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Preview

In this chapter, we are going to consider different models for claim frequency. We start with
some basic discrete frequency distributions. Then, we shall look at some general classes of
distributions whose pmfs satisfy some recursive relations — the (a,b,0) and (a,b, 1) classes.
We will further study more sophisticated compound models, and how deductibles would
affect the payment frequency.

Key topics in this chapter:
1. Common parametric distributions for modelling frequency — Binomial, Negative
Binomial, Poisson;

Mixed Poisson distribution;
The (a, b, 0) class;
The (a, b, 1) class — zero truncated and zero modified distributions;

Compound frequency model;

S A

Effect of deductibles on payment frequency.

1 Basic Frequency Distributions

In what follows, we will let N be a frequency wvariable, i.e., a discrete random variable
that describes the number of claims received by an insurer, whose support is given by Ny :=
{0,1,2,...}. In this section, we shall look at some common discrete, parametric distributions
for modelling frequency.

1.1 Binomial Distribution

N follows a binomial distribution with parameters m € N and ¢ € [0, 1], denoted by N ~
Bin(m, q), if it has the following pmf:

pn(k) = (

m
q

>Qk(1 _Q)milz k:O,l,...,m.
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e The binomial distribution models the number of successes (e.g. number of claims) over m
independent trials when the success rate (e.g. claim rate) of each trial is g.

e Some distributional quantities of N ~ Bin(m, q):

1. Mean and Variance:
E[N] =mgq, Var|N|=mq(l—q).
2. Probability Generating Function:

Pu(t) = (14 q(t — 1))™, ¢ > 0.

e The pgf can be derived as follows:

Py(t) = E[t"] = Xm: (7,?) thg (1 — )" = Zm: (TZ) (tq)*(1 — g)™*

k=0
=g+ (1 —¢q)"=(1+q(t—1)".

e When mgq(1 — ¢) is large (i.e. when m is large and ¢ is away from 0 and 1), we can use a
normal distribution to approximate a binomial distribution.

e N ~ Bin(m, q) is the m-convolution (i.e. m independent sum) of Bernoulli distribution
with parameter ¢:

Theorem 1.1 Let Ny,...,N,, be independent Bernoulli random variables with param-
eter ¢ (i.e. N; ~ Bern(q) = Bin(1,¢)). Then, N := """ N, ~ Bin(m, q).

Proof. We know that for each i = 1,...,m, Py,(t) = 1+ ¢q(t — 1). By independence, the
pef of N is given by

Py(t) =B [N+t ] — TTEEY) = [[ Pru(t) = (1 +q(t — 1)™,

1=1 i=

which is the pgf of Bin(m, q). ]

1.2 Negative Binomial Distribution

N follows a negative binomial distribution with parameters » > 0 and # > 0, denoted by
N ~ NB(r, 8), if it has the following pmf:

= (") (1) (1) ket
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Here, the binomial coefficient for x € R and k£ € N is defined as

@) :x(x—l)--l-f!(x—k:jtl)’ <g) .,

When x > k — 1, we can also write the binomial coefficient in terms of the gamma func-

tion:
r\ I'(z+1)
<k) ST —k+1)D(k+1)

e When r is a positive integer, the negative binomial distribution models the number of
failures in a sequence of Bernoulli trials until the r-th success occurs, where the failure
odd is g > 0.

e Some distributional quantities of N ~ NB(r, §):

1. Mean and Variance:
E[N] =rB, Var[N]=rp(1+p).

2. Probability Generating Function:

Pr(t) = (1= B(t— 1)), |t <1+ %.

e To show that py is a valid pmf, and to derive the pgf, we can use the following relation:
for « € R and |z| < 1,

(14 2) = f: (Z)xk and (_ko‘) - (—1)’f(0‘ ”kf - 1>.

k=0

For instance, using this, the pgf can be shown as follows:

s =S (5 ()

() 2 ES)
() () (%)

_ (ﬁ) (1 - %) (for [t < 1+1/8)
(1= A - 1)



e The geometric distribution is a special case of the negative binomial distribution when

r = 1, which is denoted by N ~ Geom(f3) = NB(1, 3).

1.3 Poisson Distribution

N follows a Poisson distribution with parameter A > 0, denoted by N ~ Poi()), if it has the
following pmf:

e Mk
pN(k> - —k" s k & No.

e Poisson distributions are used to model occurrences of events (e.g. insurance claims) with
a constant rate of occurrences in a certain time period.

e It is the asymptotic limit of the binomial distribution when m — oo and mq — A.

e Some distributional quantities of N ~ Poi(\):

1. Mean and Variance:
E[N] =X, Var[N]= A\

2. Probability Generating Function:

Py(t) = MY t e R

e The pgf can be derived as follows:

L e . (t\)*
Py(t) = E[tY] = Ztk i e Z ( k|) — e AN — A1)
k=0 ' k=0

e N ~ Poi()) is the m-convolution of Poisson distributions with parameters \; which
sums to A:

Theorem 1.2 Let N;, i = 1,...,m, follows N; ~ Poi();). Then, N := " N; ~
Poi(""  \i).

Proof. For each i = 1,2,...,m, we know that the pgf of N; Poi();) is given by Py, (t) =
Ai(t—1)

e . By independence,
PN(t) =K |:tN1+---+Nm:| — HE[tNl] — He)\i(tfl) _ e(tfl) > )\1'7
i=1 i=1
which is the pgf of Poi(d_7" | \;). O



e Conversely, if the number of claims N follows a Poisson distribution, and each claim can
be classified into one of m different classes. Then, the number of claims for each class also
follows a Poisson distribution. This observation is called thinning. The precise statement
and its proof are deferred to Theorem [6.2] below.

2 Mixed Poisson Distribution

In Chapter 2, we introduced mixture distributions. For instance, when the parameter of
a distribution is random, the unconditional distribution can be viewed as a mixture of the
conditional ones. In frequency model, if N is a random variable such that

N|A = X ~ Poi(g(N)),

where A is also a random variable, we say that NV has a mized Poisson distribution.

In a Poisson distribution, the mean and variance are equal, which can be limiting for modeling
frequency data, as this assumption often does not hold in practice, where the variance is

typically greater than the mean. In contrast, if N has a mixed Poisson distribution, we
always have Var[N] > E[N].

Proposition 2.1 Let N be a mixed Poisson variable, i.e., N|A = A ~ Poi(g()\)). Then,

E[N] = E[g(A)] and Var[N] = E[g(A)] + Varlg(A)]

In particular Var[N]| > E[N].

Proof. Since N|A = X\ ~ Poi(g())), we have E[N|A = A\] = g(\) = Var[N|A = )\]. By the
law of iterated expectation,

E[N] = E[E[N[A]] = E[g(A)].
Next, by the law of total variance,

Var[N| = E[Var[N|A]] + Var[E[N|)]] = E[g(A)] + Var[g(A)].

2.1 Poisson-Gamma Mixture

One important case of a mixed Poisson distribution is when the mixing distribution A follows
a gamma distribution, A ~ Gamma(c,#). In this case, the mixed Poisson variable indeed
follows a negative binomial distribution.

Theorem 2.2 Suppose that N is a mixed Poisson variable with N|A ~ Poi(A). If
A ~ Gamma(q, ), then N ~ NB(«, 0).



Proof. The pdf of A ~ Gamma(c, #) is given by

1

_ a—1_-2
_9“1“(04))\ e o, A\>0.

fa(A)

On the other hand, for k € Ny,

e M\
k!
Using the law of total probability, we have, for any k € Ny,

P(N =klA=)) =

MN:k%:AmMN:kM:AﬁMMM

& G_A)\k 1 a1 2
=[5 ) () o
_ 1 > a+k— 71;%9)\
_@ﬂ@ml eticte (5

1 0 otk - a+k—1_—t
_equw(1+e) A e
_ T(a+k) 1 \*/ 6 \*
KT (o) <1+9> (1+6>
fatk-1 o \'/ 1\°
_( k ><1+0> (1+0) ’

where the fourth line follows from a change of variable ¢t = (1 + #)\/6. From the above, we
see that the pmf of N agrees with the pmf of NB(«, 0). O

Example 2.1 The annual number of insurance claims has a Poisson distribution with
mean A. The Poisson mean A follows a gamma distribution with mean 20 and variance
200. Find the probability that there are at least two claims in a year.

Solution:
It is known that A ~ Gamma(a, ), and

E[A] = af =20 and Var[A] = af? = 200.
Solving yields a = 2 and 6 = 10. Hence, the number of claims N ~ NB(2,10), and
P(N>2)=1-P(N=0)—-P(N =1)

- (H;m)z_ () () <1+110)2

= 0.97671.




3 The (a,b,0) Class

As we will see, the pmfs of binomial, negative binomial, and the Poisson distributions intro-
duced in the last section satisfy a special recursive relation. These distributions are said to
belong to the (a, b, 0) class, defined as follows:

Definition 3.1 Let p, = pn(k), kK € Ny be the pmf of the random variable N. The
distribution of N is a member of the (a, b, 0) class if there exist constants a and b such
that

Dk b
=a+—, k=1,2,... 1
Pk—1 k <)

The values a,b in the name (a,b,0) specify the constants in the recursive relation, and 0
indicates that the recursion starts at pg. It is not difficult to verify that the binomial,
negative binomial, and the Poisson distributions belong to the (a,b,0) class. The following
table summarizes the constants a and b for these distributions:

1. Binomial: .
a = —L’ b — M’

1—¢q 1—¢q

2. Negative Binomial:
a = i7 b e w’

147 1+ 75

3. Poisson:
a=0, b=\

Theorem 3.1 The Poisson, negative binomial, and binomial distributions are the only
members of the (a,b,0) class.

Theorem [3.1] can be proven by identifying the general form of the pgf of an (a,b,0) distri-
bution, the details are out of the scope of our course.

Theorem along with the table above it, allow us to identify a distribution from the
(a,b,0) class:

Consider a distribution belonging to the (a,b,0) class:
e If a > 0, the distribution is negative binomial;
e If a = 0, the distribution is Poisson;
e If a < 0, the distribution is binomial.




Example 3.1 Suppose that the distribution of N belongs to the (a,b,0) class, with
po = p1 = 0.25, and py = 0.1875. Find p3 and determine the distribution of N.

Solution.:
Using the definition of (a, b,0) class, we know that

0.25 b

SO =P gt l=a+b  (atb=1,
025 po 1 . \

01875 _py _ b a+ 2 =0.75.
025 2 2

Solving yields a = b = 0.5. Hence,

0.5
D3 = D2 (0.5 + ?> = (.125.

Since a = 0.5 > 0, N follows a negative binomial distribution, where

p

=155
and ( D .
r— r—

0.5 1 5 =7 ,

In other words, N ~ NB(2,1).

Example 3.2 The pmf of a discrete distribution satisfies the following recursion:

4
Pr = (—c+£>pk1, k:1,2,...,

where ¢ # 0. If po = 0.216, find the value of c.

Solution:

Since ¢ # 0, the distribution is either negative binomial or binomial. With a = —¢ and
b = 4c, b/a = —4. If the distribution is negative binomial, b/a =r — 1 = —4 if r = =3,
which contradicts with the requirement that » > 0. Hence, the pmf is given by a binomial
distribution. For a binomial distribution,

b
- = — +1)=-4
- (m ) ,

which indicates that m = 3. By considering 0.216 = py = (1 — ¢)?, we have ¢ = 0.4.



Therefore,

4 The (a,b,1) Class
The (a,b,0) class provides a convenient characterization of some distributions for frequency
models. Only, it also suffers from a few shortcomings:

e (a,b,0) class is too narrow and restrictive: it only consists of 3 distributions;

e For insurance claims, the probability of receiving 0 claim (py = P(N = 0)) is often
very large. This could not be captured by the distributions in the (a,b,0) class.

To address this, we introduce the (a, b, 1) class, which offers a higher flexibility for modelling
while preserving the recursive relation of the pmf.

Definition 4.1 The distribution of N is a member of the (a, b, 1) class if there exist
constants @ and b such that

P b k—23.. 2)
Pr—1

Compared with the (a,b,0) class, the recursive relation in Equation ([2)) starts at p;, whence
the name (a,b,1). The value py can be set arbitrarily. Then, the values py, k > 2, are
determined in a way that the (a,b,1) equation (2)), and the following are satisfied:

po=1-— Zpi«
=1

We consider two types of (a,b, 1) class:

1. Zero-Truncated (a,b, 1) class: The probability at 0 is set as py := 0. The associated
pmf is denoted by pl, k=1,2,...;

2. Zero-Modified (a,b,1) class: The probability at 0 is set as p}! > 0. The associated
pmf is denoted by pM, k = 1,2,.... Indeed, the zero-truncated class can also be
considered as a special example of the zero-modified class.

4.1 Zero-Modified (a,b,1) Class

An (a,b,1) distribution can be constructed from an (a,b,0) distribution by the follow-
ing:



Proposition 4.1 Let {py};2, be a pmf which satisfies the (a,b,0) equation (I]). Define
{py' 1220 by

pfy =cpr,k=1,2,...,
i (3)
C l—po’

where p)! € [0,1) is arbitrarily chosen. Then, {p)/}?2, is a pmf satisfying the (a,b, 1)
equation .

Proof. If {p}72, satisfies Equation (3)), then for any &k > 2,

! Pk Dk b
Pr_1 CPk—1 Pk—1 k

In addition,

M - M M 1_293/[ - M 1_1)]0\4
po' ) o =p + > e =p)" + (1 —po) =1.
k=1 L=p 5 1=po

Therefore, {p¥ }2°, is a pmf satisfying the (a, b, 1) equation. ]
As a consequence of Proposition , an (a, b, 1) distribution can be constructed by following
the steps below:

1. Identify a, b, and the associated (a, b, 0) distribution;

2. Set p)! and compute c;

3. Set pM = cpy.

Recall that the (a,b,0) class only consists of three elements — binomial, negative bino-
mial, and Poisson. The (a,b, 1) distribution constructed from these distributions are thus
called zero-modified binomial (ZM-Bin(m,q,pl’)), zero-modified negative binomial
(ZM-NB(r, 8,p}")), and zero-modified Poisson (ZM-Poi(\, p!)) distribution, respectively.

The pgfs of (a,b,0) and (a,b, 1) distributions are related as follows:

Proposition 4.2 Let PM(t) be the pgf of an (a,b, 1) distribution, and P(t) be the pgf
of the associated (a, b, 0) distribution. Then,

PM(t)=1—c+cP().
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Proof. By Equation , we have

PY(t) = pp' + ) 't
k=1

o0
=y +c Zpktk
k=1

= po’ + c(P(t) — po)
=py’ — cpo + cP(t)
_ vl —m)

P(t
0 1—py + cP(t)
M
Po Po
+cP(t
T (t)
=1—c+cP(t)

O

As a consequence of Proposition [4.1] if we let p and o2 be the mean and variance of an
(a,b,0) distribution, the mean juy; and variance o3, of the (a,b, 1) distribution constructed
from it are respectively given by

par = cp and o3, = c(1 — e)p? + co?.

4.2 Zero-Truncated (a,b,1) Class

The zero-truncated (a,b, 1) class can be considered as a special case of the zero-modified
class, with p{’' = 0. Hence, by Equation (3)), if {ps}32; is the pmf of an (a, b, 0) distribution,
then {p!}22, is the pmf of an (a, b, 1) distribution if and only if the following holds:

pzchk,kzl,Z,...,
1
1—290'

C

The pef of a zero-truncated (a, b, 1) distribution, PT(t), is given by

PT(t) =1—c+cP(t) = (1_ 1—1p0) + 1P—(207

where P(t) is the pgf of the associated (a, b, 0) distribution.

11



Example 4.1 The pmf of a discrete distribution satisfies the following recursion:

M _ 4pkM—1
pk: - k

L k=23,....

If p) = 0.2, find p.

Solution:

The pmf satisfies the (a,b, 1) equation with a = 0 and b = 4. This indicates that the
distribution is given by a zero-modified Poisson distribution with A = 4. If we let {p;}32,
be the pmf of Poi(4), we have py = e~*. Hence,

1-p! 0.8
c= HOr

l1—p, 1—e*

The required probability is thus

0.8 e~445
péw = Cps = (

= 0.1274.
1—e4\ 5! ) 0127

Example 4.2 Suppose that the pgf of the random variable N is given by

3 1 3
Pl == —— = =
w(t) 1A 2P T2

Determine the distribution of N as a member of the (a,b, 1) class.

We can write
Py(t)= (1 L +1 ! =1 + cP(t)
W) = 1) Ta@—anr T T
where ¢ = 1/4, and P(t) = (3 —2t)~3 is the pgf of NB(r = 3, 8 = 2). With py = Py (0) =
1/27, we can solve p)! by setting
1 1— pé‘/[ 1= pg/f v 41

- — = = = pM = —,
1 T—py 1-L 75

Therefore, N ~ ZM-NB(r = 3,8 = 2, p)! = 41/54).

12



4.3 Extended Truncated Negative Binomial Distribution

Recall that the negative binomial distribution, NB(r, 3), is parametrized by r > 0 and 5 > 0.

If r € (~1,0),
B 1 r B 1 T /6
o= (Hﬁ) > pl_r(lw) (HB) <0

15} r—1
— 1 _
Pk 1+6 + 2 Pk 1<0,

which violates the requirement of being a pmf. However, it still holds that

and for k > 2,

[e.e]

The flexibility of setting pl = 0 allows us to extend the choice of parameter r > 0, to
r > —1,7 # 0, that gives an (a, b, 1) distribution satisfying the same recursion relation as
a negative binomial distribution. The resulting distribution is referred to as the extended
truncated negative binomial (ETNB) distribution.

Definition 4.2 A random variable is said to follow an extended truncated negative
binomial (ETNB) distribution, denoted by ETNB(r, 5), where r > —1,r # 0, and
B> 0, if its pmf {pf }32, is given by

pOT:O,p;;F:cpk,k:LQ,..., (4)

where

- () 6
() () () e
Pi = L 5) \1og) kb

To see that Equations - indeed define a valid pmf, consider
S =S n-e(1- (15)) -
k=0 k=1 1+8

If r > 0, we have ¢ > 0 and py > 0, and thus p{ > 0 for any k € N. If —1 < r < 0, we
have ¢ < 0 and p; < 0, whence we still have p} > 0. Therefore, {pf }32, is indeed a valid
pmf.
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5 Compound Frequency Models

A compound model is given by the sum of N random variables, where N itself is also random.
In frequency models, we can interpret /N as the number of accidents within a period of time,
and My, k=1,2,...,N, be the random variable of the number of claims received associated
to the k-th accident. Hence, we can model the total number of claims S by:

N
S::M1+M2+---+MN:ZMk.
k=1

The random variable S is said to follow a compound distribution. In this chapter, we
assume My, Mo, ... arei.i.d. random variables with a common distribution represented by M,
and are independent of N. For the compound variable S, we call the distribution of /V as the
primary distribution, and the distribution of M as the secondary distribution.

It is not an easy task to express the pmf of S in a neat manner. Alternatively, we can
characterize its distribution of the pgf of M and N:

Theorem 5.1 The pgtf of S is given by

Ps(t) = Py(Puy(t)).

Proof. By the definition of Ps(t), the independence of M and N, and the law of iterated
expectation, we have

Ps(t) = E[t°] = E [E[t°|N]]
=E [E [¢"" M| N |

Notice that the third-to-last line follows since My, ..., M, are i.i.d. with a common distribu-
tion M, and are independent of N. m

Using the pgf of S, or alternatively, by the law of iterated expectation/law of total variance,
the mean and variance of S is given as follows:

Proposition 5.2 For the compound variable S, we have

E[S] = E[N|E[M] and Var[S] = E[N|Var[M] + E[M]Var[N].

14



Proof. To compute E[S], we apply the law of iterated expectation:
E[S] = E[E[S|N]] = E[E[M, + - - - + My|N]] = E[NE[M]] = E[M]E[N],

where the second last equality follows from the facts that M 1L N, and M;, M5 are i.i.d. To
find Var[S], we apply the law of total variance, and make use of the independence of M and
N to obtain

Var[S|

E[Var[S|N]| + Var[E[S|N]]

[Var[M; + - - + My|N]] + Var[E[M; + - -- + My|N]]|
[NVar[M]] + Var[NE[M]]

[N]Var[M] + E*[M]Var[N].

E
E
E

Example 5.1 Let S be a compound random variable with the following pgf:

4
|t < =.

Ps(t) = exp ( =

)
— 5
(1-3(—-1))* ) ’
(a) Identify the primary and secondary distribution of S.
(b) Find E[S] and Var[S].

Solution:

(a) We can write Ps(t) as
Py(t) = PO~ = Py (Py(t)),

where
1

(1=3(t—1)*
Hence, we can identify the primary distribution is given by N ~ Poi(5), and the
secondary distribution is given by M ~ NB(4, 3).

(b) To compute E[S], we have

Py(t) =D and Py(t) =

E[S] = E[M]E[N] = (4 x 3)(5) = 60.
To compute Var[S], notice that
Var[N] =5 and Var[M]=4x3x (1+3)=48.
Hence,

Var[S] = E[N]Var[M] + E*[M]Var[N] = (5)(48) + (12)*(5) = 960.
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6 Payment Frequency under Deductibles

In the previous sections, we have discussed models for claim frequency N. When deductibles
are imposed, not all claims will result in a payment. In this section, we use N* to denote
the number of claims/loss, and N¥ to denote the number of payments.

Assume that each claim has a probability v of leading to a payment, e.g., v = P(X > d),
where X is the loss size and d is the deductible. Then, we can write N* as a compound
distribution with N being the primary distribution:

N
NP =L+ L+ +Iv=> L,
k=1

where for each £k =1,2,..., N, I} is an indicator variable defined by

I 1, if the k-th claim results in a payment;
"7 00, otherwise.

Then, it is clear that I}, ~ Bernoulli(v). Suppose that I}, k = 1,2,..., are independent, and
are independent of N. Then we can express the pgf of N¥ in terms of N* and v:

Proposition 6.1 Suppose that I, k = 1,2,... are independent, and are independent
of N. Then, the pgf of N is given by

PNP(t) = PNL<1 —U+Ut>.

Proof. Let I ~ Bernoulli(v) = Bin(1,v) be the representative variable of I, k = 1,2,....
By the pgf of a Bernoulli (or binomial) distribution, we know that

P](t) =1—v+ut.
By Theorem [5.1], we have

Pur(t) = Pyi(Py(t)) = Pye(1— v + vt).

16



6.1 Special Case: (a,b,0) and (a,b, 1) Classes

In general, it is not easy to find the distribution of N from N*. However, if the distribution
of N belongs to the (a,b,0) class, N¥ will also belong to the same distribution family with
different parameters. The following table summarizes the distribution of N¥ given that
of N', which can be easily proven by Proposition and using the pgfs of the (a,b,0)
distributions.

’ Distribution ‘ NE ‘ NP ‘
Binomial Bin(m, ¢) | Bin(m, quv)
Negative Binomial | NB(r, 8) | NB(r, fv)
Poisson Poi()\) Poi(v))

Table 1: Distribution of N if N* belongs to the (a,b,0) class

Likewise, if N¥ belongs to the (a, b, 1) class, N will have the same type of distribution but
with different parameters, and a different probability at zero. To see this, recall that the pgf
of N is given by

L-pp"\ , 1-m'
Pyi(t)=1-— Py(t)=1(1- Py(t
w(t) = 1-ctepn( = (1- 722 ) + =0 b,
where N belongs to the (a,b,0) distribution with py = P(N = 0), and p)! = P(NL = 0) is
the modified zero probability of N*. By Proposition , the pgf of N is given by

Pyr(t)=Pyr(1—v+vt)=1—c+cPy(1—v+vt) =1—c+ cPpy«(t),

where N* is the revised (a,b,0) distribution of N due to deductible, see Table . Thus, N¥
belongs to the (a,b,1) class with the associated (a,b,0) variable N*. The zero probability
of N¥, pM" .= P(N? = 0), will also change due to the deductible revision, which can be
computed by as follows:

L—py'

1—pé‘4+ .
0

1 —po 1 —po

P = Pyr(0)=1—c+cPy-(0)=1—c+epfy=1—

where pj := P(N* = 0). Equivalently,

1= p = T 1) (6)

Table [2| below summarizes the relationship of N* and N* if N* belongs to the (a,b, 1) class
from the above discussions.
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Distribution ‘ NL ‘ NP ‘

ZM-Binomial ZM-Bin(m, ¢, p{") | ZM-Bin(m, qu, pj™)
ZM-Negative Binomial | ZM-NB(r, 8,p)) | ZM-NB(r, Bv, p}*)
ZM-Poisson ZM-Poi(\, pd") ZM-Poi(vA, p)™)

| | (a,b,1) variable | Associated (a, b,0) variable |
No. of Loss NL pM N, po
No. of Payment NT pir” N*, pg

Table 2: Distribution of N” if N belongs to the (a,b, 1) class

Example 6.1 (SOA EXAM STAM SAMPLE Q126 MODIFIED) The number
of annual losses has a Poisson distribution with a mean of 5. The size of each loss has a
two-parameter Pareto distribution with 6 = 10 and o = 2.5. An insurance for the losses
has an ordinary deductible of 5 per loss. Calculate the expected number of payment.

Solution:
Since X ~ Pareto(2.5,10), the probability of payment is given by

10 \*°
v=P(X >d) =P(X >5) = (5+—10) — (0.36289.

Hence, the distribution of the number of payment N¥ is given by N¥ = Poi(\v) =
Poi(5 x 0.36289) = Poi(1.8144). Thus, the expected number of payment is 1.8144.

Example 6.2 The number of annual losses N* has a zero-modified binomial distribution
with m = 10, ¢ = 0.3, and P(NL = 0) = 0.6. The size of each loss has an exponential
distribution with mean 100. Suppose that a deductible of amount 70 is applied.

(a) Calculate the probability that there is no payment to be made.

(b) Calculate the expected number of payment.

Solution:
(a) First, we compute the probability of payment for each loss. For X ~ Exp(100), we
have
v=DP(X >70)= e = ¢ 07,

Hence, N* follows a zero-modified binomial distribution with m = 10, and ¢ =
0.3¢7%7. Next, we calculate the modified zero probability p}’* of N¥. To this end,
let N* ~ Bin(10,0.3¢~%7), which is the associated (a, b,0) variable for N
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Consider

po = P(Bin(10,0.3) = 0) = 0.7',
pp=P(N* =0) = (1-03e"")¥.

Hence,

1—pYf 1-0.6
L—py" =7 _];00 (1=p5) = 57w (1= (1= 03e71)1%) = 0.32961,

which gives pi’* = 1 — 0.32961 = 0.67039.
(b) First, we have
E[N*] = 10(0.3¢™ ") = 3707,

Since N* is the associated (a,b,0) variable for N¥, we can calculate the propor-
tionality constant ¢ of N* and N¥ by

_1—pé‘4*_1—pé\4_ 1—-0.6

_ _ _ — 0.41163.
T T 1-p, 1070

Therefore,
E[NF] = cE[N*] = (0.41163)(3e~*7) = 0.61323.

6.2 General Thinning Theorems for (a,b,0) Class

Revising the loss frequency N to payment frequency N is an example of thinning: each
loss can be classified into either of the following:

1. loss that needs a payment, with probability v = P(X > d);
2. loss that no payment is needed, with probability 1 — v.
This classification can be generalized to more than two types as follows.

Suppose that the number of claims is /N, and each claim can be classified into one of m
types with probability pi, ..., pm, where > " p; = 1. Let N;, @ = 1,...,m be the number
of claims that belong to type 7. Then, by following the proof of Proposition [6.1] the pgf of
N; is given by

PNZ(t) = PN(l — D +pﬂf)

As before, if N belongs to the (a,b,0) class, each N; will have the same class of distribution,
but with a different parameter as shown in Table [3| below.

In particular, if N ~ Poi(\), the thinned variables Ny,..., N, will be independent; see
Theorem below. This is NOT true for binomial and negative binomial. Indeed, the
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Distribution | N | N; |
m

Binomial Bin(m, q) | Bin(m, p;v)
Negative Binomial | NB(r, ) | NB(r, 8p;)
Poisson Poi(\) Poi(p;\)

Table 3: Distribution of N;, i = 1,...,m, if N belongs to the (a,b,0) class

independence is a consequence of the superposition property of that is unique to the Poisson
distribution (i.e., sum of independence Poisson is again a Poisson).

Theorem 6.2 (Thinning) Suppose that the number of claims N ~ Poi(\). Then, the
thinned variables Ny, ..., N,, are independent Poisson random variables with parameters
A1, ..., Am, Tespectively.

Sketch of Proof. Using the fact that Py, (t) = Py(1 — p; + p;it), it can be shown easily that

Py, (t) = ePit=1)

which implies N; ~ Poi(Ap;). To show that Ny,..., N, are independent, it suffices to show
that

Py (8) = [ [ P (®).
i=1

The factorization of the characteristic function implies that the distribution of Ny +---+ N,,
is consistent with the distribution of their independent sum.

Indeed,

Py gooing () = Py (t) = 7Y,

and

HPNi (t) = H ePit=1) — A1) 3220 P — A1)
=1

=1

Therefore, we conclude that Ny,..., N, are independeniﬂ

1Strictly speaking, one needs to show that P, N, +...4a,,n,, (t) is the pgf of Poi(a; A1 + - -+ + am Ay, for all
(a1,...,an) €R"
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