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It is a common fact that for most classes of general insurance, many possible sources of
heterogeneity of risk exist. Premium rates based on information from a heterogeneous
portfolio might be quite inadequate. One way of reducing this danger is by grouping
policies according to the different levels of the various risk factors involved. Using mea-
sure change techniques, we derive recursive filters and predictors for the claim rates and
claim sizes for the different groups.

1. Introduction

All processes are defined on a measurable space (Q), F), with probability measure P. Con-
sider a portfolio of L policyholders of, for instance, automobile insurance. Each policy-
holder belongs to one of a finite number G of risk level groups classified by age, sex, type
of automobile owned, and so forth.

Under the two assumptions that the initial distribution of the rate of claims is ' (a, 30)
and that the number of claims y and the number of policies N are Poisson random vari-
ables, it is easily seen that the posterior probability density of the rate of claims, given new
data y, N, is I'(ag + ¥, o + N).

More precisely, we will be using the following notation and assumptions.

(i) Let Nf be the total number of new policies purchased by individuals classified in
group ¢ during the nth year and let y be the number of claims reported by the cth group
during the same year.

(ii) The rate of claims reported by policyholders in the cth group during the nth year,
6%, is a random variable with conditional I'-distribution

P(3, €dx | o, B 1>y Npo1) = F(/—go:lc) (ﬁflx)a;_lefﬁf’xdx) (1.1)

which is close to a normal distribution when of, and f¢ are large enough, where «f, 5 are
initial guesses and, for n > 1,

o =0 1+ Yt B =PBu1+ Ny (1.2)
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In this paper, we assume that

P(oy €dx |8, 1 =08%a 1,pu 1 Yn- 1Ny c=1,...,G)

L\ 2
1 1 (x-S déoi
a,ﬁx/ﬁeXp{_Z( of ) ]»dx (1.3)

ﬂn(xc,(sl,---,(sc,aﬁ)dx.

Here, d;, ¢,i = 1,..., G, are real numbers expressing some dependence between claim sizes
from the different groups and

c c
(xn—l+yn—l _ (X;

.= = . (1.4)
B +N5) (Bg)’?
(iii) The random variables y5, N§ are Poisson random variables such that
e % (8¢)°
Ply; = €15, 107 =
y (1.5)
_ et ()"

P[N,ﬁ=m|9'7n,1]— ml
Here, &, = 0{6;, yi>- N, ¢ = 1,...,G, Xk, k < n} is a complete filtration. We assume here
that ug, is either known or &, -predictable.

(iv) Let S, be the mean claim size of group c by the end of year n. It is usually assumed
that the lognormal distribution is suitable for claim sizes. (See, e.g., [4, 5].) The central
limit theorem suggests the following (conditional) normal distribution for S, :

2
=C —=C - . 1 1 z—aC(X,,)s
P(S,€dz|S,_ | =5X,) = Z;meXp{ 5 ( 5 ) }dz 16

2 o4 (2,8, X,,) dx.

Here, a“(X,) = (a%,X,), where a° = (a5,...,a%) may represent the year index [5] which,
for simplicity, belongs to the finite set of real numbers a‘. The probability density func-
tion of gcn is modulated by an unobserved finite-state Markov chain X, that is, the mean
number of policies purchased every year is changing from year to year due to many eco-
nomical factors and the changes are modeled by a finite-state Markov chain X. Without
loss of generality, let the state space of X be the standard basis {ej,...,ex} of RX.

Write P = {p;;},i,j = 1,...,K, where Zlepj,,' =1and

pji=P[Xn=¢j | Xn1 =ei]. (1.7)
Then, we have the following dynamical representation [3]:
Xy =PXp 1+ Vy, (1.8)

where V), is a martingale increment with respect to the complete filtration generated by X.
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(v) Credibility theory deals with adjusting insurance premiums as claim experience is
obtained [4]. The technique consists of using a credibility factor Z € (0,1) to obtain a
convex linear combination of some data obtained from past experience, which may not
be very reliable, and data from recently reported claims. In this paper, we propose the
following (conditional) normal distribution for S, :

P(gfn S dS | g;,l = 51)32—2 = 52)

2
! 1 (s=Z%s - (1-Zs
= \I’ﬁ\/ﬁeXp{ 5 ( e ) }dz (1.9)

2 X (8,51,82) dx.

The parameter Z is reestimated in Section 6.

In Sections 3 and 4, recursive estimates for the rates of claims are derived under a
suitable “reference” probability measure.

In Sections 4 and 5, recursive estimates of the claim sizes are derived under a different
“reference” probability measure. The reason was to separate between the distributions of
the claim rates and the claim sizes. Note that the changes in the economical environment,
expressed by the jumps of the Markov chain X, link the claim sizes of the whole portfolio,
therefore creating some dependence between the different risk groups.

In Section 6, the expectation maximization (EM) is used to update the parameters of
the model.

2. Recursive estimation

In this section, we choose a probability measure PT, on the measurable space (Q,F),
under which the processes y¢, N¢, ¢ = 1,..., G, are sequences of stochastically independent
and identically distributed (i.i.d.) random variables. The probability measure P is referred
to as the “real world” measure, that is, under this measure, (1.5), (1.6), and (1.8) hold.

Suppose that under the measure P', processes y¢, N¢, ¢ = 1,...,G, are sequences of
i.i.d. Poisson random variables with rate 1 independent of everything else. Further, under
the measure P*, (1.3) and (1.8) hold.

Define
Ap = ﬁ Ams (2.1)
m=0
where Ay = 1 and
Am=ﬁlexp{l—6;1}(6;1>y5"exp{1—ufﬂ}%)’“ﬁt (22)

Define the “real world” measure P in terms of Pt by setting dP/dP' |3, £ A,. Define the
measure-valued process

gn(x1,...,x6)dx1 - - - dxg = ET[ALI (S5 € dxy,..., 05 € dxg) | Y. (2.3)

Here, ¥, = o{y;, N, c=1,...,G, k < n}.
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Remark 2.1. By Bayes’ theorem [3],

gn(xl,...,xG)dx1 - edxg
fRSgn(”b...,uG)dul e dug’

P(8} € dxi,...,8° € dxg | Y,) = (2.4)

THEOREM 2.2. Denote by go(x) the initial probability density function of §. The unnormal-
ized probability density functions g,(+) € Ry satisfy the recursion

(e ) e 1 - ) (x)”

gn(x1>~--ny

c=1 Uﬁm
(2.5)
G G i\ 2
l xc - zizl d,cul
XJRQ exp{—zc_zi (705 ) }g,,l(u)du.
Proof. Let f be a “test” function, 8, = (8',...,8%), and write
Ef [f(an)An | Oyn] = JRGf(xl,...,xc)gn(xh--.,xc)dxl - dxe. (2.6)

However, in view of (2.1), (2.2), (1.8), and (1.3),
G

B | L1700 19,
c=1

G
= *[An-ﬂexp{l—az}wz)”exp{l—u;}Wf((sn) mvn]

c=1

G
_pt [Ef [AM [Texp {1 65} (55)”

c=1

X exp{l _MZ}([/[;)Nﬁf((SH) |6yn16;c1—1) c= 1):Gj| |6yn:|

_HeXP{l_[/‘n}(#n) ET|: n-— 1I 1_[’7” xf’ n 1> 8;? 1>0 C)

c=1 *cl

x exp {1 —xc}(xc)yf’f(xl,...,xc)dxl ceedxg | Oyn_l]

_HeXP{l—#n 79 J JR H’Inx“b UG 0y

c=1 +c=1
X exp {1 _xc}(xc)y;gn—l(ulw--,uc)
X f(x1,...,xg)dx) - - ~dxgduy - - -dug by (2.6).
(2.7)

Since f is an arbitrary test function, this finishes the proof. O
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3. Predicting future claim rates

In this section, we wish to derive predictors for the rates of claims within the subgroups
of policyholders. That is, we wish to compute the conditional probability of Jy,,; given
the history up to the nth year. Define the process

Basin(x1s...ox6)dxy + + - dxg = EY Ay (8}, € dxy,...,85,, € dxg) | Y,]. (3.1)

Let f be a “test” function and write

ET [An+1f(6n+l) | O'yn] = JRGf(xl)---)xG)hn+1,n(xl)~--)xG)dxl st d.xG. (32)

LEMmMA 3.1.

hn+l,n(-x1>~ .. >XG)

[

1
_nexp — X eXp{ Ui Z //ln+1 (k')2
k=0 :
2
1 xc—Zg_ld?u’)
_ - e L=l Wit N CTTI dur - - - duc.
J& exp{ 2;( o & (11 ug)duy ug

(3.3)
Proof.

E'[Auir f(8n1) | Yy]

= BT A f (Sn) [ Texp (1= 8501} (8500)5 exp {1 — s} (u5) ™ mun]

(since y5,,, N&,, are not in Y, therefore we use their distributions under P*)

G
=E'| Et [Anf(5n+l) l_[exp {1 =8, }( ;C1+1)y’Hl
c=1

X eXp {1 - ‘Llferl } (.l’liﬁl)I\I:;Jrl | O'yn) 6;+1>[4n+1:| | O'yn:|

G * -2
e
= ET |:A"f(8ﬂ+1) | |eXP {1 n+1} eXp .unJrl Z n+1 [’ln‘*'l (k|)2 | 6'y":|
=1 k=0 '

:ET|: J f X15..5XG 1_[1711+1 xcyan) 6n,0n+l)exp{ XC}

c=1

0
X exp — Ui Z [/lnﬂ
k=0

1
e ——dx; - - - dxg | oyn}
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(assuming here that y5,,, is either known or predictable with respect to Y,, and using

(3.2), this is)

G
- J GLRan(xl,...,xG)nnH (Xe>Utyens UGy O5y) €XP { — X — iy }

T =1
- 1
X Z (xc)k(y,,ﬂ)kwgn(ul,...,ug)dxl - vdxeduy - - - dug.

k=0
(3.4)

The unnormalized density g,(u1,...,ug) is given recursively in (2.5). Since f is arbitrary,
the result follows. O

4. A second change of measure

In this section, we choose a probability measure P, on the measurable space (Q, %), under

. < <G . .. . .
which the processes S ,...,S are sequences of stochastically i.i.d. random variables with
the standard normal distribution.

Define

Lo=[]ym (4.1)

m=0

where yy = 1 and

K G = = 1 (Xnsei)
¢£n(Sm’Sml7l):|
m = e . (4.2)
! q [nl (S

Here, v is the density function of the standard normal distribution and (-, -) is the inner
product of two vectors in RX.

Now set dP/dP|, AT, where
G, = {85,y , NG X Sy ¢ = 1,...,G, k < n}. (4.3)
Define the measure-valued process
Ga(j) = E[Ta(Xnsej) | L] (4.4)

Here, ¥, = 0{S;, c = 1,...,G, k < n}.
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TueoreM 4.1. Denote by {y(j) the initial joint probability density function of X. The un-
normalized probability (,,(j) € Ry satisfies the recursion

G <€ ¢t 2 K
N 1 1 Sn_ajsnfl | ) .
(n(]) 1_[25 P{ B <—Z$’ ) +E(Sn) };pji(nl(l). (4.5)
Proof. Inview of (4.1), (4.2), and (1.8), we have

E[TW(Xn ej) | Ful

G C C
_ 1—{7")1’)E[Fn1<xmej> | Fu]

. (4.6)
:n(p(j/’z#zlyﬂ n n1,€>|570n 1]

c=1

< 65,(S,,S,
H%Z}’;n(u 1 l) bY(44)
c=1 n i=1

5. Predicting future claim sizes

In this section, we wish to derive one-year-ahead predictors for the claim size. That is, we

wish to compute the joint conditional probability of giﬂ yene ,gfﬂ given the history up to
the nth year. Define the process

Euiin (X150 G) s -+ dig = E[TurI (St € dxre.s Sy € dxg) | 9] (5.0)

<« » . ° <=l <G .
Let f be a “test” function, S,+1 = (S,41>...»>S,41)> and write

[ n+1f( n+1) n] = JRGf(xla-“7xG)£n+1,n(xla~--)xG)dx] e dXG. (52)

LEMMA 5.1. The one-step (unnormalized) predictor for the claim sizes is given by the mea-
sure

K 1 1 Xc— CSC ?
Enrin(x15...5x6) = z nmexp‘l—g (7) }zp]l(n(l (5.3)

j=lc=1 n+1

The unnormalized density (,(i) is given recursively in Theorem 4.1.
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Proof.

E[Fn+1f(§n+l) | 8’,,]

[
M=

F[rn+l <Xn+1)ej>f(§n+1) | Sfn]

1

-
I

I
M=

E|: ”< ”+1’e]>f n+1 nw E# :|

=1 ¥ (Spa)
K K G

= zZPJiE[FMXmei)J ,f(xh--.,xc)l_[w‘(x 7(/)"“(%’ "’])dxl - dxg | S’n]
j=li=1 RY =1 ye(x)

G
f(xl,...,xc)n¢§+1(xc,§;,j)dx1 deijz Xn:el> | g)n]

c=1 i=1

I
M=

.1R§

(.
I

K
LRFf Xls. .0 XG ]_[¢n+1 Xes Sy j)dxy - - - dxg Y. piilali)

j=1 = i=1

[
M=

(5.4)
This finishes the proof. O

6. The EM algorithm

The EM algorithm (see [1, 2]) is a widely used iterative numerical method for computing
maximum likelihood parameter estimates (MLEs) of partially observed models such as
linear Gaussian state-space models. For such models, direct computation of the MLE is
difficult. The EM algorithm has the appealing property that successive iterations yield
parameter estimates with nondecreasing values of the likelihood function.

Suppose that we have observations yi,..., yx available, where K is a fixed positive in-
teger. Let {Pg,0 € ®} be a family of probability measures on (Q, %), all absolutely con-
tinuous with respect to a fixed probability measure Py. The log-likelihood function for
computing an estimate of the parameter 0 based on the information available in Yk is

dPg

P (6) = Eo[log |6y,<] ©6.1)

and the MLE is defined by

6e argmax L (6). (6.2)
0O

Let 6 be the initial parameter estimate. The EM algorithm generates a sequence of pa-
rameter estimates {Bj}, j =1, as follows.
Each iteration of the algorithm consists of two steps.
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Step I (E-step). Set 0= éj and compute 2(6, 5), where

~ dP
2(0,6) = Eg[logdp(i | OyK}. (6.3)
0

Step 2 (M-step). Find éj+1 € argmax, g 2(0, éj).

Using Jensen’s inequality, it can be shown (see [2, Theorem 1]) that the sequence of
model estimates {éj, j = 1} from the EM algorithm is such that the sequence of likeli-
hoods {§BK(éj)}, j = 1, is monotonically increasing with equality if and only if é]-H = 61

Sufficient conditions for convergence of the EM algorithm are given in [6]. We briefly
summarize them here: assume that

(i) the parameter space ® is a subset of some finite-dimensional Euclidean space R";
(ii) {0 € ®: Pr(0) = Fx(Bp)} is compact for any P (o) > —o0;
(iii) &Lk is continuous in @ and differentiable in the interior of ® (as a consequence
of (i), (ii), and (iii), clearly §£K(éj) is bounded from above);
(iv) the function Q(G,éj) is continuous in both 6 and 6]

Then, by [6, Theorem 2], the limit of the sequence of EM estimates {éj} has a stationary
point 0 of $x. Also, {SEK(éj)} converges monotonically to P, = £,(0) for some station-
ary point 8. To make sure that £, is a maximum value of the likelihood, it is necessary to
try different initial values 6.

Here, we wish to update the parameters from 6 = {c?f, ic=1,...,G} to aset O(n) =
{di(n), i,c=1,...,G}.

Let D = {d}, ¢,i = 1,...,G, be a G x G nonsingular matrix and &, = (8},...,89).

Definition 6.1. Given two (column) vectors X and Y, the tensor or Kronecker product
X ® Y is the (column) vector obtained by stacking the rows of the matrix XY’, where ’
is the transpose, with entries obtained by multiplying the ith entry of X by the jth entry
of Y.

For instance, if {e1,e,} is the standard basis of R2,

ep®e; = (1,0,0,0)’, er®e = (0,1,0,0),,

6.4
e;®e =(0,0,1,0)", er®e; =(0,0,0,1)". (6.4)

Maximum likelihood estimation of the parameters via the EM algorithm requires
computation of the filtered estimates of quantities such as

n n
9-511) = Z Om ® Om—1, 9‘1(12) = Z Om—1® 1. (6.5)

m=1 m=1

Let f;, fi € RC denote unit vectors with 1 in the ith and jth positions, respectively.



254  Recursive estimation in an insurance model

Fori,j € {1,...,G},

T =S G ) Omn fi)s TH =S (St f) Omr fi)s (6.6)

m=1 m=1

here, (-,-) denotes the scalar product.

1) (2)

Note that 72" and T are merely the elements of the matrices T and T2, re-
spectively.

Now the expression for 9.(6, 5) is derived.

To update the set of parameters from 6 to 0, we introduce the density dPg/dPj|g, =
[T5,—oym> where yo = 1 and, for m > 1, y,, = ¥ (0, (8 — D8m—1))/y (0, (8 —D8,1)).
Here, w(-) is the standard multivariate normal distribution N(0,xg,Igxc) and o0, is a
G X G diagonal matrix with diagonal entries a},...,07, where ¢, is given in (1.4). Now

~,

} [ i —D8y-1) 0,2 (8 = Do) onn} +R(0)

m=1

dPy
Ej| log
9|: dPg @ (6.7)

=9(6,0),

where R(g) does not involve 0.
To implement the M-step, set the derivatives 02/06 = 0. This yields

n n -1
D(n) = Eg[ D 6 ® Ot | Oy] (Ee[ D o1 ® Ot | oyD : (6.8)

m=1 m=1

Define the measure-valued processes

W) = B 07318, € dx) |9,

(6.9)
@) = BN AT A P1(8, € dx) | W, ].
Then, for any “test” function g : R® — R, write
B AT Vg0 19,] = | g,
(6.10)

B AT Vg6 1] = [ g1
RG
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1](1) 1](2)( )

TuEOREM 6.2. Denote by B the initial probability denszty functions of T

and TV, respectively. The unnormalzzed probability densities ﬁn ) € Ry, i=1,2, sat-
isfy the recursions

-
[5:1]( )(xl,...,xc)

_ 1E[ exp {1 — g} ()" exp {1 — .} ()™
c=1 Uﬁ\/ﬁ

Hh) exp{—§§ (‘27‘{)} <u,fi>gn—1(u)du}>

c=1 chl
(6.11)
1]( )(xl) )xG)
el ) exp (1 - x ()"
c=1 Uﬁ\/ﬁ
RS p 2 = Uﬁ n—1
18 (x, - Zild?u" ?
+ JRE exp _Ec; (T) (us fi) s £j) gn-1(w)du | .

Proof. The proof is similar to that of Theorem 4.1. O

To update the parameters in (1.6), let A(X,) be a G X G diagonal matrix with diago-
nal entries a!(X,,),...,a%(X,), that is, on the event [X, = ejl, Alej) = diag(a},...,ajG). We
assume that a} # 0 for all c and all j.

Write S,, = (3;,...,@5) and X = diag(Z',...,29).

To update the set of parameters from 0= {Al j= L...,K,3} to 8(n) = {Ai(n), j=
1,...,K,X(n)}, introduce dPg/dPj|g, = ]_[51:0 €, where €p = 1 and

K ~ . =1 = — (Xmei)
B 127 [y ((Z7) " (Sm —Afsm_l))} '
em=]] [ . TG B8] . (6.12)

Here, y(-) is the standard multivariate normal distribution N(01x6,Igxc)-



256  Recursive estimation in an insurance model

Now recall that &, = 0{3;, c=1,...,G, k < n}; therefore

dPg
[lo dP | Ef’n]
K n .
=->E [ (Xm>ej) |Ef’}log|21|
i=1 m=1 (6.13)
1 K n ) . )
S| 3 ) 19 0= 48, () 6= 45
i=1 m=1
+R(9) =2(0,0),
where R(g) does not involve 0.
To implement the M-step, set the derivatives 02/06 = 0. This yields
AJ(H) _ E@[Z-ﬂm:l <Xm)ej> | Efrlzl:gm ®S:n71 ’
E§[Zm=1 <Xrn)ej> | SJn]srrhl ® Smfl
(6.14)

o Bl St (Xes) [ F0) (S — A7 1) © (S — A75,1.1)
()" (m) = E5[ Zne1 (Ximrej) | Fa] '

Let T) = S 1{Xime;j) and define the process Yn =E[A, Tn | &,.].

Remark 6.3. The following recursive filters are derived under P which is defined in
Section 4. A closed-form finite-dimensional recursion is only possible for the condi-

tional joint distributions of T} and X,. That is, we will consider recursive filters for
E[L,T.X, | %] = el However, Y7, = 3 o (eh,ep).

THEOREM 6.4. Let sé be the initial joint density function ofTé, Xo and, forn = 1,

1 1 gc acgc 2 1
i_TT 2 L (e il 1(36)2
Sn—nz exp{ 2( 5 ) +2(Sn) ]»

K .
X Z pecee(eh_1,ee) +ejCa())

tLe=1

(6.15)

Proof. Note that T) = T{,_ 1+ (Xn,ej). Hence

E[L,TX, | 9] = E[LT) X, | 90] +EL{Xne) Xa | 6] (6.16)
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However, in view of (1.8), (2.1), and (2.2),

E[rnTi—IXﬂ | 37”]
K .
= z eeE[rnT;’,,_l <Xnae€> | Efn]

£=1
G N K
SisSu_15] i
=11 “”41 Z A1 Ty (PXnee) | 3]
c=1 V/ =1
G N K (6.17)
S8, 1> i
- n“”4 3 pusElA T X))
c=1 V/ =
G K
(S,,S, 1, i
nnfnl]) Z pecec(e_1,e1),
c=1 (S ) t,l=1
E[rn<Xmej>Xn | SJn] = ejE[rn<Xn)ej> | SJn] = ej(}’l(j))
where (,(r) is given recursively in Theorem 4.1. This finishes the proof. O

To update the parameters in (1.9) from 6 = (7,9} to 0(n)

= {Z%(n),¥(n)}, set
dPg/dPyls, = [1),—o km> where kg = 1 and

Fey (%) '
4

K = —~ fm_zwsm’l_(l_{ )f’”’z)). (6.18)
\PCI//(( C) (Sm _chmfl - (1 _ZC)SWHZ))
Here, /() is the standard normal distribution N(01x6,IGxc)-
Now
dPg R - ~
log=—" = —nlog¥+ =~ > (S,, - Z°S,,_, — (1-Z°)S,,_ ) +R(0)
dP; 2 mZ:l ! ? (6.19)
=9(6,0),
where R(5) does not involve 0.
To implement the M-step, set the derivatives 02/06 = 0. This yields
et (S = Si1) Sz = S
Zc(n) - z 1;,1 Z(SC I)S(c 22 ),
) m=1\Ym-2 m—1 (6.20)
(¥) (n) == 3 (8, =28, ~ (1-295,,5)".
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Remark 6.5. Since Z € (0 1), it is clear that S;, is between S, , and S, _,. Therefore,
S ,—S, ,and S, , -3, have the same sign. So we may assume that they are both

positive. Hence we can use the Cauchy-Schwartz inequality to see that

C =€ =€

0< ZC(H) _ anzl (5;72 _gmfl)(sm72 _ Sm)
< < 2
St (Sma = St)

—¢ 1/2 n _ _ 1/2

=S )] [ S S =S
Zm:] (Sin—Z _Sin—l)z

n = —\2 12
3 [ e (Ses = Si) ] -
- n —=C —=C 2
Zmzl (Sm72 - Smfl)

- [Zm 1 (S (6.21)

because (S, , —S,)2 < (S, ,—S, )%

To replace the parameters pj; by p;i(n) in the Markov chain X, we define

n K b(n) (Xmsej) (Xin-1,6:)
$.=11T11 (”) (6.22)
A

and set dPy/dPglq, = £
Then one can show [3] that the new estimates of the parameter p;;(n), given the ob-
servations up to time #, are given by

: A E PN A 1))
) = e L) , (6.23)
bt Z§:1E[rn97{ | Fu] Z] 19 ( ])

where $i/ = X (X1, (Xomre;).

Remark 6.6. The following recursive filters are derived under P which is defined in
Section 4. A closed-form finite-dimensional recursion is only possible for the condi-

tional joint distributions of }lnj and X,,. That is, we will consider recursive filters for
E[T,$7 X, | $] £ pii (n). However, y,($1]) = 30 (p'i (), e¢).

LEMMA 6.7. Let pgj be the initial joint density function of(%j, Xo and, forn = 1,

G c
- S IRV ST SRR e
pn 71_[Zzexp 2 Zz +2(Sn)

c=1

. (6.24)
X [ > Per@(Pi{;pez) +Pji€j(n1(i)]-

t,e=1

Proof. The proof is similar to that of Theorem 4.1. ]
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7. Conclusion

In this paper, using hidden Markov model techniques, recursive filters for various quan-
tities of interest related to an insurance model were derived. Formulae to predict future
claims were established. The EM algorithm was used to update the parameters of the
discussed model.
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