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ABSTRACT

In this paper we study a class of Mixed Bivariate Poisson Distributions by extend-
ing the Hofmann Distribution from the univariate case to the bivariate case.
We show how to evaluate the bivariate aggregate claims distribution and
we fit some insurance portfolios given in the literature.
This study typically extends the use of the Bivariate Independent Poisson
Distribution, the Mixed Bivariate Negative Binomial and the Mixed Bivariate
Poisson Inverse Gaussian Distribution.
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1. INTRODUCTION

In this paper we study a family of bivariate counting distributions. These dis-
tributions are of interest in actuarial sciences when one wants to work with
frequencies of dependent variables such as material damage and bodily injury
claims in third party liability automobile insurance.

The general family of bivariate distributions we present in this paper has
the following particular cases: the Mixed Bivariate Negative Binomial Distri-
bution (MBNBD) and the Mixed Bivariate Poisson Inverse Gaussian Distribu-
tion (MBPIGD). These particular cases have already been discussed in Besson
and Partrat (1992) and in Partrat (1994).

By extending the univariate Hofmann Distribution described in Walhin and
Paris (2000b), we give a general setting for studying Mixed Bivariate Indepen-
dent Poisson Distributions.

Note that we use the term Mixed Bivariate Independent Poisson Distribu-
tion in order to stress on the fact that it is a Bivariate Distribution obtained
by mixing the Bivariate Independent Poisson Distribution.

ASTIN BULLETIN, Vol. 31, No. 1, 2001, pp. 127-142

https://doi.org/10.2143/AST.31.1.997 Published online by Cambridge University Press


https://doi.org/10.2143/AST.31.1.997

124 JF. WALHIN AND J. PARIS

The bivariate version of the Hofmann Distribution obtained by mixing
the Bivariate Independent Poisson Distribution will be called the Mixed Bivari-
ate Hofmann Distribution. It remains important to stress on the “Mixed”
because Bivariate Hofmann Distributions can also be constructed via the
trivariate reduction method (see Walhin and Paris (2000c)).

The rest of the paper is organized as follows. Section 2 reviews the concept
of bivariate ordinary generating functions. Section 3 describes the Mixed
Bivariate Independent Poisson Distribution. Section 4 extends the univariate
Hofmann Distribution to the bivariate case. Section 5 addresses the problem of
estimating the parameters of the distribution. Section 6 gives a stable recur-
sion for the aggregate claims distribution which is based on a two-stage algo-
rithm. Section 7 gives the fits for the data sets given in Besson and Partrat (1992)
and in Partrat (1994). The two-stage algorithm is also applied. Section 8 gives
the conclusion.

2. BIVARIATE ORDINARY GENERATING FUNCTIONS

In the following sections we will use the concept of bivariate ordinary gener-
ating functions. This is a generalization of the ordinary generating functions
(see Panjer and Willmot (1992) for an application in actuarial sciences).

Let us assume a sequence {a, ., n € Z, m € Z} of real numbers.
The ordinary generating function of this sequence is defined as

T, .@,v)=21 Da, ,u"v".
n=0 m=0
Obviously u and v must be chosen in such a way that the sum exists.
Ordinary generating functions have the following nice properties:

— There is a one-to-one correspondence between {a, ., n € Z, m € Z} and

1., W,v).
| 39"T.,, W)
— Ay m= 2
onlm! 9y v
u=0,v=0

= Cpym= Oy mt ﬂbn,m « Tc,,,m (u, V) = OLTa,,’m(u: V) + ﬂTbn,m (u, V).
n_m

— Cpom™ Z Zak,lbn—k,m~l Aad Tc,,,m(ua V): Ta,,‘,,,(u> V) Th,,,,,,(“» V).
k=0 1=0

= T, V)= 1 E—)% T, . @v).

The philosophy behind using ordinary generating functions is the following:

— look for a relation between some sequences a,,,, b, > Com» -
— go in the (u,v) map if the calculations become easier (think of the convolu-
tion that becomes a product).
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— go back in the initial map by inverting the expression in (u,v) thanks to the
properties.

In this paper, the sequences g, ,, will be probability functions and so, ordinary
generating functions are just probability generating functions. In this case we
have the convergence of the bivariate sums at least if |u|<1and |v|< 1.

3. THE MODEL

We are going to study the random vector (N,M) of counting variables. We
will obtain the distribution of (N,M) by mixing the conditional distribution
of (N,M) with a random variable A with distribution function U(Z):

PWN=n M= m):fo""uD(N:n, M=m|A=2)dU(Q). (1)

Furthermore we assume that

— Conditionally on A the random variables N and M are independent.
— The conditional distributions of N and M given that 4 = A are univariate
Poisson with parameter respectively 4 and fA.

The probability generating function of (N,M), w1, v) = E[u™vM], writes
W, M(u’ V) :fooei(u—l)+ﬂi(v—l)dU(/1)'
0
Kemp (1981) introduced the notion of Homogeneous Bivariate Distribution:

Definition: A bivariate probability generating function w(u,v) is said to be of
the homogeneous type if

W) = Hiowu + o),
with
H(O'l + 0'2) =1 O

If one chooses H such that

we immediately get that (N, M) is a Bivariate Homogeneous Distribution with
gy,=1and g,=§.

Kocherlakota and Kocherlakota (1992) have given the following characteriza-
tion theorem:

Theorem: The probability generating function wy ,(u,v) is of the homogeneous
type if and only if the conditional distribution of N given N + M = z is Bino-

mial distributed: Bi <z, Fi—%;). a
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In our case we have that

. 1
NIN+M—Z~Bl<Z,l+ﬂ>,
a result that also has been obtained by Partrat (1994) and Hesselager (1996).
From Hesselager (1996) it is possible to extend the result of Kocherlakota and
Kocherlakota (1992) by
- _ 0
L= ot oy’

- _02
P2 = 0'1+O'2’

W M, V) = Wneppru+ pay),

where yy, ()= P[N + M= {]u' is the probability generating function of N+ M.

i=0

4. THE MIXED BIVARIATE HOFMANN DISTRIBUTION

Walhin and Paris (2000b) described the Hofmann Distribution. Let us recall
some concepts.

Let N(7) be the number of claims occurring in the time interval (0,¢] with
N(0) = 0. Assume N(?) is an infinitely divisible Mixed Poisson process (see
Grandell (1997)) for which

I(n,0=P[N@®=n]= [0 TeH % dU(), )
and
0,)=P[N@®=0]=e"?,

where 6(¢) is a Bernstein function:
0@ =0,
8(0)=0,

% 6 (?) completely monotone.

The probability generating function of N(¢), wy () =E [uN (')], writes
Yno@)=110,1-).

With the particular choice

4 gp=—2L >
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we have a Hofmann process (see Hofmann (1955) or Kestemont and Paris
(1985)).
By integration, one has

_ 14 l-a__4]:
00 = i- [+ 1] ifa=1,
@) = % In(1+ ¢#) by continuity for a=1.

Particular cases of interest are: a = 0 (Poisson), a = 0.5 (Poisson Inverse Gaus-
sian), a = 1 (Negative Binomial), a =2 (Polya-Aeppli), a —» oo, ¢ >0, ac —>b
{(Neymann Type A).
For fixed ¢, it is possible to express the random variable N(¢) in the form
of a compound Poisson distribution:
Lo .

N(t): ;Eia

where L(¢) is Poisson distributed with mean 6(¢), independent of the Z; which
are independent and identically distributed. Moreover as

P[=z=¢] r S

PlE=¢-1]

¢>1,

the probability distribution of = is a member of the (r, s, 1) class of counting
distributions. The (r, s, 1) class is just a reparametrization of the classical
(a, b, 1) class in order to avoid confusion with the g of the Hofmann Distrib-
ution.

Thanks to this property, it is possible to use the Panjer algorithm in order
to evaluate the aggregate distribution of S:

N@©®
S= ZX,
i=1

It is however necessary to apply the algorithm two times: we first introduce
the random variable

'M[x]

1
—_

U= X,',

and then

oy

U]
S= Ui~

The distribution of U can be evaluated by the extended Panjer algorithm (see
Sundt and Jewell (1981)) whereas the distribution of S can be evaluated by
the Panjer algorithm (see Panjer (1981)).

For fixed ¢, in the sequel we will write IT, . ,(n,t) for II(n,f) in order to specify
the use of the Hofmann Distribution Ho(p,c,a).
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From now on let us fix ¢ =1 and let us use the Hofmann Distribution in our
bivariate case. Let us assume that A is the mixing variable leading to the Hof-
mann Distribution.

From (1) and (2) we immediately get

(n+m)! B
nim! (1+p)

PN=n M=m)= T H(n+m, 1+ f), 4

where it is easy to see that
Hp, c,a(n tm, 1 +,B): H(l+ﬂ)p,(1+ﬁ)c,a(n +m, l)

In fact our model introduces dependency such that:
N~ Ho(p,c,a),
M~ HoQpp,cf,a),
N+ M~ Ho(p(+p),c(1 +p),a).

This clearly generalizes the reasoning of Partrat (1994) where only 4 Gamma
or Inverse Gaussian distributed are considered.

5. ESTIMATION OF THE PARAMETERS

Let us assume that we have observed a sample (n;, m;), 1 <i < g of (N, M).
The log-likelihood writes

q
l(ﬂ,p,c,a)=lnH[P’(N:n,-,M=m,-)

i=1

q q
= C+Inf 2 mi=In(1+ ) 301+ m;) + s (B, p, c,a),
i=1 i=1

where /,.,,(B, p, ¢, a) is the log-likelihood for the univariate Hofmann Distrib-
ution Ho((1+8)p,(1+f)c,a) with the sample (n;+m,), ] < i< gand Cisaterm
that does not depend on the unknown parameters.

As shown in Besson and Partrat (1992), ai Lavm (B, p, c,a)= 0 at the maximum
likelihood estimate. So we immediately get

A

p=

where 7 (resp. ) is the experimental mean of N (resp. M).

By standard results on the univariate Hofmann Distribution (see Hiirli-
mann (1990)), we know that the maximum likelihood estimate of the mean is
the observed frequency. Therefore maximizing /,.,,(f, p, ¢, @) implies that

>

3I|§|

pa+py=n+m
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So the estimates p and f§ are derived analytically. The other two estimates
¢ and 4 have to be found by standard numerical maximization techniques.
Note that one has to be careful because the likelihood may be very flat and
local extrema are not excluded.

6. A STABLE TWO-STAGE RECURSION FOR THE AGGREGATE
CLAIMS DISTRIBUTION

In the conclusion of his paper, Partrat (1994) addresses the problem of find-
ing recursions like Panjer’s recursion (see Panjer (1981)) in order to obtain the
distribution of the aggregate claims.

Let X, be the random variable representing the ith claim amount of type
N and Y, the random variable representing the ith claim amount of type M.
We will assume, as usual, that the X; and Y; are mutually independent random
variables. They are also arithmetic. The X; are identically distributed. The Y;
are identically distributed. We also assume that the X; and Y; are independent
of N and M. We are interested in the distribution of

N M
sn=(zr 2

In the case of the Mixed Bivariate Negative Binomial Distribution the answer
to Partrat’s question was given by Hesselager (1996). In his paper, Hesselager
(1996) gives a stable algorithm for the evaluation of the joint probability func-
tion of (S,T) for the particular case of the Mixed Bivariate Negative Binomial
Distribution, i.e. when A is Gamma distributed.

In this section we will use the same methodology as in Hesselager (1996)
in order to derive stable algorithms for the distribution of (S,7). As we know
that U is infinitely divisible, it follows from Maceda (1948) that the distribu-
tion of (N,M) is also infinitely divisible.

Then we know from Sundt (1999a) that (N, M) can be interpreted as a bivari-
ate Compound Poisson distribution:

L L
(N’Mz(glgi’glgi),

where the =; and Q,; are not independent and L is Poisson distributed inde-
pendently of the (Z}, ).

To be able to use the bivariate Panjer algorithm, we introduce the auxiliary
vectors

and then
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We will use the following notation:

Probability functions

PWN=n,M=m) = p(n,m),
PK=k) = fxk), (K=N+M),
PX=X = [,
P(Y=)) = fr(),
PS=5T=1) = fs 100,
PE=n8=m) = fzo,m).

Probability generating functions
wx@) = 2 fxu’,
x=0
wr() = 2 fr o),
y=0
wrW) = ZOfK(k)uk’

!//N’M(U,V) = Z Zp(nam)u”vma

n=0 m=0

ws.rv) = 25 20 fsrlepu'v’,
x=0 y=0

Wz oW, v) = 23 2 fzob,mu"y".
n=0 m=0

The bivariate Panjer’s algorithm described in Wathin and Paris (2000a) as well
as in Sundt (1999b) and Ambagaspitya (1999) will be used in order to find the

distribution of (S,7T) knowing the distribution of (U, V).

In a first time we are interested in deriving the distribution of (U, V). There-

fore we first need to derive the distribution of (£, Q).
Remember that we have

WU V)= Wninpru+ pav).

We find
!//N,M(U, v) = e—()(l+ﬂ‘(1+/’7(/)1 u+p2v)),
= o P WHP-yz0w )
where
WE;Q(Oa O) = 0,
0+ 1—(piu+pyv
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(Z, Q) also has a bivariate homogeneous distribution. Indeed

vz oW, v)= Gpu+pyv),

G(x) = 1—0(—(19%2,

Glpi+pa)=1.
The Taylor expansion around (1 + f) of (5) gives after a few calculations

. 0T A+ B 1T+ m)!
Jeetm= =g ot B atmr

As we have

0(1+p) = Tlli?)[(l +e(t+p) -],

mim-1 L@ +m+n—

Fl=D s+ p,

0(n+m)(1 +ﬁ) — (_1)n+m—lpc

we immediately get

l+c+p)emm
[1+cd+p)] -1

+ ' n+m _
Sfzob,m)= (nngnTy) (nc+ m)! }“(;)

[)""F(a+m+n—1)[

n+ m)
= (n!m!) p?pZmP(W=n+m),

with
W=5+Q,
and 1
= m,
__B
P2 = T+5
Indeed W)= Wz, oW, u)
_, 0@ +p)a-w) (©)
- a1 +p)

A Taylor expansion around (1 + ) of (6) immediately shows that

[1+c+p])e™

P 0¥ =y gy Tt w =00+ (e

wl T(a)
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With the particular form of the distribution of W, we immediately find, with
Sww)=BW=w),

fu) | c0+p)  cl+P@-D1

fww=1) 1+c(l+p) T+cl+p W
which is well in the form of the (r, 5,1) class with
__cd+p
" T+cd+py

o= c(1+pB)a-2)
I1+c1+p)

Sw0)=0,

3

[1 +c(l +ﬁ)] -4
[I+cA+p]' -1

Sall) = c(1+f)(1-a)

Now let us study the distribution of
(Ua I/): (X1+ .t XE, Y1+ . Y_Q)

As W is a member of the (r,s,1) class we have:
(1= <y = fi)) + -+ k. ™

We are now able to extend Hesselager’s methodology to find the aggregate
claims distribution.

Theorem 1
We have
.fE,.Q(l’O) = plfW(l)s (8)
fzol,m) = /71("+ %)fasz(n" 1,m)
+r1py fzom,m—1), n=1 unlessif (n,m)=(1,0), ©)]
fz00,1) = py fud), (10)
Szobm) = pa(r+5) fzobm=1)
+rp1 fzom—1,m), m=1 unlessif (n,m)=(0,1), (11)
Proof

We already noticed that
Wz oW, V)= yulpiu+pav). (12)
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By differentiating (12) with respect to u, and using (7), we get
2
(A=rpru=rp2v) 5. ¥z009)= pfu(D+ (+ )Yz oW, v)).

Inverting this expression we immediately get (8) and (9).
(10) and (11) are derived similarly. |

Theorem 2
We have

(1 +p)(1-(p fx(0)+szy(0))))
- o+ p) (13)

S (6,0)= T_—n)m(mfw(l)fx ®

fU,V(O,O):

+P1§(r+Syi)fx(i)fu,v(x—i,o)>, x>0, (14)
fur©.9)= I—_ijy—(o—)(psz)fy(w

20+ DO 0.5-0) 30 oy
o6 = T e e P B D e 0 =i

+/’2”if¥(f)fu,v/(xay—j).>, x>0,y>0, (16)
=l

fU,V(Xay) - 1— rpzfy((ﬁ rple(O) (,022(”“" )fY(l)fU V(x y- )
+p1rZ‘;/}((/)fu,v(x—j,y)), y>0,x>0. a7
Jj=
Proof

As f1,1(0,0)=wz o(fx(0), f1(0)) we immediately find (13) by using equation (5).
From (9) we get

fzol,m) = pl(r+%)f_:,g(n—l,m)+rpzfg’g(n,m—l) (18)
nfzomm) = mpn—1)fz0m—1,m)
+p10r+8)fz00—1,m)+rpynfz on,m—1). (19)
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Multiplying both sides of (19) by uy’s ') % wx @)y} (v) and summing on n =
1 >0, m=1-— oo gives

UR W) = iy )Yy )
+(+s)piu diu Wx @y oy @)ty y @ v)yy ).

Inverting and rearranging this expression gives (16).
Multiplying both sides of (19) by uyy ') % wx @)y (0) , summing on n =2
— o0, m=0-> 00 and adding fz o(1,0)u % yy () on both sides gives

Uy @) = 1 DV @)+ ey G )Yy )
O+ Py @y ).

Inverting and rearranging this expression gives (14).
(15) and (17) are derived similarly.

Knowing the distribution of (U,¥) it remains to evaluate the distribution of
L L
(Ss T): (ZUia ZV1>
i=1 i=1

This is easily done with the bivariate Panjer’s algorithm.
We have
fs5.7(0,0)= ¢ 0 U+AU-Juv 0.0)

S5.060= X004 BT | fsr6=x1=0urCey), 52 1,

2

where we use the following notation:

Sety)= 3 Ve y)-£0,0)

x=0 =0
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7. NUMERICAL APPLICATIONS

In this section we fit two data sets given in Partrat (1994).

135

Data set 1 gives the yearly frequencies of hurricanes affecting two zones
(zone 1 and zone 3) of the United States.
Data set 2 gives the yearly frequencies of an automobile third party liability
portfolio, divided in material damage (type 1) and bodily injury (type 2) claims.

TABLE 1
DATA SET |
zone3
zonel 0 1 2 3
0 obs 27 9 3 2
a=0 27.67 13.04 3.08 0.49
a=0.0057 27.59 13.05 3.09 0.49 -
1 obs 24 13 1 0
a=0 20.45 9.66 2.29 0.36
a =0.0057 20.47 9.69 2.29 0.36
2 obs 8 2 1 0
a=0 7.57 3.59 0.85 0.14
a =0.0057 7.59 3.59 0.85 0.13
3 obs 1 0 2 0
a=0 1.88 0.89 0.21 0.03
a = 0.0057 1.88 0.89 0.21 0.03

For this data set, the maximum likelihood procedure for the Mixed Bivariate
Hofmann Distribution (a = 0.0057) gives almost the Bivariate Independent Pois-

son Distribution (a = 0).

The characteristics of the fit are given in the next table. In order to compute the
¥ statistic, some cells have been grouped in order that the theoretical frequencies
are all larger than 1 and about 80% of the theoretical frequencies are larger than 5.

In the present case we work with 8 classes: (0,0), (0,1), (1,0), (1,1), (2,0),
(0,2+) and (1,2+), (2,14), (3+,04).

PARAMETER ESTIMATES, LOGLIKELIHOOD AND %2 TEST — DATA SET |

TABLE 2

BIPD MBHD
B 0.6377 0.6377
p 0.7419 0.7419
¢ 0.5137
a 0 0.0058
A -187.9615 —187.9607
2 3.73 3.77
df 5 3
p-value 0.589 0.287
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A likelihood ratio test does not reject the null hypothesis that Bivariate Poisson
Distribution is adequate against the more general model Mixed Bivariate Hof-
mann Distribution. Within the latter model we cannot reject the fact that both ran-
dom variables are independent. In this case the principle of parsimony indicates
that the Bivariate Independent Poisson Distribution (BIPD) should be retained.
Now let us study our second data set:

TABLE 3
DATA SET 2
Bodily injury
Material damage 0 1 2
0 obs 171345 918 2
a=0 171086.9 946.0 2.6
a=1 171348.8 897.1 4.7
a=0.5 171348.7 897.5 4.6
a=0.2982 171345.8 898.6 4.5
1 obs 8273 73 0
a=0 8726.4 48.2 0.1
a=1 8275.5 86.3 0.7
a=0.5 8279.5 84.9 0.8
a=0.2982 8289.4 82.8 0.8
2 obs 389 5 0
a=0 222.5 1.2 0.0
a=1" 398.2 6.2 0.1
a=0.5 391.5 6.9 0.1
a=0.2982 381.9 7.6 0.1
3 obs 31 1 0
a=0 3.8 0.0 0.0
a=1 19.1 0.4 0
a=0.5 21.3 0.6 0
a=0.2982 23.5 0.8 0
4 obs 1 0 0
a=0 0.0 0.0 0.0
a=1 0.9 0.0 0.0
a=0.5 1.3 0.0 0.0
a=10.2982 1.9 0.1 0.0
TABLE 4

PARAMETER ESTIMATES, LOGLIKELIHOOD AND %2 TEST — DATA SET 2

MBPD MBNBD MBPIGD MBHD
p 0.1084 0.1084 0.1084 0.1084
D 0.0510 0.0510 0.0510 0.0510
c 0.8934 1.8235 3.0695
a 0 1 0.5 0.3006
y) —43251.57 —43143.09 -43141.79 -41141.27
2 369.76 11.54 8.72 7.44
df 5 4 4 3
p-value 0 0.021 0.068 0.059
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The MBPD and MBNBD are rejected at the 5% level. The MBPIGB and
MBHD are not rejected at the 5% level. The grouped cells are: (0,0), (0,1),
(1,0), (1,1), (2,0), (2,1), (3,0), the rest.

Let us work with the portfolio given in table 3 and the Mixed Bivariate
Hofmann fit of this portfolio.

Let us assume that the distributions X (material damage) and Y (bodily
injury) are given by:

TABLE 5

CLAIMS DISTRIBUTIONS

X Sx(x) Y J¥(y)
1 0.2 5 0.2

2 0.2 10 0.36
3 0.2 20 0.22
4 0.1 50 0.11
5 0.1 100 0.11
10 0.1

20 0.1

We find the aggregate claims distribution:

TABLE 6

AGGREGATE CLAIMS DISTRIBUTION

§=0 S=1 §=2 S=3
T=0 0.9410275  0.0010876  0.001958%  0.0000042
T=5 0.0100336  0.0000219  0.0000395  0.0000001
T=10 0.0101349  0.0000223  0.0000403  0.0000001
T=15 0.0102375  0.0000228  0.0000411  0.0000001

Obviously, as the span of the Y claims is 5, it is most convenient (and less
time consuming) to rescale the Y claims by division by 5 and then to revert the
scaling for the final bivariate aggregate claims distribution.

8. CONCLUSION

In this paper we have extended the use of traditional Mixed Bivariate Indepen-
dent Poisson Distributions into a general family of bivariate counting distri-
butions. This family has interesting properties. On the one hand it authorizes
a maximum likelihood estimation in a univariate setting. On the other hand
it gives stable algorithms for the evaluation of the bivariate aggregate claims
distribution.

The fits of some insurance portfolios are improved thanks to the use of
the Mixed Bivariate Hofmann Distribution.
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REMARK

A first version of this paper has been presented at the Royal Statistical Society
Conference 1999, Warwick.

Three anonymous referees are greatly acknowledged for very detailed and
constructive comments on earlier versions of this paper.
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