of claims Is discrete

% Claim sizes are skewed to t

% Prolhability’ of an event s/ in

Je gt

0,1]

s \/arianece Is ot constant acress, data

POINLS)|

» Nonlinear relatienship between X‘siana

Y7S
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GeneralizediLinearViedels - GlLLVIs

Eewer restrictions

Yican moedelinumber: of claims, prebability’ of
renewing;, 16ss severity, |I6Ss ratio; Etc.

LCar eI and small pelicies can be putinte ene
Moede

Y.can be nonlinear function of: X's

Classicalllinear regression modelfisia special
Case
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GeneralizediLinear Viedels - GILVIS

“ g(/Jl ): aO F a1Xi1 . amxim
“ d(0)Is the liInk function
o E[VA == g (@ + apX + . han Xo0)

= Yican be Nermal, Peisson, Gamma
Binomial; Compound Poisson;

= \/arance can he medeled
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Expoenential Eamily o DIStHbULIoNS —
Canenical Eorm

{0y —b(9)}
a(g)

f(y;0,¢)=exp

| C(y,¢)_

E[Y] = b'(60)
Var[Y] = Db (0)a(e)

€ Is the parameter of interest !
¢ Is often called a nuisance parameter.




WhyrEXpoenential tEamily?

 Distributions i Expenentiall Family’ can
mogdel a variety: of preklems

% Standard algoerthm for finding Coefficients
Ay, Ay .oy A
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Normal Distbutientin Expoenential tEamily,




Normal Distbutientin Expoenential tEamily,

A

f(y;p,0°) =exp

Let =4 and a(¢) =o’,
then b(@)=6°/12 — b(@)=60=u
and Var[Y]=b"(0)a(¢) =1-02 = 52
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RPoisson|DistiibutioniniExpenential Eamily,

ye_,u

PrlY =y] = £

y!

PrlY = y] = exp-

PrlY = y]=exp-




CompoundiPeISsen DIStiuLien

%Y =Cy+Cyt ... +Cy

&

+ N/ IS Poeisson randoem variable
« G are ii.d. with Gamma distribution

L/

@,

¢

» [hisiis an example ofia Iweedie distribution

» YAS member off ExponentiallEamily
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Viembersiefithe Expoenential Eamily

Normal

Poisson

Binomial

Gamma

Inverse Gaussian
Compound Poisson
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VarlY.] = @ V(u,)/w;

V(y)
Normal O
Poisson u
Binomial u(1-p)
Tweedie P, 1<p<2
Gamma 2

Inverse Gaussian 7S
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Variance ofiYs andiEitratiDatar Pointil

“ \Var(Ys) Isipig — leoeser fit at data point:

< \Var(Ys) Isismall'— tighter fit at data
poeINt

Tightness of fit o —-

Var(Y.)
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EStimatingCoefiicients ay, as, -, e

% Classical [inear regression Uses least
sguares

% GLNMSs use Maximum Likelihoed Methed
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WhichrExpoenentialtEamily DIstiioution?
“ Freguency: Poissen
% Severnty: Gamma

% [LeSS ratie: Compound Poisson
% Pure Premium: Coempound Poeissen

“ Hoew many. policies will renew: Binemial
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What linkefunction?

“ Additive model: identity.

“ Multiplicativermoedel: natural log

“ Modeling prebhability of-event: logistic
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Chaptens: Generalized LineanModels

“ Intended|/as afirst exposure to) GLLVSs

samriedito make it accessible and! self-
contained

% Hard to)sgueeze everything|inte ene
chapter—at Ball' State the tepic spans
a Semester-long course
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SudlintroductionitorGeneralized Linear, Models

5.4. 1  Assumptions ofi Linear Model
- Shoertcomings ey actuarnallapplications

5.1.2' Generalized LLinear Moede! Assunptiens
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5.2 Exponential lEamily GIiiDISIHvUtions

5.2.1 TheVarniance Eunction andtne
Relatienship between Variances and Means

5o LinkeEUnclions

54" Maximum Likelihoeod Estimation

6.2.1 Quasitiikelihood

.o Generalized Linear: Model Review
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5.6/ Applications

5.6.1 Modeling Probability ofiCrass: Sellingjwitn
Logit: Link

5.6.2 Claim Ereguency; with Offset
5.6.3 Severity: withrWeirghts

5.6:4 Modeling Pure Premiums; o5 LoSSs Ratios
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Sy Companngviedels

5.7.1 Deviance

6.7.2) Log-likelineod! AlC, AICE, and/BIE

AS



The End



