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Linear Model
Ely]=mx+h
Definition:

the generalized linear model (GLM) is a flexible generalization of
ordinary linear regression that allows for response variables that
have other than a normal distribution. The GLM generalizes
linear regression by allowing the linear model to be related to
the response variable via a link function and by allowing the
magnitude of the variance of each measurement to be a function
of its predicted value.
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h What is a GLM?

Linear Link Function:

E[¥] = f(X1) + g(X2) + h(¥X3) + 8

El¥Y] = e FED+eE )& )R

Traditionally used in pricing:
Xy = Credit Score

Xo = LipCade
X5 = Make & Madel of vehicle
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Accident Year (AY) 2002

0 1 2 3 4 5 6 7 8 9
1998 4,645 / 4927\ 3,016 1,485
1999 4,205 [ 5412 1 3,114 1,865

2000 4,543 | 5,800 ‘1‘ 3,335 1,867 11 471
2001 | 4546 5773 | 3414 1858 488

in

{72002 | 4253 | 5258 | 3002 1650

2003 | 4273 5177 |2
2004 | 4624 | 5174 | 2 S calendar Year of Payment (¢
2005 4,865 | 5 2
2006 5504 Eviniiny
2007
AN
Developr Year: (D
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Generalized Linear Model

¢ May increase / decrease by accident year
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Generalized Linear Model
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1. Distribution of incremental losses: ¥
-

=Owergispersedpoisson  p(y) =
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2. Linear Predictor: predictor—a+bhare—
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1. Distribution of incremental losses: y
-Sverdispersed-poisson  plyl = 5

2. Linear Predictor: e P = e —
linear predictnr = a+ fi+¢
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h GLM Theory for Reserving

1. Distribution of incremental losses: ¥
e A
-Overdispersed-poisson @y = =

2. Linear Predictor:

edictor— @ales

linear predictor = o+ i+ ¢

3. Link Function: E(y) = exp (linear predictor)

E(y)=u“*e3*e‘

linear predictor = log [E(y)]

=> Log Link
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Maximize likelihood
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...find values for a, b, c that maximize:
log{p(this trinngle)) = lop(p(104))+ log{p(106)) + log{p(101)} + -~
What is lag{ply)}?

Each incremental loss, Y, is an outcome from an Over-
dispersed Poisson Distribution.

h Finding a, b, c

...find values for a, b, ¢ that maximize:
log{ p(this triangle)} = Ing(p(ﬂm))-ﬂﬂg{p(lﬁﬁ}) + log(p(101)) 4 -

What is !a;f{gr[_\#}'j?

Each incremental loss,y, is an outcome from an Over-
dispersed Poisson Distribution.

g—é‘(}')g(y)x

Py} = ¥

h Finding a, b, c

...find values for a, b, ¢ that maximize:
log{p(this triangle)) = log(p(104))+ log(p{106)) + log{p(101)} + -~

What s feg{p(y)}?

Each incremental loss,y, is an outcome from an Over-
dispersed Poisson Distribution.

e—f‘(}’)gty)r

plyy=—>7

lag(p() = —E()+ ylog(E(¥)) — leg(y1)
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Steps:
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4. E(¥) = exp(linear predictor) =a*b * ¢
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Steps:
1. y =123
2. Fill in dummy values for a, b and ¢
3. dinear predictor = In(a) + In(b) + In(c)
4. E(¥) = exp(linear predictor) =a*b *c
5. log{p(v)) = —E(v) + vlog(EQG)) — log(¥1)
= —(a=b=c)+122= logla = b =c) ~legtiidy-

. Do for all incremental losses
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7. Sum and solve for a, b, c that maximizes the sum
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h Finding a, b, c h Reserving with a GLM

E(y) £

a a*b*c a*b*b*c*c a*b*b*b*c*c*c‘ a a*b*c a*b*b*c”2 a*b*b*b*c”3
a*c a*b*c*c a*b*b*c*c*c a*c a*b*c”2 a*b*b*c”3 a*b*b*b*c”4
a*c*c a*b*c*c*c a*c”2 a*b*c”3 a*b*b*c”4 a*b*b*b*c”5
a*c*c*c a*c”3 a*b*c”4 a*b*b*c”5 a*b*b*b*c”6
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h Distribution of the Incremental Loss

Effect of varving the evror term (simple example)

Data MNormal Poisson Gamma
.

h Questions

Blake Berman

Blake.Berman@GuyCarp.com
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