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Introduction

Univariate mixed Poisson distributions and univariate mixed Poisson processes are
widely used for modelling the occurrence of rare events. This dates back to the
twenties of the last century and an enormous amount of work in various scientific
areas has been published since then and is based on a solid fundament of theoretical
results.

The tradition of using multivariate mixed Poisson distributions and multivariate
mixed Poisson processes is almost as long. Bates and Neyman [1952], Consael
[1952], and Hofmann [1955] have to be mentioned in this context. But in contrast
to the univariate case the number of publications is relatively small. Nevertheless,
different areas are covered by the work published so far, as aerial accidents (Bates
and Neyman [1952]), working and non-working accidents (Hofmann [1955]), motor
car insurance (Picard [1976], Partrat [1994], Lemaire [1995], Walhin and Paris [2001],
Zocher [2005]), victimizations (Nelson [1984]), hurricanes (Partrat [1994]), image
detecting in astro physics (Ferrari et al. [2004]), and loss reserving (Schmidt and
Zocher [2005]).

Since the theoretical background has not yet been developed to the same extent as
in the univariate case, there exists a gap between desired practical applications and
available theoretical results. The aim of the present work is to close this gap a little
bit. The basis of this study is the multivariate counting process, which is related
to the birth process. The model of multivariate counting processes will be specified
by different assumptions leading to different models of multivariate mixed Poisson
processes, which are, however, connected with each other. Starting with the most
general model and specifying it step by step, this work is organized as follows:

Chapter 1 provides some definitions and propositions of auxiliary character on mul-
tivariate counting distributions which will be needed in the subsequent chapters
and for which no citable reference was found. This involves multivariate versions of
the probability generating function (Section 1.1), the moment generating function
(Section 1.2), and the Bernstein-Widder theorem (Section 1.3). The reader who is
primarily interested in the results for multivariate mixed Poisson processes may skip
this chapter at the first reading.
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Multivariate counting processes are the subject of Chapter 2. First, these processes
are introduced (Section 2.1) and then some properties, which counting processes may
have and which are related to mixed Poisson processes, are presented (Section 2.2).
The relations between such properties, like for example stationary increments, the
multinomial property, and the Markov property, are also studied in detail. Further-
more, the concept of regularity, which is closely connected with transition intensities,
is introduced (Section 2.3). This section also contains a characterization of regular-
ity in terms of the system of Kolmogorov forward differential equations and in terms
of the system of Kolmogorov backward differential equations.

Chapter 3 is devoted to multivariate mixed Poisson processes with an arbitrary
mixing distribution. Again some properties of these processes are derived and it
is shown that the one-dimensional distributions are sufficient to determine the dis-
tribution of a multivariate mixed Poisson process (Section 3.1). The use of the
multivariate setting is justified in this section by Theorem 3.1.4 which asserts that
the coordinates of a multivariate mixed Poisson process are independent if, and only
if, the mixing distribution has a representation as a product measure. Moreover,
multivariate mixed Poisson processes are characterized as multivariate counting pro-
cesses having the multinomial property (Section 3.2). Upon this result it is shown
that a multivariate mixed Poisson process with independent increments even is a
multivariate Poisson process in the sense that the coordinates are independent and
each coordinate is a univariate Poisson process. Properties of the moment struc-
ture of multivariate mixed Poisson processes are given as well (Section 3.3). If such
a process has a finite moment of first order then, and only then, it is a regular
process. This result and some properties of transition probabilities and transition
intensities of multivariate mixed Poisson processes (Section 3.4) conclude the study
of multivariate mixed Poisson processes with an arbitrary mixing distribution.

An alternative way to model multivariate mixed Poisson processes within the class
of multivariate counting processes is to assume the existence of a random vector
on the same probability space and to consider conditional probabilities of the pro-
cess with respect to this random vector, such that the process is still a multivariate
mixed Poisson process. This yields multivariate mixed Poisson processes with a ran-
dom parameter, which are discussed in Chapter 4, and their mixing distribution is
then given by the distribution of the random vector. With the mixing distribution
originating from a random vector, simpler representations of some results are ob-
tained whereas the use of conditional probabilities offers new questions. Similar to
the previous chapter some basic properties (Section 4.1) and the moment structure
(Section 4.2) of multivariate mixed Poisson processes are studied. Because of the
additional assumption a characterization analogous to that of Section 3.2 is not pos-
sible. Since the model considered in this chapter requires the existence of a random
parameter, posterior distributions of the parameter with respect to the process can
be considered (Section 4.3). Again, the chapter is concluded by a look at properties
of transition probabilities and transition intensities (Section 4.4).
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The model in Chapter 5 originates from the multivariate mixed Poisson process
with random parameter by adding an additional assumption on the parameter. This
assumption, which is implicitly made in most of the models discussed in literature,
leads to the multivariate mixed Poisson process with special parameter and offers
at the same time new results and simpler representations of distributions (Section
5.1), moments (Section 5.2), posterior distributions (Section 5.3), and transition
intensities (Section 5.4). Although the specification made in this chapter reduces
the complexity of the multivariate modelling, it still allows for a large variety of
correlation structures between the coordinates.

Throughout this work it is studied for each property if this property is transferred
from the original multivariate process to processes obtained by certain linear trans-
formations. For example, coordinates and the sum of all coordinates of a multivari-
ate mixed Poisson process are again a mixed Poisson process. Moreover, it is shown
with the help of the incremental process that all models under consideration are in
a certain sense stable over time. Thus, in order to be able to accept one of these
models it is not crucial to know when the process started, which has a substantial
impact on possible applications.

It is possible to initially skip the sections on regularity and read these sections
consecutively since they do not influence the other sections. Further it has to be
mentioned that, of course, the publications concerning the univariate setting, like
Schmidt [1996] and Grandell [1997] to name just two of them, also offer relations
between properties, questions to ask, and ideas for some proofs in the multivariate
case. This influence will not be pronounced at every possible occasion, but when-
ever the ideas of univariate setting are also essential in the multivariate setting the
references will be given.

Throughout this work (€2, F,P) is the underlying probability space. Every bold
letter represents a vector or a random vector. Special notation for vectors can be
found in the list of symbols. It should be pointed out that every sum in which the
summation is restricted to a multivariate interval is understood to be also restricted
to INJ.
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Chapter 1

Multivariate Counting
Distributions

1.1 Probability Generating Function

In this section we will state some properties of the probability generating function,
which we need analyzing multivariate mixed Poisson processes. The probability
generating function belongs to a distribution. Since we only need this function in
connection with moments of random vectors, we keep the notation simple by defining
the probability generating function for random vectors.

But before we define the probability generating function we introduce a notation
concerning derivatives of functions with a multivariate argument.

al’nf

D*f(t) = t
f( ) atln(l) atkn(k)( )

Of course this notation will only be used when the partial derivatives are contin-
uous and so the order of execution of the derivatives is negligible. Due to linear
transformations, which will occur, we will use another notation for derivatives. For
example consider g : R¥ — R* with g(t) = r (t — 1) for r € R,. Then, for the sake
of clearness, we will use

oY (r(t—1))
ot

t=0

instead of D™ (f o ¢) (0). Other notations concerning vectors, which will always be
written in bold letters, can be found in the list of symbols.

Let X : Q — IN} be a random vector. The function g, : [0,1] — R with

ge(r) = E[r*] = Y r"P[{X=n}

nE]Néc
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is called the probability generating function of X.

The probability generating function is therefore a power series in k coordinates. The
theorems we need to prove the propositions in this section are taken from Dieudonné
[1971] Chapter 9 (power series in k coordinates) and Heuser [2003a] Chapter 103
(series of functions). The treatment of the probability generating function of a ran-
dom vectors utilizes ideas used for the treatment of probability generating functions
of random variables as given in Schmidt [2002].

1.1.1 Lemma. The probability generating function g, of a random wvector
X : Q — IN} possesses the following properties.
(1) g4 is increasing and

0 < ge(r) < gx(1) =1

holds for all r € [0, 1].
(2) gy is continuous on [0,1].
(3) gy is infinitely often differentiable on [0, 1).
(4)  For alll € N} and r € [0,1) the probability generating function fulfils

Dlgy(r) = >

n € [l,00)

P{X = nj]

n!
1

(n—1)!

) For all1 € NF the derivative D'g,. is increasing on [0,1) and
0 X
n!
sup D'gy(r) = — PH{X =nj]
ref01) ne%:oo) (n—1)!
is valid.

Proof:
(1): obvious

2): For all r € [0,1] and m € IN} we get
0

S rPX=n}- 3 "P{X-=n}]| = 3 r"P{X=n)

neny n€[0,m] neNS\[0,m]

< >  P{X=n}

n € INF\[0,m]

Since this last series is a tail of a convergent series, we get for every € > 0 the
existence of some m € N} such that

 mP{{X=n}|- Y r"P{X=n}]| < ¢

neng n€[0.m]
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holds for all r € [0,1]. Hence, the power series converges uniformly on [0,1]. Since
every partial sum of the power series is a polynomial and therefore continuous the
theory of series of functions yields, the continuity of the power series and thus of g, .

(3): Since the power series
ST P [{X = n)]
nelNF

is absolutely convergent on [—1, 1], the theory of power series yields that the power
series is infinitely often differentiable on (—1,1) and thus the probability generating
function g, is infinitely often differentiable on [0, 1).

(4): From Dieudonné [1971] we have

DUg(r) = 3 @ P[{X =n)

n € [e;,00)
and induction yields the assertion.
(5): Let 1 € INF. It is obvious that D'gy is increasing on [0, 1). Furthermore, we set

a = sup D'g.(r)
rejo,1)

For all r € [0,1) we obtain

Dlger) = 3 P (X = )]

IA

=

| | B
)—U
—
4
I
=
at

and therefore
n!
a < Z WP[{XZH}]
n € [l,00)
On the other hand we get for all m € N} and all r € [0,1)

S B PIX e < Y e e PX = )

ne[l,m] n e [l,00)

= Dlg,(r)
6]

IN

As a consequence of the continuity of polynomials in k& coordinates the inequality

n!
> mP[{in}] < a

n e [l,m]
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holds for all m € INJ. This yields
n!
Z (n—1)! P{X=mn}] < ¢
n e [l,00)

and so together with the inequality shown before we get

n!
> WPHX:H}] = a

ne [l,00)

which completes the proof. |

1.1.2 Corollary. Let X : Q — N} be a random vector. Then

PUX=1)] = 1 Dlg(0)

holds for all1 € INJ.
The name probability generating function is therewith justified. We also see that

the distribution of the random vector X is uniquely determined by its probability
generating function.

Let X : Q — IN} be a random vector and 1 € N}. Then
X n
(0] = 3 () riexem
n e [l,00)

is called binomial moment of order 1 of X. From Lemma 1.1.1 we have

X 1
E[( )] — s LD
1 r€[0,1)l!

The binomial moment of order 1 of X exists as an expectation of a positive random
vector but need not to be finite.

1.1.3 Lemma. Let X : Q — INF be a random vector and 1 € NF. Then the
following are equivalent.

(a)  The binomial moment of order 1 fulfils
X
2|(7)] < =

lim Dlgx|[oyl)(r) <

r—s

(b)  The inequality

holds for all s € [0, 1].
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If X satisfies one and hence all preceding items, then the binomial moment can be
expressed as
X 1.
o[09] - D
Proof:

() = (b): Since (a) holds we have
n;@)ﬁm{xzn}] - l'EK}f)] <

With the same argumentation as in the proof of 1.1.1 (2) we have for all € > 0 the
existence of some q > 1 such that

> B PUX —nll - 3 e s P X )

. Y|
o (n—1)!
n!

(n—1)!

P{X = n}]
ne [1700)\[1’Q]

< €

holds for all r € [0, 1]. So the power series

., n! B

ne[l,co

converges uniformly on [0, 1] to a continuous function. As a consequence of Lemma
1.1.1 (4)

Daele) = Y B PUX )

n e [l,00)

holds for r € [0,1). Thus (b) follows.

In particular, we have
X 1.
E l(l>:| = ﬂ }}%I%Dlgx’[o,l)(r)

b) = (a): The assumption yields the finiteness of sup D'g, (r). Thus
re(o,1) be

X 1
E{( )} — s LDl
1 rG[O,l)l!

< o0

and therefore (a) is valid. |
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Contrary to the one-dimensional case of positive discrete random variables (compare
Schmidt [2002]) the finiteness of the binomial moment of order 1is not equivalent to
the finiteness of the moment of order 1. Furthermore, we can not conclude if Lemma
1.1.3 (b) holds for 1 € N}, that there exists some m € [0,1] with m # 1 such that (b)
holds for m. Therefore, we are not able to use the term D'g, (1). The succeeding
example will illustrate the issue.

Example: We consider a bivariate random vector X satisfying

(2cn®)™! ifn=(n,0) orn=(1,n) withn € N

PI{X=n}] = { 0 else
with ¢ =372 1/n* Then we have
E [X(l) (X(l) —1) X@)} - 0
and on the other hand

11

E[X(l)} > — -
;26”

E[X@)} — il
n:12cn

E[x® x®)] = N 2%%

where the sum Y~ ,(2¢n) ™! is infinite. Thus, the binomial moment of order (2, 1)’ is
finite, but no other binomial moment of order 1 with 1 < (2, 1)’ is finite. Furthermore,
we have

E[(Xu))QX(z)} > E[X® x®]

and therefore the moment of order (2, 1)’ is also not finite. In terms of the probability
generating function it looks like

‘S ecn —~2c n’
for r € [0, 1] and
D%g,(r) = g % (ﬁ?)lnl + g i (EQ)R
D*g,(r) = nf:l 2%7”1 (T;)"_l

D®'D*'D®g (r) = 0
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for r € [0,1) where we can see that

PTHfDengho,l)(r) - P%D@gxllo,m(r) - ,lpixrquD%tho’l)(r) = 0

Therefore, we are not able to use the term D'g, (1). This shows that the theory
of probability generating functions for one-dimensional random variables cannot be
carried over to the multivariate case unmodified. To get the desired equivalences we
have to strengthen the requirements. 0

1.1.4 Lemma. Let X : Q — NF be a random vector and 1 € NF. Then the
following are equivalent.

(a)  For all m <1 the binomial moment of order m fulfils

|()] <

(b)  For all m <1 the moment of order m fulfils
EX™ < o
(¢)  For allm <1 the inequality

lim D™ gy [,,,(r) < o0

r—s

holds for all s € [0,1].
(d)  For all m <1 the m~th derivative of g, is continuous on [0, 1].

If X satisfies one and hence all preceding items, then

Q)] = wreen

Proof: The equivalence of (a) and (c) holds due to Lemma 1.1.3. The remaining
assertions are proven according to the following scheme: (a) < (b) and (a) < (d).

holds.

(a) = (b): By induction we are able to show that for all m € IN}

X
XmEspan{(_) :jG]Né“,jgm}
J

and so all moments of order m with m <1 have a representation of the form

i 5 vl )

j€[0,m]
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with amj € R and thus
E[X™ < o
holds for all m < 1.

(b) = (a): Since

(3] = me

holds for all m € N}, the assertion follows.

(a) = (d): We consider m € N} with m < 1. Due to the assumption, we can show
with the same argumentation as in the proof of 1.1.1 (2) for all € > 0 the existence
of some q > 1 such that

o (n—L'm)v P{X=n}] - Y ™ (H_L'm)' P [{X = n}]
n € [m,oo) ' né€ [mq] '
< Z (n—L'm)' P {X =n}]

n € [m,o0)\ [m,q]

< €

holds for all r € [0, 1]. So the power series
nem NI B

converges uniformly on [0, 1] to a continuous function we will give the name fy,.
Let h € {1,...,k} with m — e, > 0. Inserting r = (r — s")e;, + s for arbitrary
s € [0,1]in fm and fim_e, We obtain two power series fu p and fm—e, n in 7 which are
uniformly convergent on [0, 1]. The theory of one-dimensional power series yields

Smn(r) = fiaepn(r)
for all r € [0,1]. As s was arbitrary we get
fm<r> = Dehfm*eh(r)
for all r € [0, 1]. By induction, f, = D™g, and the assertion follows.

(d) = (a): The continuity of the derivative and Lemma 1.1.1 (5) yield for all m <'1

E[(X)] = s DR () = DM (1)

m relo,1) m!

and therefore (a) holds. [
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Now we are able to give a compact form of the first two central moments of a random
vector.

1.1.5 Corollary. Let X : Q — N} be a random vector.
(1)  If X% e LY(Ny) for alli € {1,...,k}, then

E[X] = gradg,(1)
(2)  If X® € L£2(Ny) for alli € {1,...,k}, then
Var [X] = Hessgy, (1) — gradgy (1) gradgy (1)" 4+ Diag (gradg, (1))
Proof:
(1): The assertion immediately follows from Lemma 1.1.4.

(2): Leti € {1,...,k}. As a consequence of the assumption E[(X)?] and therewith
E[X®] and E[X® (X® — 1)] are finite. From the Cauchy-Schwarz inequality we
also get the finiteness of E[X® X )] for j € {1,...,k}, j # i. Now, using Lemma
1.1.4 we obtain
Var [X®] = E [(X“))z} — (B[x9])?
- B[XO (X0 1) +BX0] - (B[xV])
= D*™igy (1) + Dgy (1) — (D%gy (1))

2

and
Cov [X(i),X(j)} — E [X(i) X(j)} - E [X(i)] E [X(j)}
D€ g, (1) = D% g, (1) D*¥ gy (1)
Combining these two identities yields the assertion. ]

1.2 Moment Generating Function

In this section we introduce another auxiliary tool which can be applied to arbitrary
distributions on B(R¥).

The moment generating function My : RF — [0,00] of a distribution U :
B(RF) — [0,1] is defined as

Mols) = [ e

The subsequent lemma and its proof is derived from the univariate setting as carried
out in Billingsley [1995].
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1.2.1 Lemma. Consider a distribution U : B(RF) — [0, 1] and assume that My(s)
is finite in a neighbourhood B of s € R*. Then

D*My(s) = /k X" e5* dU (x)
R

holds for all m € INF. Furthermore, the moment generating function has a Taylor
expansion around s of the kind

My(t)= 3 (t—s)" /R X" e U (x)

n!
forallt € B.

Proof: First, we assume that the moment generating function My is finite in
a neighbourhood B := (—sg,s) of 0 with s > 0. Since the inequality elt>l <
et* 4+ e ~¥* holds and the right hand side has a finite integral with respect to U so
has > 7 |t'x|"/nl =e t'xI " Thus, we can apply dominated convergence (see also
Billingsley [1995] Theorem 16.7) and obtain

My(t) = /}R ()

for all t € B.
Similar to the binomial theorem we rewrite (t'x)" = (Zle t;z;)" and get a power
series representation with k£ coordinates for the moment generating function.

(@

Mu(t) = Z/R > 1Y v

nenk i=1

1'n=n

_ 2_: Z% X dU ()

The Taylor expansion around 0 also yields a power series representation

Mye) = 3 L DhMu0)  (+)

ne]NéC
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By the uniqueness of powers series representation (see Dieudonné [1971] 9.1.6.) we
have for all n € N¥

D"My(0) = /Rk' x" dU (x) (%)

Now let the moment generating function be finite in a neighbourhood B of s € RF.
Consider the distribution V' : B(R¥) — [0, 1] such that

via = | %;)dU(x)

holds for all A € B(RF). Then V has a finite moment generating function

W) = [ v

e (vFs)'x 10 ()
= X
wre My (s)

MU(V + S)
MU(S)

for v in a neighbourhood of 0. Let n € N¥. From (x) we get

DMy (0) — / X AV (x)

’
S'X
€

- [ s

On the other hand D* My (0) = DMy (s) / My(s) and therefore
DPMy(s) = / X e % 4T (x)
RF

The function My is finite in a neighbourhood of 0 and has a Taylor expansion of
form (+). So we get for v in that neighbourhood

My (v +s)
— = M
MU(S) V(V)
vt
= > 7 D"My(0)
nE]N(;C
vi 6s’x
— — x" dU (x
ngé n! /Rk My (s) (x)

With t = v 4+ s the last formula leads to the assertion. [ |
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1.2.2 Lemma. Let U : B(R*) — [0,1] be a distribution and A : R¥ — R? be a
matriz. Then

My, (t) = My(A't)
holds for all t € RY.

Proof: As A is a measurable function and the exponential function is positive,
integration theory yields

My, (t) = /R det’XdUA(x)

= / e 'A% U (x)
Rk
= / e WV 41 (x)
RFE
= MU(A't)
for all t € R. [ |

After introducing the moment generating function we can state a characterization
of independence for some special positive random variables in terms of this function
and in terms of some moments. Furthermore, we also will state a corresponding
result concerning conditional independence. Both results will be used in Section
5.3. In order to keep the notation simple, we use the symbol Mx instead of Mp,
for the moment generating function (of the distribution) of an arbitrary random
variable X.

Theorem 1.2.3 Let X : Q — Ry be a random variable and let'Y : Q@ — RY be a
bounded random vector. Then the following are equivalent.

(a) X and Y are independent.
(b)  The moment generating functions satisfy

Mxxy)(t,s) = Mx(t) My(s)

for allt <0 and all s € R*.
(c)  There exists some t > 0 such that

Ele ™' X"Y'] = E[e " X"] E[Y']

holds for all n € Ny and all1 € NF.
(d)  The identity

E[G_XtXHQS/YYI} — E[Q_XtXn} E|:es/YY1i|

holds for all t € Ry and all s € RF as well as for allmn € Ny and all 1 € NJ.
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Proof:  We prove the assertion according to the following scheme: (a) = (d) =
( (b) = (a).

)
(d): obvious
(c):

(b):  Since X is positive and Y is bounded there exists an open set
B; x Bg such that —t € B; C (—00,0) and 0 € By C RF and that the
moment generating functions My, My, and M xy) are finite on B;, Bs, and B,
respectively. Now, consider arbitrary ¢ € B, and § € Bs. Then from Lemma 1.2.1
we obtain

. E+e)mst o
Mxx)(£8) = > Z( )%E[e Xt xny!]

n!
nelNo le Nk

= > Y R ) By

n!
nelNo 1e NF

- (2 e ) (5 e

n€No le Nk

obvious

Ty U

= Mx(t) My (3)

So the desired identity is valid on B. The analyticity of the moment generating
functions My, My, and M(xy) on (—00,0), R¥, and (—o0,0) x R*, respectively,
and the principle of analytic continuation (see Dieudonné [1971] 9.4.2) yield the
assertion.

(b) = (a): Forallt < 0and all s € R* we obtain with the help of Tonelli’s theorem

/1+k 6t:c+s’y dP(X,Y) (.CE,Y) = M(X,Y) (t> S)
R
= Mx(t) My(s)

_ /Re”dPX(:p)/ e*Y dPy(y)

RFE
_ / elrts'y dPx @ Py(z,y)
R1+k
and thus
/ ety dPxy)(z,y) = / e'* Y 4Py ® Py(z,y)
R1+k R1+E
The last equation also is true if we choose ¢ = 0. Then the uniqueness of the

Laplace transform of measures concentrated on R¢ (see Kallenberg [2002] Theorem
5.3) yields Px,y) = Px ® Py and therefore the independence of X and Y. [ |
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Now, we turn to the conditional independence. To prove a corresponding result to
the previous theorem we first state two preliminary results.

1.2.4 Lemma. Let X : Q - Ry andY : Q — R, be two random variables.
Additionally, let Z : Q — IN¢ be a random vector such that P [{Z = n}] > 0 holds
for alln € N¢. Then the following are equivalent.

(a)  The identity
E(XY|Z) = E(X|Z) E(Y|Z)

1s valid.

(b)  The identity
E[XY[{Z=n}] = E[X|[{Z=n}] E[Y|{Z=n}]

holds for all n € IN§.

Proof: By the Fourier expansion for conditional expectation we have

BE(xV]z) = Y EXY|(Z=n)] v

nE]NO’“

as well as

E(x|2) E(Y]Z)

= | D EX[{Z=n}] xzm) | | D_ E[Y[{Z =n}] xqz-n)

neNg neNk
= > EX|{Z=n}] E[Y|{Z=n}] Xz
ne]NéC
which yields the assertion. ]

1.2.5 Corollary. Let X : Q — R, a random variable and let Y : Q — RF
be a random wvector. Additionally, let Z : Q — IN§ be a random vector such that
P[{Z = n}] > 0 holds for allm € N{. Then the following are equivalent.

(a) X and Y are conditionally independent with respect to Z.
(b)  The identity
P{XeBin{YeC}|z) = P{XeB}|Z)P({YeC}|Z)

holds for all B € B(R) and C € B(R¥).
(¢)  For allm € N¢ the random variable X and the random vector Y are inde-
pendent with respect to the measure P |- |{Z = n}].
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Proof:
(a) < (b): obvious

(b) & (c): Condition (c) is valid if, and only if, for all n € N¢

P{X e B}n{Y € C}|{Z =n}]
= P{X eB}|{Z=n}] P[{Y € C}|{Z =n}]

holds for all B € B(R) and C € B(R¥). Considering the random variables yp o X
and xo o Y for arbitrary B € B(R) and C' € B(R*), Lemma 1.2.4 yields now the
assertion. n

1.2.6 Corollary. Let X : Q — Ry a random variable and let’ Y : Q — Rf be
a bounded random vector. Additionally, let Z : Q — N¢ be a random vector such
that P [{Z = n}] > 0 holds for alln € N{. Then the following are equivalent.

(a) X and Y are conditionally independent with respect to Z.
(b)  For alln € N¢

Mpi vyzany (:8) = Mpyp oy (8) Mpy 0 (8)

holds for allt < 0 and s € RF.
(c)  There exists some t > 0 such that

E(e™'X"Y'Z) = E(e*'X"|Z) E(Y'|Z)

holds for all n € Ny and all1 € NJ.
(d)  Forallt € Ry and all s € R*

E(e X Xx"e¥Y'z) = E(c¥'x"|2) B(e*YY|2)
holds for all n € Ny and all1 € N}.

Proof: Aggregating for all n € IN¢ condition (b) of Theorem 1.2.3 under the
measure P [ - |{Z = n}] gives condition (b) of this theorem. Therefore, using addi-
tionally on the one hand Corollary 1.2.5 gives the equivalence of (b) and (a) and on
the other hand Lemma 1.2.4 gives the equivalence of (b) and (¢) and of (b) and (d).

|

1.3 Bernstein—Widder Theorem

For the main result in Section 3.2 we need a multivariate extension of the famous
Bernstein—-Widder theorem, which states that a completely monotone function has a
representation as Laplace-transform of a distribution. The Bernstein—Widder theo-
rem possesses a lot of different proofs from various fields of mathematics. However,
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the proof of the multivariate extension is often taken for granted and therefore not
carried out (compare Bochner [1955] Theorem 4.2.1 and Berg et al. [1984] Exercise
4.6.27). So in this section we state the multivariate Bernstein-Widder theorem in a
fashion fitting our purpose and give a proof, which is based on Berg et al. [1984].

1.3.1 Theorem (Multivariate Bernstein—-Widder). Let f : R¥ — R be a
continuous function with f(0) =1 and

()Y D" f(t) > 0

for alln € N}. Then there exzists a distribution U on B(R®) with U [R¥] =1 such
that

6 = [ e mave
RF
holds for all t € Rf.

Proof: Every numeration used in this proof refers to Berg et al. [1984].

First, we show that f is completely monotone in the sense of Definition 4.6.1,
which states that a function has to be nonnegative and fulfils for all finite sets
{ai,...,a,} € Rf and all s € R} the inequality Va, - Va,f(s) > 0 in order to
be completely monotone, where V, is defined by V. f(s) := f(s) — f(s +a). Thus,
we generalize a part of the proof of Theorem 4.6.13. Consider a € R f, then the
function V,f is continuous on R¥. Furthermore, we have for alln € N} and t > 0
with the mean value theorem (see Heuser [2003b] Section 167)

(=) D™ (Vaf)(t) = (—1)'"Va.D"f(t)
= (-1)'™(D"f(t) — D*f(t +a))

= (=)' e, DM (€

=1

with € € [t,t 4+ a]. And so we have (—1)*"D"(V.f)(t) > 0. By iteration we get
for all a;,...,a, € ]ij, n € IN that the function V,, ...V, f is continuous on ]Rf_
and fulfils (—1)Y"D?(V,, ... Va, f)(t) >0 for all n € NF and t > 0. In particular,
Va, ---Va,f(t) > 0 for all t > 0 and by continuity V,, ...V, f(t) > 0 for all
t > 0. As f is by assumption nonnegative it is completely monotone.

It follows from 4.6.5 that f is positive definite and bounded (in notation of Berg et
al. [1984] f € Z°(R¥)). Thus, the continuity of f in connection with Proposition
4.4.7. yields the existence of a finite, nonnegative measure U on B(R) with

o = [ v

k
+
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for all t € ]Rf. Finally

|
—
—~
S +=
S~—

and the assertion is shown. [ |

1.3.2 Corollary. Let f : RF — R be a continuous function with f(0) =1 and
(=D)Y2D2f(t) > 0 for alln € NF. Then there exists a distribution U on B(RF)
with U [R¥] =1 such that f(t) = My(—t).
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Multivariate Counting Distributions




Chapter 2

Multivariate Counting Processes

2.1 The Model

A stochastic process {Ni}, ., is said to be a counting process (without explo-
ston) if there exists a null set N € F (called the exceptional null set) such that the
following properties are satisfied for every w € Q\N:

() No(w) =0,

(i)  Ni(w) € Ng for all t > 0,
(ili)  Ny(w) =infsct,00) Ns(w) forall t € R,

(iv)  supgepop Ns(w) < Ni(w) <supgepop Ns(w) +1 forall ¢ € Ry, and

(v)  sup;egr, Ni(w) =00,
N, can be interpreted as the number of events occurring in the interval (0,¢]. The
above definition excludes the positive probability of infinitely many events occurring
in a finite time interval as well as the possibility of a finite number of events occurring
in an infinite time interval. Some results in this work are related to Schmidt [1996].
There, a counting process is allowed to explode, but here, talking about a counting
process, we always refer to a counting process without explosion.

A multivariate stochastic process {Nt}teR+ in k dimensions is said to be a mult:-

variate counting process if every coordinate {Nt(i)}teR+; i€ {l,...,k}, and the
sum {Ni}ier, = {1'Ni}ier, of all coordinates is a counting process. Thus, there
exists a null set M € F (called the exceptional null set of the multivariate counting
process) such that for all w € Q\ M properties (i)—(v) are fulfilled by all coordinates
{Nt(i) (Wher,,© € {1,...,k}, and the sum {N;(w)}:icr, of all coordinates. As a
consequence, simultaneous jumps of different coordinates are almost surely excluded.
From now on k will always be the dimension of the multivariate counting process
we are working with.

To see how multivariate counting processes can be transformed, we define different
sets of matrices. Firstly, let us consider permutation matrices, matrices which select
coordinates, and matrices which cumulate coordinates according to some rules.

25
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—  Let Ap be the set consisting of all A € {0,1}*** with k¥ € IN such that the
identities 1’Ae; = 1 = ¢;//A1 hold for all 4,5 € {1,...,k}.

—  Let Ag be the set consisting of all A = (I,0) € {0,1}%** with d,k € N such
that d < k and I; is the identity matrix of dimension d.

~  Let Ac be the set consisting of all A € {0,1}%* with d,k € N and d < k such
that there exist k; € N fori € {1,...,d} with Zle ki=kand A= (Ay,...,Ay)
where A; := (e;,...,e;) € R>¥ fori € {1,...,d}.

Now the set of possible transformation matrices can be defined as the set A consisting
of all A € {0,1}%** with d,k € N and d < k such that there exists some m € IN and
A€ ApUAsU A, 1 € {1,...,m}, with A = A, A,,_1--+A;. Thus, A consists
of matrices which have entries of 0 or 1, at least one 1 per line, and at most one
1 per column. That A includes all such matrices is shown within the proof of the
following lemma.

2.1.1 Lemma. Let {N;}, . be a multivariate counting process and A € RI<*.
Then {ANt}tE]R+ is a multivariate counting process if, and only if, A € A.

Proof:

Assume A € A. To show that {AN},  is a multivariate counting process we have
to prove that a multivariate counting process is stable under every transformation
from each of the three sets Ap, Ag, and Ag. It is obvious that {ANt}teR+ is a
counting process for A € ApUAg. Now, let A € A¢ and consider w € Q\M. Due to
the assumption the coordinates of {N¢(w)}, . g, cannot jump simultaneously. Every
coordinate of the transformed process { AN, (w)}, cr, 18 asum of coordinates of the
original process {Ny(w)}, ., and therefore fulfils properties (i)-(v) of a counting
process. Since {1'ANy(w)},cg, = {1'Ne(w)},cg,, the sum of all coordinates of
{AN;(w)}, ¢, fulfills properties (i)-(v) of a counting process, too. Thus, M serves
as an exceptional null set for the transformed process { AN}, e, Which is therefore
a multivariate counting process.

Now consider A € R*** and that {AN,}, R, is a multivariate counting process and
let M4 be the exceptional null set of {AN,}, . Consider w € Q\(M UMy). Since
every coordinate of {ANy(w)}, g, has jumps of height one and no simultaneous
jumps of coordinates of {Ny(w)}, ., are allowed, all entries of A are either 0 or 1.
Furthermore, every coordinate of { ANy (w)}, g, has paths which increase to infinity
and we get A1 > 1. Additionally, there exist no simultaneous jumps of coordinates
of {ANy(w)}, ¢, and thus 1’4 < 1'. These three arguments yield the existence of
a matrix Ap € Ap such that
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where the last part (all zeros) may or may not be existent. In the first case there
exists Ao € RETD*E and Ag € R with Ax € Ac and Ag € Ag such that
A Ap = Ag Ac. In the second case we already have A Ap € A¢. Since (Ap)~t € Ap
we obtain A € A. |

Examples of useful transformations are
- A=1, in which case {AN:}, ., = {IN;}, g, is the sum of all coordinates,
. : RN : , :
. A=e/, in which case {AN:}, g, = {N, }tG]R+ is the i-th coordinate,
- A€ Ag, in which case {AN:}, p, consists of the first d coordinates of the
original process, and

- A€ Ap, in which case {AN;}, _ permutes the coordinates of the original
process.

For a practical use of transformation we introduce the following notation. A property
(P) of counting processes is said to be A—stable if, for each A € A, the counting
process { AN}, . has property (P) whenever {N}, g has property (P).

The next lemma states some properties of the one-dimensional probabilities of mul-
tivariate counting processes we need later.

2.1.2 Lemma. Let {N;}, . be a multivariate counting process. Then

(1)  The identity

lim P

tls

ﬁ{fo) _ n“)}] — P [ﬁ (NG = n(i)}]

=1 =1

holds for all's € RY and alln € N{.
(2)  The identity

imP[{N; =n}] = P[{N,=n}

holds for all s € Ry and all n € N}.
(3)  The identity

. _ _ 1 ifn=0
£llII01P[{Nt—Il}] - {0 else

holds for all n € N},
(4)  The identity lim 1o P [{N; =n}] =0 holds for alln € NF.
(5)  The identity lim; ;o P [{N, > n}] =1 holds for alln € NJ.

Proof:
(1): By definition, every coordinate of {N:}, g is a counting process and has
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therefore almost surely right continuous and increasing paths. So we get for arbitrary
m € N and n; € Z*, j € {1,...,m},

m k m k
{igplu ﬂ{Nt(f)Sny)}] — s P[U ﬂ{ z)<n()}
j=1i=1

t € (s,00) J=1 i=1

m k
- v U UN{w=)

_ b [’j A0 <)

Jj=1 t € (s,00) =1

-2 | U0, W=}
- r[Gn e <o)

Now, consider n € IN}. Then we obtain with the previous identity (considering the
case m = 1 as well as m = k)

k
lim P {N@ - n@}
tls [Q ti

(2): Considering only vectors s with equal coordinates, the assertion immediately
follows from (1).

(3): Since all coordinates have paths which almost surely start at zero, setting s = 0
in (2) gives the assertion.
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(4): By definition, the sum {N;}, p, of all coordinates is a counting process and
has therefore paths which have no upper limit. This yields

lim P[{N; =n}] < Jim P[{N; < 1'n}]

= 1(%f : P[{N; < 1'n}]

= P| (] {M<1n}

t € (0,00)

= P sup N, <1n
i t € (0,00)

= 0

—

(5): By definition, all coordinates are counting processes and have therefore paths
which increase and have no upper limit. Thus

lim P{N; >n}] > lim P [{N}” > UH

tToo t1 oo

- tsggf;)f’[{ >}
_ U {N >n(1>}

= P sup Nt(l)Zn(l)
i t € (0,00)

and the assertion follows. [ |

v
o

The second item seems to be the natural version regarding continuity of the prob-
ability as a function of time. But for the characterization of multivariate mixed
Poisson processes we need as many different time variables as the process has coor-
dinates. Thus, Lemma 2.1.2 (1) is also necessary and will be used in the proof of
Lemma 3.2.1.

We will also study so called posterior distributions and processes. To this end we
introduce for ¢ € Ry the incremental process {Kiu}, i, with

Kt,h = Nt+h - N,

for all h € Ry. Since all trajectory properties carry over from {N;}, . to
{Kin}) g, the next lemma is obvious.
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2.1.3 Lemma. Let {Nt}teR+ be a multivariate counting process. Then the process
{Kin}tycw, is a multivariate counting process for all t € R..

Latter, the treatment of the incremental process will require the restriction of
the probability measure. Hence, we also define for t € R, and n € INJ with
P [{N; = n}] > 0 a new probability measure with

Piu[B] :=P [B|{N; = n}]

for B € F and modify the previous lemma, such that it can be directly used in the
subsequent chapters.

2.1.4 Lemma. Let {Nt}teR+ be a multivariate counting process. Then for all
t € Ry and all n € NF with P [{N; =n}] > 0 the process {Kintyew, i a multi-
variate counting process on the probability space (2, F,Piyn).

2.2 The Multinomial Property

In the present section we introduce several properties, which a multivariate counting
process may possess. All of them are related to the multinomial property. We start
with two properties which are just concerned with the increments.

A multivariate counting process {Nt}teR+ has independent increments if

P [ﬁ (N, -N, - nj}] _ ﬁp (N, — N, —n}]

j=1

holds for all m € IN and ¢y, t1,...,t, € Ry with 0 =ty <t; < ... <1, and for all
n; e Ny, j € {l,...,m}.
A multivariate counting process {N,}, cr, has stationary increments if

m

P [ﬁ {Nipn — Ny, n = nj}] =P [ﬂ {N, - N, , =n;}

j=1 j=1

holds for all m € N and ty,ty,...,tn,h € Ry with 0 =ty <t; < ... <, and for
allm; e Ny, j € {1,...,m}.

As can be seen from the next lemma, both the property of independent increments
and the property of stationary increments are stable under certain transformations.

2.2.1 Lemma. Let {Ni}, g  be a multivariate counting process. Then
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(1) The property of having independent increments is A-stable.
(2) The property of having stationary increments is A-stable.

Proof:
(1): Consider m € N and tg,t1,...,t, € Ry with 0 =ty < t; < ... < t,, and
1, € N, j € {1,...,m}. Then we obtain

P ﬂ{Ath—Athlzlj}] =P

J=1

A, -n,)-1)
— Z Z P

n; € A~ ({i}) ny, € A7 ({lm})

ﬂ {th - th—l = nj}]
j=1

_ Z . Z HP [{N, —N,,_, = n;}]

n; € A~ ({lh}) n, € A7 ({lm}) J=1

= H Z P [{th Ny, = nj}]
J=1 n; e A=1({};})

m

— TP [{AN, - AN, , = 1}]

which proves the assertion.

(2): Consider m € N and tg,t1,...,tym,h € Ry with 0 =ty < t; < ... < t,,, and
1, e N, j € {1,...,m}. Then we get

P

ﬂ {Ath+h - Ath71+h - l]}] - P
J=1

(nj {A(Nyn =Ny, _4n) = lj}]
_ Z e P - ﬁ {Nt,on — Ni, g = nj}]

ni € A-1({I;}) nmeA-1({lm}) Lji=1
= Z e P ﬂ {th — th—l = n]}]
n; € A7 ({lh}) nm €A~ ({lm})  Lj=1
= P|(){4AN, - AN, , = y}]
j=1
and the prove is completed. |

The next properties we introduce are dealing with inverse transition probabilities.
This means, probabilities of increments which occurred before a certain state of the
process.
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A multivariate counting process {N:}, ., has
—  the multinomaial property if the identity

p ﬂ {th Ny, = nj}]
j=1
(%)

k m (2) m n' m

(Zj:l n; )! ty—t;—1\ "

= Il &= @) H( / > PIONG =D m
i=1 Hj:l n;t =1 m j=1

holds for all m € N and to,t1,...,t, € Ry with 0 =ty <t; < ... <, and for
allm; € N}, j €{1,...,m}.
—  the extended binomial property if the identity

k
p [ﬂ { N = l(i)} n { N — N = nw}]

=1

B (ﬁ (n(i)zg M) (%)M (“%)W)) PN, = n+1}]

holds for all t € R¥, ¢ € R} with t € (0,¢1) and for all 1, n € INJ.
—  the binomzal property if the identity

PN, =1} n{N; — N, = n}|

- <ﬁ <n(i)l;r)z(i)) G)lm (1_9”@) PN - 1y

holds for all s, € R, with 0 < s <t and all 1, n € N}.

For a multivariate counting process having the multinomial property, the finite—
dimensional distributions are completely determined by the one—dimensional distri-
butions. Furthermore, given the number of events at some time ¢,,, the partitioning of
the events into disjoint time intervals in the past is due to sampling with replacement.
As this sampling is independent for the coordinates of the process, every coordinate
could be sampled separately. The meaning of definition of the multinomial property
would stay unchanged, if we allow equal times (i.e. 0 =ty <t; < ... <t,). With-
out loss of generality consider t,, = t,,_1. If n,, = 0 we can ignore t,, and consider
m — 1 intervals. If n,, # 0 both sides of the definition equal zero and the identity
holds as well.

The binomial property is the natural extension of its one-dimensional counterpart
in relation to the multinomial property, that means only two different times are
considered. The extended binomial property considers a different time in the past
for every coordinate. It can be seen from Lemma 2.2.7 that given the Markov
property the binomial property is equal to the extended binomial property.



2.2 The Multinomial Property 33

However, first we have a look at how our transformation works according to the
above properties.

2.2.2 Lemma. Let {N¢}, g, be a multivariate counting process. Then

(1)  The multinomial property is A-stable.
(2)  The extended binomial property is A-stable.
(3)  The binomial property is A-stable.

Proof:

(1) and (3): Consider m € N and tg,t1,...,t, € Ry with 0 =1ty < t; < ... <ty
and l; € N¢, j € {1,...,m}.

Assume that

ﬂ {th - th_1 - nj}]
j=1

k

() o2

=1 =173 = j=1

holds for all n; € NJ, j € {1,...,m}. We want to show that

(N {AN, — AN, , =1,

i

) P [{AN,, =1}] (+)

L}
- (e

holds for all A € A with A € R%**,
- Let A € Ap. Then (+) holds obviously.
- Let A € Ag. We obtain

ﬂ {Ath - Ath—l - lj}]
Jj=1

R

n € A= ({l1}) ny, € A~H({lm})

R )

nj GAfl({ll}) Ny, EAil({lm})
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(]

s [ Simn ﬁ(t—t] )

n; € A-1({}) nm € A-1({Ln}) \i=d+1 Hg 1 a Dia

s

1@

- ﬁ@ZI;Z, ﬁ(““ ) > PN, =n)]

il | P e B neA-L({1})
k m ’i m ntd
S oy (ISR
n; € A71({l1}) nm € A= ({lm})  \i=d+1 Ha 17 : j=1
Z]Zln]:n

d (E;nﬂl](‘i))! 1 ([t —tia 5
= (o H( T ) > PHN, =n}]

ne A~'({1})

d m (@) m 1
(S i () e

where the equality preceding the last one is simply the use of the multinomial dis-
tribution. So (+) holds for A € Ag.

- Let A € Ac. Setting I(i) :={h € {1,...,k} : e/Ae, = 1} (the set of coordinates
cumulated in the i—th coordinate of the transformed process) we get

g

ﬂ {AN,, — AN, , = 1]}]

A, -3, =)
D P ﬁ{ jlznj}]

ni € A~1({l1}) n, € A~ 1({lm} Jj=1

b () =10\
-y EAZ })(Hm—o,H<T)

n; € A7 ({li}) “({ln i=1 Hi:lni' j=1

S
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(o S =t
(o)
: HMZ. ()

ni € A-1({11}) ny, € A~ 1({l,}) \i=1 j=1 ] i=1 j=1"%

o)

1%

_ ﬁ@;’%lﬁ ﬁ( )Y i

i=1 H] 1 ] ! j=1 ne A-1({1})
> ooy () ()
m m ()
n; € A~1({l1}) nm €A~ ({lm}) \i=1 (Zy 1ZJ ) =1 HJ 17 !

_ ﬁ@“# ﬁ(t—t] >‘ S BN = )

el || g neA-1({1})

'(H M) Yoo
i=1 (Z;nll] ) n; € A-1({L}) nm € A~ 1({1m})

_ (1S ﬁ( )

71]
i=1 H]l]‘ 7j=1

e s (55 57!
> PNy, =n}] HT th ]

neA-1({1}) i=1 =1l
1

d N\
- (S () | piease =y

i=1 H]l]‘ j=1 m

where the identity previous to the last one is due to the d—fold use of the multinomial
coeflicient formula, which states that for arbitrary u,v € N, z; € Ny, j € {1,..., u},
with 2 := 377 | 2z; and arbitrary x € Ng' with 1'x = 2 the identity

(- - T i

M
==

X

x1 € ]NO'U xqy €N
l’xl =2z 1/xq =24
Zu

is valid. So (+) holds for A € A, too.

As m and to,t1,...,t, With 0 =ty <t < ... < t, and l;, j € {1,...,m}, have
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been arbitrary, we have shown that the multinomial as well as the binomial property
is A-stable.

(2): Now, we assume that {N¢},_ has the extended binomial property. Consider
te R, t € Ry witht € (0,¢1) and 1;, 1, € NJ. We want to show that

P

() oran, =} n {oram, - et - z;n}]

46 L 6 o 5
7 +1 ti\" ti\”
= (11 <1 1) 2 > (?) (1 - ?) PHAN, =L +L}] (%)
1

i=1

holds for all A € A with A € R

- Let A € Ap. Then (%) holds obviously.

- Let A € Ag. We consider s € R¥ with s € (0,¢1) and As = t. Then, using the
same argumentation as in part (1), we get

P [ (j {ei’ANti - z?} N {e;ANt — e/AN, = zg’}]

k
SR S S [ R e

n; € A= ({l1}) n2 € A~1({I2}) =1

(@) (@) (4)

ooz (m) ot e

n € A71({lhi}) mp e A71({l2}) \i=l

1+ 15N [
- H l(i) "

(2

-P[{N; = n; + ny}]

(-4

k n® 4 p® NS NS
> o (I (M) 6 e

n; € A=1({l1}) np e A-1({lz}) \i=d+1

l%i) léi)

-P[{N; =n; + nz}]

Cat) () (), 5, re

= neAil({ll—f—lQ})

> (1 (o) e e
A n\ ) \t t
i=d+1

n; e A~l({L1})
nj € [0,n]
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a0 e e
7+ ti\"! ti\*
S et) () 0-3) ) 2 e
=1

nec A_l({11+12})

d ) 0 o i
7+ t\ "1 t:\ 2
- (L") (%) (%) ) pean =1
I t t

i=1

where the equality preceding the last one is simply the use of binomial distribution.
So (x) holds for A € Ag.

- Let A € Ac. Setting I(z) :={h €{1,...,k} : ¢/Ae, =1} and s € RF such that
the identity s, = t; holds for all h € I(i) and i € {1,...,d}. Then, by using the
same argumentation as in part (1), we obtain

d
P [m {ei,ANti — lgz)} N {ei’ANt . eilANti _ lé@)}]
=1
k

nleAfl({ll}) IIQEA 1({12} ’L:1

RS 1 (”1;;"5”) @ 0-37)

n; € A71({l1}) n2 € A71({I2})

i i (©)
L IONEH)
L t t

) O\ LN ORI 0)
= S, ) IeE))

a6 0 i e
Lo+ ti\" A%
= (1" o ) (;) (1 - ;) >, PHN.=n}
i=1 ! ne A ({li+l})
GO LENG
> ("5 ) (1l
npeA-l({yy \i=1 1 i=1 N1
ny € [0,n]
a6 0 g i
Lo+ ti\" ti)?
= (1L o ) (;) (1 - ;) Y. PHN.=nj]
i=1 ! neA-1({li+1})
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. (ﬁ [hera n(h)!> Z ﬁ 191 1591
i i h - h
i=1 (lg) + lg))! ny e A-1({1y}) i=1 Hhel(i) ng 4 Hhel(i)(n(l) - ng ))!
np € [0,n]
; ; () ()
1+ 1N /a4 A
-\ ) () (%)) 3 rimew
i=1 1 ne A~1({li+12})

. ﬁ ey ™!
l(i) (i

il (RSO
159

OB i
B+ (6" t;
- |1l ( /0 ) (;) 1= ;) P{AN; =1i + 1,}]

i=1 1

1+ 1)
H I n(h)!

i=1 he (i)
)

Hence, equation () holds for A € Ag, too.
So the extended binomial property is also A-stable. [ |

The next lemma states an implication of the binomial property which is derived in
interaction with properties of the paths of multivariate counting processes.

2.2.3 Lemma. Let {N;}, .  be a multivariate counting process. If {Ni}, g has
the binomial property, then

P[{N;=n}| >0
holds for allt > 0 and all n € N}.

Proof: First, we assume there exists some m € NJ such that
P{N;=n}]=0

holds for all ¢ > 0 and n € Ny with n > m. Then we have P [{N; > m}] = 0, which
is a contradiction to lim; ;. P[{N; > n}] =1 for all n € N} (Lemma 2.1.2 (5)).
Now, consider m € N¥. By the first part of the proof there exists some ¢ > 0 and
some n € N¥ with n > m such that

P{N,=n}| >0
The binomial property leads to
P{N;=1}] > P{Ny;=1}Nn{N; —Ngy=n—1}]

= <Zl_[1 (7((:‘))) (§>l(i> (1_ §>n(z‘>> b l(Ns —

and hence

PN, =1} >0
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for all s € (0,¢) and all 1 € NF with 1 < n. Moreover, for all u € (t,00) the identity
> p>n P{Ny = p} [{N; = n}] = 1 yields the existence of some p € N§ withn < p
such that

PN, =p} > P[{N,=p}Nn{N;=n}]
= PN, =p}[{N;=n}] P{N; = n}]
> 0

Replacing ¢ and n by u and p in the preceding argument, we get
PN, =1}]>0

for all s >0 and all 1 € N} with 1 < n.
Since m € N} was arbitrary the assertion is shown. |

2.2.4 Corollary. Let {N;}, . be a multivariate counting process. If {Ni}, g,
has the multinomial property, then P [{N; = n}| > 0 holds for allt > 0 andn € N}.

The property of counting processes having the binomial property that all states
possess strictly positive probability will be subsequently used quite often and is of
special interest in Chapter 2.3. After studying each property alone, we state a first
relation between the properties introduced so far.

2.2.5 Lemma. If a multivariate counting process has the multinomial property,
then it has stationary increments.

Proof: Consider m € N and ty,t1,...,tn,h € Ry with 0 =ty <t < ... <t
and n; € N, j € {1,...,m}. Setting t_; := —h and 1,, := 3 7", n; we get

p m {Ntfrh - th71+h = nj}] = Z P [ﬂ {th+h - Nt]’71+h = nj}

j=1 ng € NF J=0

(i) )

k (@) m n
(b’ +ng”)! ti—ti1\"
- Z H m ) H i h P [{Ny, +n = L, + ng}]

npeNF \i=1 IZom ! i

) t— b\
B H T, n' H ( tm ) Z P{Ny,,4+n = L, + no}]
i=1 L= j=1 no € N
i i () n®
ﬁ I+ (ot N (R \™
LI tm + h tm + B
k (©)

lg:z)! o (ti—ti g\
= U H(jtmj )

()
i=1 HJ=1 n; 1

<
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> PNy, =1} N {N,, » — N, =ng}]

n()G]N(;C

m ()

| (tj —t:—l)n] PNy, =1,}]

ﬁ 1)
- m (i)
i=1 Hj:l n;l o

and the assertion is shown. [ |

The third and last set of properties we introduce in this section is related to transition
probabilities. That means, they are dealing with probabilities of increments which
occur after certain events of the process.

A multivariate counting process {N;}, has the Markov property (is a
Markov process) if the identity

p [ ﬂ {th — th,l = Ilj}] P{N;, =1L,.}]

= P

ﬂ {th - th—l = n]}] P [{Ntm = lm} m {Ntm+1 - Ntm - nm+1}:|
7j=1

holds for all m € N and ¢y, t1,...,tme1 € Ry with 0=ty <t; < ... <41 and for
all ny, ... ,n,q € N§ with L, := 37" n;.

IfP [ﬂ;”:l {th — th_1 = nj}} > 0 the previous identities are equivalent to

P [{Nthrl - Ny, = nm+1} ﬂ {th Ny, = nj}
j=1

= P[{Ny.,, — Ny, =npu1} [ {Ng, =1,}]

The first identities are more useful for technical reasons whereas the second ones offer
an interpretation of the Markov property. Roughly speaking, the future increment
of a Markov process only depends on the total increment up to the present and not
on the partitioning of the increment in the past.

A multivariate counting process {N,}, cr, has the Chapman—Kolmogorov pro-
perty if the identity
P{N¢ = N, = m} [{N, = n}]
= Z PN, —N,=1}|{N, =n}] P{N; — Ny, =m — 1} | {Ny, = n + 1}]

1€ [0,m]
P[{Ns=nt1}] >0
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holds for all r,t € R, , n,m € N} with r < ¢ and P [N, =n] > 0 as well as for all
s € [r,t].

Since the multivariate counting process has increasing paths, strictly negative incre-
ments have probability zero. Therefore, the above identities are equivalent to

P[{N, = m}| {N, = n}
— Y PHN, =} [{N, = n}] P[{N, = m} |{N, = I}

k
le Ny

P[{Ng=1}] >0

These are the general Chapman—Kolmogorov equations often found in literature.
The advantage of the use of the first identities is a finite sum and the use of incre-
ments, which fits right into the definitions of the other properties.

Since in general settings of stochastic processes there exist examples of multivariate
Markov processes with coordinates having not the Markov property it seems likely
that the Markov property is not A-stable in the setting of counting processes.

2.2.6 Lemma. If a multivariate counting process is a Markov process, then it has
the Chapman—Kolmogorov property.

Proof: Consider r,t € R, , n,m € NJ with < ¢ and P [N, = n] > 0 as well as
an arbitrary s € [r,t]. Setting B := {Ngy — N, =1} N {N, = n} we obtain

P[{N; — N, =m}[{N, = n}]
= Y PEN,—-N,=m-1}n{N,-N, =1} |{N, =n}|
1€ [0,m)]

= Y PHN,—N,=m-1}[{N, - N, =1} N {N, = n}]

1€ [0,m]
P[B] >0

'P[{Ns_Nr:1}|{Nr:n}]

= > PUN,—N,=m-L[{N,=n+1] PN, - N, =} |{N, = n}]

1€[0,m]
P[B]>0

= > PUN:—=N,=m-1}[{N;=n+1] PN, - N, = 1} |{N, = n}]

1€[0,m]
P{Ns=n+1}]>0

and thus the assertion. [ |

Our next aim is to show relations between properties concerning inverse transition
probabilities and properties concerning transition probabilities.

2.2.7 Lemma. Let {Nt}teR+ be a multivariate counting process. Then the follow-
g are equivalent:
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(@) {Ni},cgr, has the multinomial property.
(b)  {Ni},cg, has the extended binomial property and the Markov property.
(¢)  {Ni},cg, has the binomial property and the Markov property.

Proof: = We prove the assertion according to the following scheme: (b) = (c¢) =
(a) = (b).

(b) = (c): obvious

(c) = (a): We use the induction method for the number m of time periods in the
equation

ﬁ {Ny, =Ny, = na‘}]

j=1

ity (G I R A

for all to,t1, ...ty ER4, 0 =1y <t; < ... <ty and all m; € NF,j € {1,...,m}.
For m =1 (%) is evidently satisfied.

Now, assume that (%) holds for m € IN. Consider to,t1,...,tm, tme1 € Ry with
0=ty <t <...<ty <tu andn; € Nj,j € {1,...,m+ 1}. Setting
ji= o nyforje{l,....m+1} we get

m—+1
P [ ﬂ {th - th nj}

J=1

P [{Ny, = 1n}]

— P [ﬂ {N, -N,_, = nj}] PN, =1, N{N; ., — N, =n,4}]

k 10y n?

_ Hﬁﬁ<%;¢> P[{N,, = L}

i=1 1lj=1" " j=1 m

(1)

k lg:l) t ls,il) toir —tm (N
1G5 ()7 (52 ) i

i=1 m tm—i—l tm—f—l
k (7) m+1 n@
lm—H! t:i —ti 1 J
- H m+1 n(z)' JthrJl P [{Ntm-!—l = m+l}:| {Ntm = lm}]
i=1 Jj=1 " * j=1

Since we obtain from the binomial property P [{IN;,, = 1,,}] > 0 (see Lemma 2.2.3),
the above identity yields that (x) is valid for m+1 time periods. Hence, the binomial
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property and the Markov property imply the multinomial property.

(a) = (b): Consider m € N and to, 1y, ...ty € Ry with 0 =1p <t < ... <ty
and ng,ny, ..., N, € NF. Setting 1, :=>"7_ ny, for j € {1,...,m+ 1} we obtain

m+1

ﬂ {Nt -Ny,_, = n]}] [{Ny, =Ln}]

k l(l m—+1 T n;i)
= (I g TL() T ) P = P =1

m—+1 1)
=1 H ! 7j=1 tm+1

(1 _ ) P [{Nois = Lo}

i ‘)
el ]
S\ ) e

Thus, {N,}, cr, has the Markov property.

Now, we turn to the extended binomial property. Consider t € ]Rﬁ, t € R, with
t € (0,t1) and 1, n € IN}. Since the extended binomial property is A-stable,
thus especially stable under permutation (A € Ap), we can without loss of gener-

ality assume t; < ty < ... < ¢, < t. Furthermore, we use the multinomial prop-

erty, as mentloned before in a way that equal times are allowed. Flnally, putting
k i

_{n : EINO7.]€{1 k+1} Zg 1n _l() Ey+11+ln _n()}

and lgr1 =1t we get

EERATE }]

k+1

_ A;Mz; p [D{th—th_IZHj}]

(n@ 410y By
- Z Z H K1 (D) H(J ’ 1) P[{Ntk+1:n+l}}
I

i=1 Hj:ln thta

. (%)
@ 410 Bl N\
= P[{N;=n+1j] H E: T 0 H(%)

(
[[Zin ! 55
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k

; ; () 4 (8)
(n(l) + l(’))! 1 ! () n@
= P[{N,=n+1}] H oo\ 7t —t,)

=1

(©)

. 7 n. i k+1 n:
' Z l(z)' H tj — tj—l J n( )' f[ tj — tj—l J

M@ | ] ny)! =1 ’ IT ng.z)! j=itl

(i

j=1 j=it1
ko /@ 4 ) NG A\ "
n + t; t; B
(I E) () ) e
So the multinomial property implies the extended binomial property. ]

Having proven the equivalence, we know that the multinomial property implies the
Chapman-Kolmogorov property. Our next aim is to show that just having the
binomial property is a sufficient condition for a counting process to possess the
Chapman—Kolmogorov property.

2.2.8 Lemma. If a multivariate counting process {Nt}t€R+ has the binomial prop-
erty, then it possesses the Chapman—Kolmogorov property.

Proof: Due to Lemma 2.2.3 we have P[{N; =n}] > 0 for all ¢ > 0 and all
n e N}

Consider r,t € Ry, r <t, and s € [r,{] as well as n, m € N} with P [{N, = n}] > 0.
For s > 0 we get

Z P[{Ns_Nr:l}|{Nr:n}]P[{Nt_Ns:m}|{Ns:n+l}]

1€ [0,m]
P[{Ns=n+1}] >0

_ y PHN. =N, =0 AN, = n}] PN =N, = m} 0{N, = n+1}

1 orm] P[{N, = n}] P[{N, =n +1}]
LN (R (O 7 n® N .=n
- () O 0 e

(L) @y gy )
1t \nl) 10 )\t t P[{N;=n+1}]
k i i
_ P [{Nt =n-+ m}] H n(@ —i—Am( ) rn(i) t_(n(i)+m(i))
P[{N, = n}] . n()

S (m @) ()10
. Z H (l(z)> (S—T)l (t—S)m -1

1€[0,m] i=1

,=n-+m E @ m@N e n® o\ m
= P[S:{Nr:;}] ! (H( n+<i> )(Z) (1) )

i=1
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Sy =) s
SR R () (=) ()

— P[{N,—N, =m}|{N, = n}]

The case s = 0 can only occur if r = 0 and n = 0. So then

> PENg—N, =1} [{N, =n}] PN, = No =m — 1} |{Ny = n +1}]

P((Nomn 1] >0
= P[{No— Ny =0} [{No=0}] P{N; — Ny =m}[{No = 0}]
— PHN,—N, =m}|{N, = n}]
holds, where the right hand side, and hence the left hand side, is in fact nothing else
than P [{N;, = m}|. Thus, the proof is completed. |

The following pictures recapitulates the relations between the properties of multi-
variate counting processes stated in the last lemmas.

Markov

\

Chapman—
Kolmogorov

multinomial

On the basis of this picture we immediately see that the Chapman-Kolmogorov
property cannot imply the binomial property. If the Chapman—Kolmogorov property
implies the binomial property, then the Markov property would be identical with
the multinomial property. Since there exist Markov processes which do not have

the multinomial property, e.g. the univariate inhomogeneous Poisson process (see
Schmidt [1996]) the assumption cannot be fulfilled.

binomial

In contrast to the multinomial property the Markov property, as stated after the
definition, does not seem to be A-stable. However, with Lemma 2.2.7 we can easily
derive a corollary from Lemma 2.2.2 which provides a sufficient condition for the
stability of the Markov property.
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2.2.9 Corollary.  Let {N,}, ER, be a multivariate counting process having the
Markov property. If {Nt}teR+ has the binomial property, then {ANt}teR+ is a
Markov process for all A € A.

We have shown so far that all considered properties, except the independent incre-
ments, are linked in a more or less direct way to the multinomial property. The
remaining gap will be filled right now.

2.2.10 Lemma. If a multivariate counting process has independent increments,
then it has the Markov property.

Proof: Consider m € N and tg,t1,...,tmye1 € Ry with 0=ty <t; < ... <tp1
and ng,ny, ..., n,; € Nf with 1, := > ity nj. Then we have

p [ ﬂ {th — Ny, = Ilj}] P{N,, =1L.}]

j=1

= (T0 P, =i =10

= P [ﬂ {th — th—l = nj}] P [{Ntm = lm} M {Nthrl — Ntm = nm+1]
j=1

Therefore, {N¢}, ., is a Markov process. |

So with a process with independent increments we are in a familiar setting. The
next corollary is obvious.

2.2.11 Corollary. Let {Nt}teR+ be a multivariate counting process with indepen-
dent increments and the binomial property. Then {Nt}teR+ has the multinomial

property.

In Theorem 3.2.6 we will see that a process with independent increments and the
binomial property even has independent coordinates.

2.3 Regularity

This section is devoted to transition probabilities and transition intensities of mul-
tivariate counting processes. To proceed we need a few new notations.

Let Z := {(0,0)} U (N§ x (0,00)). Then each pair (n,r) € Z is called admissible.
For r,t € Ry, n,m € N} with »r <t and (n,r) € Z

{P[{Nt:m}r{Nr:n}] if PN, =n)]>0

Pom(r1) Fam(r, 1) if PN, =n}]=0
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are called transition probabilities of the multivariate counting process {IN;}, . R,
where the functions fnm, fulfil fom(r,t) > 0 and Zle]N(f fna(r,t) < 1 for all

r,t € Ry, n,m e NF with r <t and (n,r) € Z.

The set of transition probabilities of a multivariate counting process need not to
be unique. However, all subsequent results are independent of the choice of the
functions fn m.

Before we go deeper into the matter we want to provide the link between transition
probabilities and the incremental process. It is easy to see that for ;¢ € R, and
n, m e NF with r <¢, n <m, and P[{N, = n}| > 0 the identity

pn,m(ra t) - Pr,n [{Kr,t—r =m — l’l}]
is valid.

In order to formulate some results in a more uncomplicated style we extend the
Chapman—Kolmogorov property to the set of transition probabilities. A set of tran-
sitions probabilities has the Chapman—Kolmogorov property if

pn,m(T7 t) = Z pn,l(Ta S)pl,m(s7 t)
1€ [n,m]

(L,s)ye z

holds for all ;¢ € Ry , n,m € N} with 7 <¢, n <m, and (n,r) € Z as well as for
all s € [r,t].

It is obvious that if a set of transition probabilities has the Chapman—Kolmogorov
property, then so has the underlying process. On the other hand, if the process
has the Chapman—Kolmogorov property, then we obtain by setting all occurring
fam = 0 a set of transition probabilities which has the Chapman-Kolmogorov
property. If P[{N, =n}] > 0 holds for all (n,r) € Z, then both definitions are
equivalent.

Before we turn to the property called regularity we state a few lemmas concerning
transition probabilities.

2.3.1 Lemma. Let pym(r,t) be a set of transition probabilities of a multivariate
counting process {Nt}teR+' If pam(r,t) has the Chapman—Kolmogorov property,
then

(1) The inequality

|pn,m(r7t)_pn,m(sat)‘ < 1—=pan(r,s)

holds for all r,s,t € Ry, n,m € NF withr <s<t, n<m, and (n,r) € Z .
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(2)  The inequality

’pn,m(ra t) _pn,m(ry 3)‘ S Z (1 _p1,1(87t>)
hoe?

holds for all r;s,t € Ry ,n,m € NF withr < s < t,n < m as well as
(n,r) € Z and (m,s) € Z.

Proof:

(1): Consider r,s,t € Ry, n,m € Ny withr < s <t,n<m, and (n,r) € Z. With
(n,7) € Z and r < s the relation (n,s) € Z follows. Thus, all occurring transition
probabilities are well defined and we have

pn,m(ra t) _pn,m(sat) S Z pnl r,s plm(s t) pn,n(ra S)pn,m(sat)
le[ nm]

(L,s) €

= Y pa(r,s)pum(s)

1€ [n,m]\{n}
(L,s)e Z

Z Pnjl (Tv S)

1€ [n,m]\{n}
(,s)e z

1 —pan(r,s)

IA

IN

as well as

pn,m(rat) _pn,m(sat) - Z pnl r,s plm(s t) pn,m(sut>

1€ [n,m)]
(L,s)e z

Z Pni(7,5) P1m(5,1) + (Pan(r,s) — 1) Pam(s,t)

1€ [n,m]\{m}
(,s)e Z

(Pan(r,s) = 1) pam(s;t)
— (1 = pan(r,s))

(2): Consider 7,s,t € Ry ,n,m € N} with r < s <t n<m as well as (n,r) € Z
and (m, s) € Z. Then we obtain

(AVARVS

pmm(?“,t) _pn,m(r: 5) < Z pnl s plm(s t)

le nm]

S ZplmSt

le| nm]

(Ls) €

< Z (1_p1,1(5’t))

1€ [n,m)]
(L,s)e Z
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and
pn,m(ra t) - pn,m(ra S) - Z pn,l(ra S) pl,m(87 t) - pn,m(ra 5)
o5
= Z pn,l(ra 3)pl,m(57t) "‘pn,m(ra s) (pm,m(sat) —1)
1€ [n,m]\{m}
(L,s)ye z
> _pn,m(ra S) (1 - pm,m(sa t))
Z - (1 - pm,m(su t))
> - Z (1 —pui(s,t))
1€ [n,m]
(1,s) e Z
Hence, the proof is completed. [ |

2.3.2 Lemma. Let {N;}, g  be a multivariate counting process and let (n,r) € Z
and m € NF. If P[{N, =n}] > 0, then the function pom(r,-) : [r,00) — R, is
right continuous.

Proof: We divide the proof into two parts. First, assume n £ m. In this case we
get

pn,m(ra t) = P [{Nt = m} | {Nr = n}]
= 0

for all ¢ € [r,00) and pnm(r,-) even is continuous.
Now, assume n < m. As a consequence of

pn,m(ra t) - Pr,n [{Kr,t—r =m — n}]

Lemma 2.1.4 and Lemma 2.1.2 (2) yield the right continuity of ppm(r,t) in ¢ on
[, 00). |

2.3.3 Corollary.  Let {N,;}, €R, be a multivariate counting process having the
Chapman—Kolmogorov property and let P [{N, =n}| > 0 for all (n,r) € Z. Then
the following are equivalent.
(a)  The functions

~ pom(-t) : [0,t] = Ry withm € N}, t >0,

~ pam(t) (0,4 = Ry withn € N¥\{0}, m € N}, ¢t > 0, and

~ Pam(r,) : [r,00) — Ry with (n,7) € Z, m € N}

are continuous.

(b)  The identity
Llf%pn,n(t - ha t) =1

holds for all t > 0 and n € INJ.
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Proof:
(a) = (b): obvious

(b) = (a): We obtain from the assumption
}Zlf%pn,n(t —ht) =1= pn,n(tvt)
for n € NF and t > 0 as well as from Lemma 2.3.2
mpon(t,t+h) = pan(t,t) =1

for all (n,t) € Z.

Now, Lemma 2.3.1 yields the asserted continuity of the functions pnm(-,t) and
Pam(r, ) for n < m. Since for r < ¢ the transition probabilities satisfy ppm(r,t) =0
whenever n £ m, the assertion follows. |

Now, we introduce the concept of regularity, which differs a little bit from the concept
used in Schmidt [1996], but still permits a characterization in terms of the systems
of Kolmogorov differential equations.

A counting process {N;}, , is called regular if there exists a family {Kn}, ¢y 5 of
continuous functions with kg : Ry — (0,00) and Ky, : (0,00) — (0,00) for n # 0
such that

(i) forallt >0 and n € N} the inequality

P{N,=n}] >0

is valid,
(ii)  the functions
— pom(t) : [0,t] = Ry withm € NF, ¢ >0,
Pam(t) : (0,f] — Ry with n € NM\{0}, m € N}, ¢ > 0, and
~ pam(r,:) : [r,00) = Ry with (n,7) € Z, m € N}
are continuous, and
(iii)  for all £ > 0 and n € IN} all limits used below exist and the identities

R10 10

: f— 1 —_— —_— —_ ( )
lim E (1 — pmn(t — h7 t)) = }llm h (]_ pn,n(ta t+ h)) Iinj (t)

1 1 ‘
o . N PN _ (4)
}3{% h Pnn+e; (t h7 t) }3{% h Pnn+e; (tvt + h) Kn (t>

are fulfilled for all ¢ € {1,..., k}, whereas kW is the i-th coordinate of ky.

As a consequence of (i) the transition probabilities of a regular process are unique.
The functions k, are called (transition) intensities of the counting process.
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They show the tendency of the counting process, being in state n, to have had a
jump of height one at the corresponding coordinate in an infinitesimal time interval
previous to time t as well as the tendency to have a jump of height one at the
corresponding coordinate in an infinitesimal time interval after time ¢. Condition
(iii) further means, that in any state the tendency of a jump of height one at an
arbitrary coordinate is equal to the tendency of any jump.

Characterization of Regularity

The definition of regularity handles both relevant times occurring in the transition
probabilities equally. Under the Chapman—Kolmogorov property it is sufficient to
concentrate on one side.

2.3.4 Theorem (Characterization of regularity I). Let {N:}, .y, be a
multivariate counting process having the Chapman—Kolmogorov property and let
{nn}ne]N(f be a family of continuous functions with kg : Ry — (0,00) and
Kn : (0,00) — (0,00) for n # 0. Then the following are equivalent.
(a)  {Ni},cg, is reqular with intensities {nn}nem&..
(b)  Forallt >0 and n € N}
(i) the inequality P [{N; = n}] > 0 is valid,
(i)  limp opnn(t —h,t) =1 holds, and
(iii)  all limits used below exist and the identities

1 4
im—(1— — — ()
lig (1 Pnn(t h,t)) E ki (1)

Jj=1

=3¢

(1)

}Li{% % Pnn+te; (t—ht) = &
are fulfilled for all i € {1,... k}.
(c) Forallt>0 andn € N}
(i) the inequality P [{IN; = n}] > 0 is valid,
(ii)  the function pun(r,-) : [r,00) — Ry with (n,r) € Z is left continuous,
and
(iii)  all limits used below exist and the identities

k
1 )
o _ _ (9)
lim h (1 Pan(tt+ h)> = ]2:1 Ky (t)

h|0

~EeS)

(t)

o1
}Llf%ﬁpn,n+ei(t7t+h) = R

are fulfilled for all i € {1,... k}.
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The conditions (bii) and (cii) are not quite symmetric. The aim is to get the conti-
nuity of the transition probabilities pnm(r,t) in r and in ¢, respectively. Due to the
right continuity of the paths of a counting process and the upper bounds in Lemma
2.3.1, there are different assumptions which lead to the desired continuity in r and
in t. The precise argumentation can be seen in the proof, which will be carried out
after the two other characterizations of regularity.

The concept of regularity is closely linked with the Kolmogorov systems of differ-
ential equations. There are two systems, the backward and the forward system.
As we will see, the existence of each of the systems is adjoint to the existence of a
system of integral equations and is also necessary and sufficient for regularity if the
process has the Chapman—Kolmogorov property. For a compact notation we define
the index set I(n,m) := {i € {1,...,k} : n® <m®}.

2.3.5 Theorem (Characterization of regularity II). Let {N:}, g be a

multivariate counting process having the Chapman—Kolmogorov property and let

{“n}nemg be a family of continuous functions with ko : Ry — (0,00) and

Kn : (0,00) — (0,00) for n # 0. Then the following are equivalent.

(a)  {Ni},cg, s reqular with intensities {K’n}nelNé“'

(b)  (backward differential equations) There erists a set of transition prob-
abilities of the process {Nt}teR+ such that for all t > 0, n,m € N} with
n < m the differential equation

d , ,
- — § : () (p) — E : (4)
drpn,m(ra t) - pn,m(ﬁ t) . Kn (T) Kn (T)pn-l—ei,m(r’ t)

=1 t€I(n,m)
with the final conditions

pant) = {5 o 2

holds for r € [0,t] ifn =m =0 and r € (0,t] otherwise.

(¢)  (backward integral equations) There exists a set of transition probabilities
of the process {Nt}t€R+ such that for all t > 0, n,m € N} with n < m the
integral equation

t ok i
@_fr Dict ’igl)(s) ds if n=m

pn,m(ra t) = t )
/pmn(r,s)( S )mf (5)pn+ei7m(s,t))ds if n#m
T t€l(n,m

holds for r € [0,t] if n=m =0 and r € (0,t] otherwise.

2.3.6 Theorem (Characterization of regularity III). Let {N}, .y, be a
multivariate counting process having the Chapman—Kolmogorov property and let
{”n}nem({f be a family of continuous functions with kg : Ry — (0,00) and
Kn : (0,00) — (0,00) for n # 0. Then the following are equivalent.
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(a)  {Ni},cg, is reqular with intensities {nn}nemok.

(b)  (forward differential equations) There exists a set of transition probabili-
ties of the process {Nt}teR+ such that for allr € Ry, n,m € NF withn < m
ifr >0 andn=m =0 if r =0 the differential equation

k

d (i) (9
pam() = Y Pame(r0) Ao (1) = pamlr) DRG0

i€ I(n,m) =1

with the initial conditions

_ 1 if n=m
Pam(r,7) = {0 if m#m

holds for t € [r, 00).
(¢) (forward integral equations) There exists a set of transition probabilities

of the process {Ni}, g, such that for allr € Ry, n,m € N} with n < m if
r>0andn=m =0 if r =0 the integral equation

t k )
e S i “;)(5) ds if n=m

pn,m(ra t) = t )
/ ( 5 pn,m_exr,s)mﬁ,)ei<s>)pm,m<s,t>ds f n#m

i€ I(n,m)
holds for t € [r,00).

The backward and the forward integral equations show that, for a regular process
which has the Chapman—Kolmogorov property, the intensities do uniquely define
the transition probabilities and therefore the one-dimensional distributions of the
process. We will go a little bit deeper into this point after the proof. Before the
proof we state a lemma we need therein.

2.3.7 Lemma. Leta,b€ R and let f: [a,b] — R be continuous.

(1) If the right derivative of f is continuous at x € (a,b) then the derivative of f
at x exists and is continuous as well.

(2)  Let the right derivative of f exist for all x € (a,b). Furthermore, let the limit
of the right derivative of f for x T b exist and let its value be c. Then the left
deriwative of f exists at x = b and its value is c.

Proof:
(1): see Kannan and Krueger [1996] Theorem 3.4.6
(2): see Bourbaki [2003] p.18 Proposition 6 |

Proof: (Theorem 2.3.4, 2.3.5, and 2.3.6)
The assertions 2.3.4 (a), 2.3.5 (a), and 2.3.6 (a) are identical. So we can prove the
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theorems simultaneously according to the following scheme: 2.3.4 (a) = 2.3.4 (c)
= 2.3.6 (b) = 2.3.6 (¢c) = 2.3.4 (b) = 2.3.5 (b) = 2.3.5 (c) = 2.3.4 (a).

2.34 (a) = 2.3.4 (c¢): obvious

2.3.4 (c) = 2.3.6 (b): Letne Nfandr € R, if n =0 and r > 0 otherwise as well
ast >0 witht >r.
By the Chapman-Kolmogorov property we get with A > 0

pn,n(r7t + h) - pn,n<ra t) = pn,n(ry t)pn,n<ta t+ h) - pn,n(rv t)
—Pnn(rt) (1 —pan(t,t+h))

and therefore

(1 Pttt h))

H
D‘I'—‘

o1
hmﬁ( n,n<r7t+h)_pn,n(rat)) - _pn,n(rat)

lim
RO h

= _pnn(r t)

||M?v
I
=
S
—~
~
S—

It follows from (ci) and Lemma 2.3.2 that py,(r, -) is right continuous and as a con-
sequence of (cii) it is left continuous, too. Hence, ppn(r,-) is a continuous function
on [r,00) N (0,00) with a continuous right derivative thereon. Thus, the derivative
of pnn(r,-) exists (see Lemma 2.3.7) and satisfies the differential equation

k
d .
SPan() = = pun(r )Y K

with initial condition pyn(r,7) = 1.
Since the functions pgo(0,-) and kg are continuous on [0, c0) the limit for ¢ | 0 of

“p0,0(0,1) exists. With Lemma 2.3.7 we obtain

d . d
—P0,0(07t)|t:0 = H{)lapo,omﬁ)

dt
k .
= lim (- P0,0(0,t) 2; Ky (t))

k
= —poo(0,0)) x{(0)
i=1

This proves the assertion for n = 0. In particular, we have

pn,n(rt = _f Ez 1 Hn )dS

> 0
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Now, consider 7 > 0 and n,m € N} with n < m as well as t € [r, c0).
Assume h > 0. For all 1 < m with ’'m — 1’1 > 2 we have

k
me(Zf,t—l— h) S 1 - pl,l(t>t+ h) - Zpl,lJrei(tvt + h)
=1

which leads together with the assumption to
Ii ! (t,t+h) 0
m — prm(t, =
n 10 h P,
Using the Chapman-Kolmogorov property we get

Pam(t+h) = pam(rt) = D paa(rt) prm(t,t+h) — pam(r.t)

1€ [n,m)]
= _pn,m(r> t) (1 - pm,m<t7t+ h)) + Z pn,mfei(ra t)pmfei,m(tt_'_ h)
i€ I(n,m)
+ Z pn,l(ra t)pl,rn<t7 t+ h)
1’115—[27’1122
Thus
lm ~ (pom(r £+ h) (r, 1)) = (r 1) lim = (1 (.t +h)
hl% h pn,m Ta pn,m 7’, - pn,m T, hlf% h pm,m )
1
-+ Z pn,mfei (T7 t) }3{% Epmfei,m(tat + h)
1€ I(n,m)
1
+ al(r,t) im —pim(t,t+h
16[;,“] Pni( )hw hpl’ ( )
1’m—1,’122
k .
= —Pam )Y AL+ D Pamee(r)rm e (1)
1=1 1€ I(n,m)

Hence, the right derivative of pnm(r,-) exists on [r,00) and it follows that the
function pn m(r,-) is right continuous thereon. Furthermore, for s € [r,¢] Lemma
2.3.1 and the strict positivity of pyn(r,t) for all n € N} and r,¢ > 0 with r < ¢
together with the Chapman—Kolmogorov property yield

‘pn,m(rat)_pn,m(rvs)l < Z (1_p171(37t))
1€ [n,m]

- ~ pun?)

- 2 (1 puons))

1€ [n,m)]
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and thus

hntl ‘pmm(”f‘, t) = Pam(r, 5)| =0

sT

So the function py m(r,-) is also left continuous on (r,00) and therefore continuous
on [r,00). Since we can assume that the functions pym-—e, (7, ) are continuous for
i € I(n,m) (which is possible since pnn(r,-) is continuous and we can go up in-
ductively by looking first at m € N¥ with 1'm — 1'n = 1, then at m € N} with
1'm — 1'n = 2 etc.), the representation of the right derlvatlve of pum(r,-) y1elds its
continuity and as consequence of Lemma 2.3.7 the derivative exist and satisfies the
differential equation

k
d
Epn,m(rat) = Z pnm e; Tt) m) e( pnm Tt ;HZ)

i€ I(n,m)
with initial condition pym(r,r) = 0.

2.3.6 (b) = 2.3.6 (c): Letr € R, and n,m € N} with n <m.
Firstly, we notice that pp (7, -) with n = 0 if » = 0 satisfies the differential equation

k
d 2 (%)
%pn,n(n t) = pnn r, t - Rn

with initial condition pyn(r,7) =1 for ¢t € [r,00). This differential equation has the
unique solution

Pan(r,t) = e_f: Zf:l “g)(s) ds

for t € [r, 00).
If n # m and r > 0, then the function pym(r, -) with pam(r,t) = 0 for all ¢ € [r, 00)
is the unique solution of the homogeneous differential equation

k
d .
- - _ § (@)
dtpn,m(ﬂ t) = pn,m(ru t) - Km (t)

for ¢t € [r,00) with initial condition pym(r,7) = 0. This implies that the inhomoge-
neous differential equation

k

d 7 %

ap n,m (Tv t) = § , Pnm-—e; (T7 t)"ifn)—ei (t — Pnm T t g Rm )
i€ I(n,m) i=1

for ¢ € [r,00) with initial condition pym(r,7) = 0 has at most one solution.
We assume that the functions pym—e, (7, -), fulfilling the inhomogeneous differential
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equations, are already known for ¢ € I(n,m) (which is possible since pyn(r,-) is
known and we can go up inductively with the succeeding argument by looking first
at m € N} with 'm — 1’'n = 1, then at m € N} with 'm — 1'n = 2 etc.). We
define for t € [r, 00)

ﬁn,m(rat> = / ( Z Pnm—e; 7” S) 1(m) ez( ))pm,m(s7t)d8
T 1€ I(n,m)
and obtain

d. @ d
W FPnm\’, - n,m—e Rm—e m,m ds
a0 = [ (X pumealn) ol e (s)) im0

t€I(n,m)

+ Z pn,m—ei T, t) Iign),ei (t)

i€ I(n,m)

B /< > Pum-e(rs) £n)el(s>> (—pn,m(s,t)ing?(t)>ds

i€ I(n,m)

+ D Pame(rt) Ao (1)

i€ I(n,m)

k
= _ﬁn,m(r>t)z Z pnm eZ Tt (l) (t)
i=1

1€ I(n,m)

as well as pp m(r,7) = 0. Thus, the function py m(r,-) is the unique solution of the
preceding inhomogeneous differential equation and so

pamirt) = [ (X a9l o) )pmm(si it

i€ I(n,m)
holds for all ¢ € [r, 00).

2.3.6 (¢c) = 2.34 (b): For r,t € Ry with r <t we have
t —k i
Do 0(7‘7 t) = e fr Zi:l KV(())<8) ds
Thus, the function pgo(r,-) : [r,00) — [0, 1] is continuous. Additionally, we obtain

P[{N, = 0}] = poo(0,t) > 0

for t € Ry. So P[{N; =0}] > 0 holds for all t € R.
Now, let r,s,t € Ry with r < s <t and m € N}. From Lemma 2.3.1 (1) we get

Pom(r,t) —pom(s,t)] < 1—poolr,s)
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and thus the right continuity of the function pom(-,t) : [0,¢) — [0, 1].
The next item is to show that pym(r,t) > 0 holds for all ;¢ > 0, n,m € NJ with
r <t and n < m. Firstly, we consider ¢t > 0. Then

0
Pon(r;t) = e —Jr T (s ds

holds for all r € (0,¢) and n € IN}. Now, additionally choose n € N} and assume
that pnm—e, (7, t) > 0 already holds for ¢ € I(n,m) and r € (0,¢) (which is possible
since pnn(r,t) > 0 holds for all » € (0,¢) and we can go up inductively with the
succeeding argument by looking first at m € N} with 1'm — 1'n = 1, then at
m € N} with 1'm — 1'n = 2 etc.). This yields

Pam(r,t) = / ( Z Pnm—e; (75 S) ,(m) o (5 ))pm,m(s,t)ds > 0

1€ I(n,m)

for all » € (0,7). As ¢t and n have been arbitrary, pnm(r,t) > 0 holds for all
r,t>0,n,m € N} withr <t and n <m.
Now, consider r,¢ > 0, m € N} with r < ¢ and m # 0. Then

(X romatr o) )pmmls ) > 0
1€ 1(0,m)
holds for all s € (r,t). So the function pom(-,t) : [0,t) — [0, 1] with
pom) = [ (X pomea) e 6))pmam(s. s
T 1€ 1(0,m)

for r > 0 is strictly positive and decreasing on the interval (0,¢). Thus, we get as a
result of the shown right continuity of this function

P{N;=m}|] = pom(0,t)
= }}%po,m(r,t)

— 1 (4)

- llf% ( Z Pom—e; (7, 5) Fm_e, (s))pmm(s,t)ds
1€ I1(0,m)

> 0

Hence, the process fulfils (bi).
Consider t > 0 and n € N}. Then the integral representation yields

t k i
Pan(r,t) = €_fr Dict K;)(S) ds
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for r € (0,¢]. Therefore, the function is continuous in 7 and (bii) is fulfilled.
Now, consider t > 0 and n € N}. Then we have

11m1( pn,n(t—h,t)) - hmh(l—e Jon X (S)ds)

R10 h h10

k
= SR
=1

and as a consequence of

:/:

( ) pn+ei,n+ei (87 t) dS

pn,n+ei<t_hat) = /pn,n( —h,s)k

t .
_ (/‘e—-LShE:ﬁﬂﬁﬁku>duﬁg> — T A (w) du g

t—h
p t k i i
fnzl%w/gzm®wmeme

t—h
for h > 0 with ¢ — h > 0 we additionally obtain

1 00,4
}ll%hpnn—kez( —hit) = e’e ry(t)

Thus, the process fulfils (biii).

2.3.4 (b) = 2.3.5 (b): Lett>0,n,m e N with n <m and r € (0,].
Now consider A > 0. For all 1 > n with 1’1 — 1'n > 2 we have

pn,l(r - h,?”) < 1- pn,n(r - h,T> - men_g.ei(r — h, ’]”)
which leads together with the assumption to

1
}Ll?l hpnl( —h,T') =0

Using the Chapman—Kolmogorov property we get

pmm(?“, t) _pn,m(r - h7t) = pn,m(r7 t) - Z pn,l(r - h,T)pl,m(T, t)

1€ [n,m)]
= pn,m(r7 t) (1 - pn,n(r - h, T)) - Z pn,n—i—ei (T - h7 T)pn+ei,m(r7 t)
1€ I(n,m)
- Z pn,l(r - h7 T)pl,m(,ra t)

1€ [n,m]
1/1-1/n > 2
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Thus

1 1
lim 7 (Pam(m,t) = pam(r —h,t)) = Dam(r,t) }5% 7 (1 —pun(r—~h,r))

hlO
.1
- Z }Ll?(l) 7, Pnnte: (r—h,7) Pote,m(r,t)
i€ I(n,m)
— Z lim lp 1(r = h,r) prm(r, t)
h10 h n, ) ,m\/’
1€ [n,m]
1'1-1'n>2
k
= Pom(r, t)zfﬁﬁ)(r) - Z Rg)(r>pn+ei,m(rv t)
=1 i€ I(n,m)

The assumption also yields the continuity of pyv(+,t) (see Corollary 2.3.3) for any
u,v € NF. So pum(-,t) is a continuous function on (0,¢] with a continuous left
derivative thereon. Thus, the derivative of pym(-,t) exists (see Lemma 2.3.7) and
satisfies the differential equation

k

d ‘ ‘
- — (@) () — (4)
pnml) = Pam) D A0 = Y KD (parem(r)

1=1 i€ I(n,m)
with the final condition
1 if n=m

Pum(t,t) = {0 if n#m

As the functions pog(-,t) and kg are continuous on [0, ¢], the limit of £pg o(r,t) for
r ] 0 exists. With Lemma 2.3.7 we obtain

d . d
apo,o@”,t)‘rzo = }}}%apo,o(ﬁt)

k
= limpoo(r,1) > kg (r)
=1
k

= poo(0,t) Y x5 (0)

i=1
This proves the assertion for n = m = 0.

2.3.5 (b) = 2.3.5 (c): Let ¢t >0 and n,m € NF with n < m.
Firstly, we notice that pm m(-,t) satisfies the differential equation

d
me,m(r’ t) = pm,m(ra t) Z K:I‘Z/‘l) (T‘)

=1
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for r € [0,¢] if m = 0 and r € (0,¢] otherwise with final condition pmm(t,t) = 1.
This differential equation has a unique solution and we get

t k i
pm,m(r,t) = e_fr Zi:l ’fgn)(8>d8

for r € [0,¢] if m = 0 and r € (0, ] otherwise.
If n # m, then the function pum(-,t) with pam(r,t) = 0 for all r € (0,¢] is the
unique solution of the homogeneous differential equation

k
d
5 Pnm 7t = n,m t !
drp’ (r,t) Pam (T, ;m

for r € (0, t] with final condition py m(t,t) = 0. This implies that the inhomogeneous
differential equation

k
d 4 4
- — E ( () () — E (@)
drpn,m(ra t) - pn,m(T, t) — K“n (7“) K“n (r)pn+ei,m(r7 t)

i€ I(n,m)

for r € (0,¢] with final condition p,m(t,t) = 0 has at most one solution.

We assume that the functions ppte; m(-, ), fulfilling the inhomogeneous differential
equations, are already known for ¢ € I(n,m) (which is possible since pmm(-,t) is
known and we can go down inductively with the succeeding argument by looking
first at n € N} with 1’'m — 1'n = 1, then at n € N} with 'm — 1'n = 2 etc.). We
define for r € (0, ¢]

pam(rit) = [ punr)( D )P0 s

i€ I(n,m)
and get
d . bd ;
apn’m(r,t) = / %pmn(r,s)( Z £ (5) Prter.m(s, t))ds
r i€ I(n,m)
- Z KS)(T)anrei,m(rv t)

1€ I(n,m)

= [tpnnrs i/@” ( Z $) Pnter,m (St))dé’
m(

1=1 i€ I(n,m)
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as well as Pnm(t,t) = 0. Thus, the function p,m(-,t) is the unique solution of the
preceding inhomogeneous differential equation and so

t
Pum(r,t) = / pn,n<r,s>< >, m&?(s)zamei,m(s,t))ds
r 1€ I(n,m)
holds for r € (0, t].

2.3.5 (¢) = 2.34 (a): Consider r,t € Ry with r <t. We have pgo(r,r) = 1 and
with the integral equation

t k i
poo(r,t) = e_fr Zizl “8)(5) ds

holds for ¢ > r. Thus, the function pogo(r,-) : [r,00) — [0,1] is continuous.
Additionally, we obtain

P[{N;=0}] = poo(0,t) > 0

for t > 0. So P [{N; = 0}] > 0 holds for all ¢t € R.
Now, let r,s,t € Ry with r < s <t and m € N}. From Lemma 2.3.1 (1) we get

’pO,m(ra t) _pO,m(s7t)| S 1 _p0,0(ra 8)

and thus the right continuity of the function pom(-,t) : [0,¢) — [0, 1].
The next item is to show that pym(r,t) > 0 holds for all ¢ > 0, n,m € N} with
r <t and n < m. Firstly, we consider ¢ > 0. Then

Lk (4)

holds for all r € (0,¢) and m € INJ. Now, additionally choose m € N} and assume
that pnie; m(r,t) > 0 already holds for ¢ € I(n,m) and r € (0,¢) (which is possible
since pmm(r,t) > 0 holds for all r € (0,¢) and we can go down inductively with
the succeeding argument by looking first at n € N} with 1'm — 1'n = 1, then at
n € NF with 1’'m — 1'n = 2 etc.). This yields

t
panr) = [ panlr) (X WO pncam(sin))ds > 0

i€ I(n,m)

for all r € (0,¢). As ¢ and m have been arbitrary, pym(r,t) > 0 holds for all
r,t >0, n,m € N with r <t and n < m.
Now, consider r,¢ > 0, m € NF with r < ¢ and m # 0. Then

po,o(r,s)< > nﬁ,")(s)pei,m(s,to > 0

i€ 1(0,m)
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holds for all s € [r,t). So the function pom(-,t) : [0,f) — [0, 1] with

pom(r:0) = [ poatr9)( X w6 pemlsnt))as

1€I1(0,m)

for r > 0 is strictly positive and decreasing on the interval (0,¢). Thus, we get as a
result of the shown right continuity of this function

PN; =m}] = pom(0,)
= ngo,m(nt)
t .
= }ni{% p070(r,s)( Z /fg)(s)pe“m(s,t))ds
r i€ 1(0,m)
> 0

Therefore, the process fulfils condition (i) of regularity.
Consider ¢ > 0 and n € NF. Then by the integral representation

Pan(r,t) = f Z 1’{n s)ds

holds for r € [0,¢] if n = 0 and r € (0, t] otherwise. This function is continuous in r
and Corollary 2.3.3 yields condition (ii) of regularity.
Now, consider ¢t > 0 and n € INJ. Then we have

1 f K (s) ds
= lim — t—h 2
}zli% h (1 Pan(t = h, t)) }zllo h (1 ¢ )

k
DL 40
i=1
as well as
t+h —k i
it (1 puntter =) = fik (1o 07 T 8
k
= > &)
i=1
Due to

t
Pnnte; (t —h, t) = / pn,n(t —h, 3) “g)<5)pn+ei,n+ei(37 t) ds
“h

t

= / —Jin 1“11( ) du £ (s) f ZZ 1 n+e1( )du 4

t—h

t . .
; i tk (@D (D)
L T ) da / T () = i () o 5)ds
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for h > 0 we additionally obtain

1 . 0.0.,.3)
}lli%hpnn—&-ez( hit) = e’e Ky (t)

On the other hand
t+h

Pn,n+te; (tvt + h) = / pn,n<t7 8) 'Lini)<3) pn+e¢,n+ei(37 1+ h) ds
t
t+h

t+h k 7
= / _f;f =1 n )du Z )e_.fs+ Zi:l "igl')i‘el(u) du ds

t

h i ) )
= e_ftt+ Y ke d / R 1( () = Fare, (1) | e kI (s) ds
t
for h > 0 gives

1 _ 0,0 ,.(2)
}Il%hp"n+el(tt+h> = e’ e Ky (t)

This proves condition (iii) of regularity. |

The one—dimensional probabilities P [{N; = n}] = pon(0,t) of a regular process
which has the Chapman—Kolmogorov property do also satisfy (forward) differential
equations. However, they are not necessary in the characterization of regularity and
also have not for sure a counterpart considering proper integral equations. Therefore,
they are stated in a corollary after the characterization.

2.3.8 Corollary.  Let {Nt}te1R+ be a multivariate counting process having the
Chapman—Kolmogorov property. If the process is reqular with intensities {K,n}nelNéc,
then the differential equation

SPUN =] = SPNe=n -] wil (1) - {Nt—n}zfs

holds for allt >0 and n € N},

Proof: Letne N} andt>0.
Assume h > 0 such that ¢t — h > 0. For all 1 with 1'n — 1’1 > 2 we have

pin(—ht) < 1—pu(t—nht)— Zp11+e1 h,t)
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which leads together with the regularity to

o1
}Llf% Epl,n(t_hat) =0

Using the Chapman-Kolmogorov property we get
pon(0,t) —pon(0,t —h) = Z po1(0,t —h)pia(t —h,t) —pon(0,t —h)

1€[0,n]
= —pon(0,t =) (1 = pun(t —h,t))
+ Z Pon—e; (0,8 —h)pn_e;n(t —h,t)

1€1(0,n)
+ > poa(0,t = h)pralt — h,t)
1€ [0,n]
1’n-11>2
Thus
lim = (po.n(0, ) (0.6 —h) = —Ii 0.t —h) 2 (1 (t— h,1))
hlin() A PonlY, PonlY, - h%% PonlY, h Pnn )

1
+ Z hm Pon—e; 0 h) Epn—ei,n(t_hat)

1€ 1(0,n)

1
+ hm 0,t—h)—=pia(t—h,t
1§n] poa( )hpl, ( )
1’n—-11>2

k
= —ponOtZ/ﬁll Z pOn eZOt S)el()
=1

i€ I(0n)

Hence, the left derivative of pon(0,-) exists on (0,00). Under the assumption of the
corollary the function pgm(0,-), m € INF, is continuous on (0, c), hence the left
derivative of pgn(0,-) is continuous thereon and therefore (see Lemma 2.3.7) the
derivative exist and satisfies the differential equation

d

d
—P[{N;=n}] = %po,n((), t)
k
= Z Pon- eZOt En)e() pO,n(O t)z 51)({;)
1€I(0,n) i=1
A k
— ZP {N,=n—e}] s, (t) — PN, =n}] > s (t)
i=1
where the first sum can be extended since P [{N; = n}| = 0 whenever n 20. H

The integral equations are of some interest as they allow the inductive determination
of the transition probabilities from the intensities. The direction of the recursion



66 Chapter 2. Multivariate Counting Processes

illustrates why the systems are called backward and forward. In both systems the
transition probabilities pyn(r,t) are solely given by the intensities. Using the back-
ward system we choose m € IN¥ and ¢ > 0 and evaluate p g m(r,t) for all r € (0,t].
Then it is possible to evaluate the function pm—e, m(:,t) for ¢ € {1,... k} just in
terms of the intensities and pmm. Thus, by reducing the first number of events in
one coordinate we can inductively obtain the transition probabilities py m(r,t) for
all n < m. This means, going backward from the chosen number of events.

Naturally, the forward system offers another way of obtaining the transition proba-
bilities from the intensities. There we choose n € N} and r > 0 and first evaluate
Pnn(r,t) for t € [r,00). The next step is to compute the functions pu nte,(, ) for
i€ {l,...,k}. Following this way we can inductively evaluate the transition proba-
bilities pnm(r,t) just with the help of the intensities for all m > n by going forward
from the chosen number of events through increasing the second number of events
in one coordinate.

Since the transition probabilities of a regular process are continuous, we also can
obtain with the help of P [{IN; = n}| = pon(0,?) the one-dimensional distributions
of the process just in terms of the intensities. However, the iteration necessary for
that purpose does not provide a short explicit representation of these probabilities.

Using the same ideas for a regular Markov process yields the following result.

2.3.9 Corollary. Let {Nt}teR+ be a multivariate counting process which is a
reqular Markov process. Then the intensities {Rn}neméﬁ do uniquely determine the
finite—dimensional probabilities of the process.

Proof: Every regular Markov process has the Chapman—Kolmogorov property and
thus {N¢}, ., fulfils the Kolmogorov systems of differential equations. Therefore,
the intensities do uniquely determine the transition probabilities, in particular the
one—-dimensional distributions of the process. With the help of the Markov property

we have for all m € N and {o, 1, ...,t, € Ry with 0 =ty <t; < ... <1, and all
ng,ny,...,n, € Ny with 1, :=>"7_ n,
P ﬂ {th -Ny_, = nj} - HP [{th -Ny_, = nj} } {th—l - lj—lH
j=1 j=1

= P [{Nh = nl}] lejA,lj (tj*b tj)
j=2

and hence the intensities do uniquely determine the finite—dimensional distributions
of the process. |

The specified iteration for the transition probabilities also allows to check that every
transition probability of a regular process which has the Chapman—Kolmogorov
property is strictly positive.
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2.3.10 Corollary. Let {N;}, €R, be a multivariate counting process which has
the Chapman—Kolmogorov property and which is regular with intensities {Kn}, c n k-
Then

Pam(r,t) > 0

holds for all r,t € Ry , n,m € N} withr <t, n <m and (n,7) € Z.

2.3.11 Corollary. Let {Nt}teR+ be a multivariate counting process which has
the Chapman-Kolmogorov property and which is reqular with intensities {Kn}, c n k-
Then

holds for all (n,r) € Z.

Proof: Let (n,r) € Z and t € (r,00). Due to ppn(r,t) = Prn [{K,s—r = 0}]
as well as Lemma 2.1.4 (the incremental process is a multivariate counting process,
too) and Lemma 2.1.2 (4) we obtain

tliTrgpn,n(rat) = 0

Since the transition probabilities fulfil under the assumption of the corollary the
integral equations linked to the Kolmogorov systems of differential equations, we
get

t Sk (i)
0 = hTmpn,n(T,t) = lime_fr 2121 Kn (S) ds
t] oo

tT oo

which leads to the assertion. [ ]

The definition of regularity contains relations between the intensities and the tran-
sition probabilities. For ¢ > 0 every intensity KD (t) is defined as derivative of the
transition probability pnnte,;(7,t). But no relation to the transition probabilities is

specified for ko(0). From the integral equation we get

hl0O

k
Y kQ0) = lim % (1 — 0.0, h))
=1

However, to specify a relation for mﬁf )(0) an additional assumption is necessary.
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2.3.12 Lemma. Let {Nt}teIR+ be a multivariate counting process which has the
Chapman—Kolmogorov property and which is reqular with intensities {Kn}, c k- Let

ie{l,...,k}. If the limit lim, | o Ke,(t) is finite, then
£50) = lim Lo (0,h)
0 nio bt U
15 valid.

Proof: Let: € {1,...,k}. Since {Nt}te]}{+ is a counting process, the identity
Poe;(0,0) = 0 is valid. Furthermore, the assumptions assure that all limits used
below exist and are finite and so the forward differential equations in connection
with Lemma 2.3.7 yield

rg (0) = lim (po,om,t)mé“(t)—po,exo,wzng?(t))
1=1

d
= lim —poe, (0,1
tlin(}dtpo’l(o )

o1
= }5% E (po,ei(()? h) —Doe; (0, O)>

1
= }Lliréﬁpo,ei((),h)

which proves the assertion. [ |

Some aspects of regularity

Our next aim is to look whether the property of being a regular process is A-stable.
Therefore, we introduce some additional notation. The transition probabilities of
the transformed process will be denoted by api1u(7,t) whereas the intensities of the
transformed process (in the case of their existence) will be denoted by {ak1}; g
Before we state the appropriate theorem just a necessary lemma.

2.3.13 Lemma. Let {Nt}teR+ be a multivariate counting process which fulfils
condition (i) and (ii) of reqularity and let A € A. Then the inequality

P[{AN, =1}] >0

holds for allt >0 and 1 € N¢ and the functions

— apou(t) : [0,f] > Ry withue N¢, t >0,

~ apru(st) 2 (0,8] = Ry with1 € NA\{0}, u e N§, ¢t > 0, and

— apru(ry) : [r,00) — Ry with (,r) € Z, u € N§

are continuous. This means, that the property of fulfilling condition (i) and (ii) of
reqularity is A-stable.
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Furthermore, the transition probabilities of the transformed process can be expressed
as convex combinations of sums of the original transition probabilities such that

APLu(rst) = Z PN, = n)] Z Pam(7,1)

neatqy >, PNy =v} meauy
ve A-1({1})

holds for all r;t € Ry, l,u € N¢ with (L,r) € Z and r < t.

Proof: Firstly, we notice that by condition (i) of regularity the inequality

P{AN, =1}] = Z P{N;=mn}] > 0

ne A-1({1})

holds for all + > 0 and 1 € N¢. Thus, {AN,} ter, fulfils condition (i) of regularity.
Now let (1,7) € Z, u € N¢, and t > r. Then

P [{AN, = 1} N {AN, — AN, = u — 1}]
P [{AN, = 1}]
= Z Z [{NT:n}ﬂ{Nt_Nr:m_n}]P[{ANlrzl}]

({1 me A~ ({u})

1
= Z Z [{Nr = Il}] pn,m<r7 t)P [{AN,« _ l}]

({1 me AT ({u})

P [{NT - n}] Z pnm(ra t)

neatqy > PHNy =V} meaiquy
veA-1({1})

AD l,u(rv t) =

M

holds.

If Ae Ap U Ac, then the transition probabilities ap1(r,t) are finite compositions
of continuous functions regarding r as well as ¢ and therefore {AN,}, _p fulfils
condition (ii) of regularity.

If A € Ag, then we have to sum infinite many functions. For each ¢ € R, and each
£ > 0 there exists n* € N} such that > nen o0 P [{Nt =n}] <e. Thus, with the
almost surely increasing paths of a counting process we obtain for all s € [0, ¢]

Z P [{Ns = Il}] = P [{Ns > Il*}]

n € [n*,00)
< P[{N;=n"}]
< €

Hence }°, o s P [{Ns = n}] and therewith 37 41y P [{N, = n}] for all 1€ IN¢
converge umformly on [0,]. Using condition (i) of regularity for {N:}, .y we get
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the continuity of

P{AN,=1}] = > P[{N,=n}]
neA-1({1})
for all t € R,.
Now consider (I,r) € Z and u € N¢. For each r € R, and each ¢ > 0 there exists
n* € N} such that > ) P[{N, =n}] <e. Hence

n e [n*,00)

> Y. PUN,=n}n{N;=m}]

negA— 1({1‘%) me A~ ({u})

ne€[n
= Y PUN. =n}n{AN, = u}

neA-L({1}

n € [n*,00)

> PN, =n}

neA—1({1})
n € [n*,00)

< > PN, =n}]

n € [n*,00)

< €
holds for all ¢ € [r,00). Thus >, 4-1y) 2Zome a-1(fup P {Nr =0} N {N; = m}]

converges uniformly for ¢t € [r,00). A similar argument yields the uniform conver-
gence for 7 € [0,¢]. Using condition (ii) again for {N:}, y gives the continuity
of

P{AN, =} N {AN,=u}] = ) > PHN,=n}Nn{N, =m}|

ne A-1({1}) me A-1({u})

- Y Y PUN = pamn)

ne A~I({I}) me A~ ({u})

IN

regarding r and t. Altogether
P[{AN, =1} N {AN; = u}]
P[{AN,; =1}]
has the desired continuity and {AN;},  ~fulfils condition (ii). |

AD l,u(ra t) =

2.3.14 Theorem. Let {Nt}teR be a multivariate counting process which is reg-
ular with intensities {Kn}, o nr and let A € A.
(1) IfAe ApUAc, then the process {AN:}, g, s regular.

(2)  If A€ Ags and for all1 € N§

S PN -] A0

neA-1({1})

converges uniformly for t € Ry, then the process {ANt}teR+ 15 reqular.
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In the case of their existence the intensities of the transformed process also have a
representation as convex combination of sums of the original intensities such that

@ P[{N; = n}] )
m(t) = Ky (1)
! neAZl({l}) >, PN, =v}] je;,k}

veA-1({1}) e;/Ae; =1

holds for all (1,t) € Z and i € {1,...,d}.

Proof: Due to Lemma 2.3.13 {AN,}, = fulfils condition (i) and (ii) of regularity.
(1):  Consider t > 0. As a consequence of the regularity, we have for all m > n
with ’'m — 1'n > 2 as well as for all m 2 n

k
pn,m(tat + h) S 11— pn,n(ta t + h) - an,n+ei(t7 t + h)
i=1

for all h > 0 and

k
Pam(t—=1t) < 1=punt—ht) = pune(t —h,t)
i=1
for all h > 0 with t — h > 0 and hence
.1 o1
}11{% Epn,m(tat"' h) = }ll?(l) 7 Pam(t—h,t) =0 (+)
So Lemma 2.3.13 and regularity give
1
}11{% 7, AP1lte; (t,t+h)
1 P[{N, =
=y X Ll > pumltt+)
Pl eimqy X PUNe=v} mea (e
veA-1({1})
P[{N, = 1
nearqy 2 PUNe=v} mea T 0gen ™
veATI({1})

_ Z P [{Nt = 1’1}] Z lim %pn7n+ej (t,t + h)

neaiy 2 PUNe=v} jen "
veA-1({1}) ej’dej =1

— Z P [{N; = n}] Z lim %pn7n+ej (t — h,t)
neaiqy > PUNe=v} im0
veA-1({1}) ej’Aej =1
= > fmato P {1% o = n] > lim L et = )

neanqy o im0 PUNy = v} meaTrep ™’ h
veA~I({1})
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S P[{N;_, = n}] > Pam(t—ht)

neA~1({1}) >, PUNew=vH mea({rey
veA-1({1})

SRS

lim
R0

1
— lim= —
Hm - APLe: (t —h,t)
for all t > 0,1€ N¢ and i € {1,...,d}, since there are only sums with finite many
elements. Therefore, we get

i 1
Ali§ )(t) = }Zlfﬂﬁ AP1l+e; (t t+ h)

— P[{N; = n}] k) (1)
neAZl({l}) >,  PUNy=v}] je;,k} "

veA-1({1}) e;/Aej =1

and thus the continuity of A/{fi)

and finiteness of lim,, A/-;Ef ) (t) since we have

. PN, =

I I i TRl DI

¢l O caqoy > PHN =V} JE (Liik)
veA-1({o}) eitdeg =1

on (0,00). This identity also provides the existence

_ P {N, = 0}] j
= ltILO PN, = 0} _G;M ot )(t)

’ —
e; Aej =1

jie{1,..., k}

e,L"Aej =1
All intensities are also finite since each sum has only finite many summands.
Again Lemma 2.3.13 and regularity, keeping also pym(t,t + h) = 0 for m ¥ n and
h > 0 in mind, gives

d
P{N,; = 1
Sk Z Z [{N; = n}] 3 TS (Lt +h)
i=1 i=1 ne A-1({1}) Z P [{Nt = V}] ]'6/{1 ,,,,, k} 10

ve A-1({1}) e;'Aej =1

d
PN, =
= Z [{N; = n}] Z Z hm e (Lt + h)
neatqy Y PN =v)] T e Mok

veA-l({1}) o’ de;j =1
k
PH{N; = 1
_ }: [{N; =n}| }ln% hpnnJre](t,t—i-h)
neA-1({1}) > P[{N; =v}] ;= !
veA-1({1})

- ¥ P [{N: = n}] hm1<1—pm4ut+h0

weatqy Y PN =v} MlOD
veAi({qy)
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P{N; = 1
_ ¥ Bt g l(i S punlte+n)
neA-1({1}) >, PHN;=v}] me A-1({1})
veATI({1})

: neatqy 2 PHUNie =V} meaiqy
ve A-1({1})

1
TR ——
hl% - apn(t,t+h)

as well as

o1
}11{% ; (1 —apni(t —h, t))

_ Ef%%(l_ 5 P[{N_y = n}] > pn’m@_h,t))

nearqy 2 PHANen=v} meaiqy
veA~L({1})

HGA_I({I}) Z hmthP [{Nt h = V}] PO h meA_l({l})
veATI({1})

P{N,; = 1
— Z [{N: = nj}] }Liné m (1 — Pan(t — h,t))
neaqy > PHNy=v} M
veA~I({1})

— P [{N; = n}] 1 1 1 (tt—i—h)
nGAZl({l}) EAZ;({I}) (N, =v}] " h( p >

1
= %1%E<1—AP1,1(tat+h))

for all t > 0 and 1 € N¢. Thus, {AN:}, g, fulfils condition (iii) of regularity.

(2): Firstly, we notice that

d
Z Z hm pnn+ejtt+h Z im pnmeltt—i—h)
—1

eerjzl
= 1 1(1— (t,t+h)) Zl ! (t,t + h)
= hl{%h Pnn lmhpnn+e
j=d+1
1
= }gnoﬁ(l— Z pn,m(tvt_l_h))

me A~ ({1})

holds for alln € A7*({1}) and ¢ > 0 (remember (+)). Furthermore, consider 1 € IN¢
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and 7 € {1,...,d}. By assumption

d

> PUN.=n}]> st

ne A-'({1}) j=1

~—

and

ne AT ({1) S meATH)

converge uniformly for ¢t € R,.
Thus, the calculation in the first part of the proof, including the permutation of
limits, can be transferred to the case A € Ag. [ |

Introducing the concept of regularity immediately raises the question which kind of
processes are regular. And without much surprise we find regular processes among
the processes already considered.

2.3.15 Lemma.  Let {Nt}te]R+ be a multivariate counting process having the
binomial property. Then there exists a family {Kn}, ek of continuous functions

with Ky : (0,00) — (0,00) for alln € N} such that for allt > 0 and n € N[ the
following s valid.

(1)  P[EN;=n}]>0,
(2)  limp opan(t—h,t) =1, and
(3)  all limits used below exist and the identities

k
1 .
i — _ _ — (4)
}LI{% h (1 Pan(t h,t)) g Ky (t)

1 .
lim — (t — = g
Hm 7 Prnte (t—h,t) ' (1)

are fulfilled for all i € {1,... k}.

Furthermore, the family {K’n}ne]NéC fulfils

n® +1P[{N; =n+e}]
¢ P[{N¢ = n}]

Proof:
(1): The assertion is due to Lemma 2.2.3.
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(2): Consider r,t > 0, n,m € N} with » < t. Using the binomial property gives for
n<m

ko fm(@ ryn® 7 m)—n@ . =m
pn,m(”f‘,t) = (1—11 (n(i)> <Z) <1—¥> ) %

i=

We immediately get

}Ll{%pn,m(t — h,t) P[{N;_;, = n}]

k (3) . n(
) m t—nh
= }3{%(}]1 (nm)( i )

{ P[{N,=n}] ifm=n

i)

(%)m> P (N, = m})

0 else

By Fatou’s lemma and the monotony of the paths of a counting process, this yields

P{N;>n}] = > PN, =m}

m € [n,00)

= ) lim inf p o m(t = 1, 1) P[{Ni—p = m})]

m € [n,00)

> lim inf P [{N,_, = m}]

m € [n,c0)

lim inf > PN, =m}

m € [n,00)

. S
hr}?ll(}lf P [{N;_, > n}]

IN

IN

IA

IA

limsup P [{N;_;, > n}]
h10

limsup P [{N; > n}]
h10

P[{N; > n}]

IN

Thus

PN/ >n}| = limP (N, > n}]

As n was arbitrary we obtain by the use of the inclusion—exclusion principle

P[{Ne=n}] = lmP[{N:s=n}]

for all n € NY. And hence with the first part of the proof

limpun(t—ht) = 1
hlf%p,( )
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(3): Consider t >0, n € N¥ and i € {1,...,k}. With (1), (2), and Corollary 2.3.3
P [{N, = 1}] is continuous in r on [0, c0) for all 1 € N}. Therewith

1'n
i+ o= ) = 1im%<(n(’)+1) (_’f h) E) (N, =n +ei)]

10 h10 t t P [{N;_; = n}]
- 2D+ 1PN, =n+e}]
ot P[{N; =n}]

yields the existence of a set {kn}, o k of strictly positive, finite, and continuous
functions on (0, 00) with

: 1
() — _
Kn (t) }Llfn h pn n-+e; ( h> t)

Taking an arbitrary n € INY, we define for m > n and h > 0

& . () (&) _ (@)
1 mO\ [t—h\"" [(R\T" "

) = E(g (m) (%) (5) )
1/t—h 1'n h 1’(m—n)-1 k m(z)
(56 1)

Firstly, we observe that limj | fm(h) = 0 holds for all m with I'm — 1'n > 2.
Secondly, for every j € {1,...,k}

fm(h) = frate; (h)

m h(mW+1\]1 [t—h\"™ R\t m®
- [Co) -1 ()G ()
i#j

N (M) 4+ 1 —nW)t — h(m) 4 1)1 (mb) — nb)
[ n()(m(J)—n())( ()+1—n(]))lt }

1/t—h\'"™ /p\Y -t m@
) 11 (o
7]

Y
o

if
m@ 41— p

hs m) + 1

This means together with the first argument, that there exists some h > 0 such that

fm(h) <1
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holds for all & € (0,h) and all m > n with 1’'m — 1'n > 2. So we have

Z %pn,m(t - hat)

m € [n,00)
1’m-1'n>2

R (ICONOMSE =

m € [n,c0) =1
1’m—-1'n>2

1
S PN, =n]] Y PN, =m}]

m € [n,00)
1’'m—1'n>2

1
= PN, =n}

for all h € (0, iz), which means we can use dominated convergence for
lim ) ! (t — h,t)
R0 hpn,m )
m € [n,00)\{n}
Considering m € N} with m > n and 1'm — 1'n > 2 the binomial property also

yields

o1
}Ll?é%pn,m(t_hat) =0

Hence

1
(1 - pmn(t - h7 t)) = }llf% Z Epn,m(t - h’at)

m € [n,00)\{n}

o1
= Z }11{% 5 Pam(t — h,t)
m € [n,00)\{n}

k
— YA
=1

Thus (3) is shown.
For the representation of . (t) see the proof of (3). [

2.3.16 Theorem. Let {Nt}teR+ be a multivariate counting process having the
binomial property. Then the following are equivalent.

(a)  {Ni},cg, 15 a regular process with intensities {"‘n}ne]Ng-
(b)  limy | ot 'P[{N; = e;}] is finite for alli € {1,...,k}.
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If {Nt}teR+ satisfies one and hence all preceding items, then

n® + 1PN, =n+e;}]
t P [{N; =n}]

holds for allt >0, n € N¥, and i € {1,...,k}.

Proof:
(a) = (b): If {N¢},cg, is regular, then the intensities are with Lemma 2.3.15 (3)
of the form
n® +1 PN, =n+e;}]
t P [{N; = n}]

for all t > 0, n € N, and i € {1,...,k}. The right continuity of k¢ at 0 together
with 2.1.2 (3) yields that
lim ¢~ P{N; = e}] = lim (ngi)(t)P[{Nt :o}])
I PR _
= lim#ry’(t) - limP [{N, = 0}
(@)

= ltllrromo (1)

= #(0)
is finite for all ¢ € {1,...,k} .

(b) = (a): If{Ni}, . has the binomial property, then it possesses the Chapman-
Kolmogorov property, too (compare Lemma 2.2.8). So to show regularity we can use
Theorem 2.3.4 and prove assertion (b). Lemma 2.3.15 yields all necessary properties
except that kg is only defined on (0, c0) instead of R.y. To extend kg continuously we
need the existence and the finiteness of the limit lim, | /eg) (t) for all i € {1,...,k}.
The assumption in connection with Lemma 2.3.15 and 2.1.2 (3) yields

lim kS (1) = lim= =t
o (1) = lim g 51, —op
. PN, =e}] .. 1
— lim et
1o / 110 P [N, = 0}]
_  PNe=eil
t10 t
< o0
and the proof is completed. |

In Section 3.4 we will see that there exist multivariate counting processes which do
and which do not fulfil the assumption that lim; | ot 'P[{N; = e;}] is finite for all
ie{l,... k}
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Since a multivariate counting process which has the binomial property also has
the Chapman—Kolmogorov property, it fulfils the backward differential and integral
equations of Theorem 2.3.5 as well as the forward differential and integral equations
of Theorem 2.3.6 whenever lim; | ot 'P[{N; = e;}] is finite for all i € {1,...,k}.
Thus, for a multivariate counting process which has the binomial property and
which fulfils the additional assumption on P[{IN; = e;}], the intensities uniquely
define the transition probabilities and therefore the one-dimensional distributions
of the process.

This, of course, is also true for a process having the multinomial property. Fur-
thermore, the multinomial property assures that the intensities uniquely define the
finite—dimensional distributions of the process. So a regular process with the multi-
nomial property is defined by its intensities (compare Corollary 2.3.9).

A further consequence of Theorem 2.3.16 is a straightforward recursion of the one—
dimensional probabilities in terms of the intensities. So adding the binomial prop-
erty to an arbitrary regular multivariate counting process changes the complicated
recursion into a simple one.

Theorem 2.3.17 Let {Nt}teR+ be a multivariate counting process having the bino-
maal property. If {Nt}teR+ is reqular with intensities {K’n}nG]Né“’ then the recursion

L) PN, = n}]

P[{Nt:n+ez}] = n@ 1™

withn € NF and i € {1,...,k} and the starting value
t k(i
P{N;=0}] = e~ Jo 22im ko (s) ds
holds for allt € R..

Proof: As every process which has the binomial property has the Chapman—
Kolmogorov property (see Lemma 2.2.8), {N;}, . fulfils the Kolmogorov systems
of differential equations (Theorems 2.3.5 and 2.3.6). This yields the starting value
of the recursion. For ¢ > 0 the recursion itself immediately follows from Theorem
2.3.16. Since the identity P [{INg = n}] = 0 holds for all n € NF\{0}, the recursion
is valid for t = 0 as well. ]

Choosing t > 0 and n € IN¥ and executing two steps of the recursion, we get on the
one hand

l i
PN =nteite}] = —mg Ko, () P{N, = n + e;}]
t* 0 ~
B (n® 4+ 1) (n) 4+ 1) Fnte; () ’{Elj)(t) P [{N; = n}]
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and on the other hand

t .
PN =n+ete}] = il (PN =n+e}

- (n\) + 1)t (n® +1) “Elj}rei (t) k() P [{N, = n}]

Since P[{N; =n}] > 0 holds for all ¢ > 0 and n € N} for multivariate counting
processes having the binomial property (see Lemma 2.2.3), we get

D) = k9 (1) kD (1)

n+e; n n+e; n

[lustrating this in a picture

Ko (1)
n+e; - ~ n+te +e;
K9 (1) , K e, (1)
Kyl (t
! (1) Cahe

we see that the product of the intensities along a path between two states is inde-
pendent of the choice of the path. This also remains true for any two states which
differ more than two steps from each other.

Furthermore, Theorem 2.3.16 yields a representation in terms of the intensities for
the expectation of the process at some time t. This representation suggests a possible
interpretation of the intensities of a certain class of multivariate counting processes
(the details will become clearer in Section 4.4).

2.3.18 Corollary. Let {N;} temr, be a multivariate counting process which has the
binomaual property and which is regular. Then

E[NY] = 3 PUN =} s00)

ne]Nk

holds for allt >0 and i € {1,...,k}.

Proof: From Theorem 2.3.16 we get for arbitrary ¢ > 0 and i € {1,...,k}

n() ;=n+e;
ES PUN =) s = ¢ YD PN, —ny) T PUN =0t el

neny neNg t P{N; = n}]
= Y (P +1)P[{N,=n+e}]
— B[N

and the assertion is shown. [ |
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Considering a univariate counting process with intensities which do not depend on
the state (thus e (t) = k(t)) Theorem 2.3.17 and Corollary 2.3.18 give a hint of
the class of processes the binomial property is closely linked to. On one hand we
get the recursion

t k()
n+1

PN, =n+1}] P [{N; =n}|

and on the other hand the representation of the expected value
Both formulas call to mind the Poisson process.

As a last conclusion of Theorem 2.3.16, we also obtain differential equations for
the one—dimensional probabilities and the intensities were only one—dimensional
probabilities and intensities, respectively, occur.

2.3.19 Theorem. Let {Nt}t€R+ be a multivariate counting process which has the
binomial property and which is regular. Then

k

PN, =n}]- )

J=1

nV) +1
t

SPN, =ny) = 1N

PN =n+e;}]

and

hold for allt >0, n € N¥, and i € {1,...,k}.

Proof: Consider n € N} and ¢t > 0.
From Theorem 2.3.16 and the differential equation from Corollary 2.3.8 we get

LpN, =n}) = Z (N, =n—e;}] k2, (1) = PN, = n}] Z KO(1)
L) kG
= > PN = Z PI{N,=n+e}]
= l;n P[{N;=n}] - Z"' P[{N, =n+e;}]

J=1
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which proves the first identity.
Again by the differential equation from Corollary 2.3.8 and Theorem 2.3.16 we obtain

d 1 d

aln(P[{Nt:n}]) = map[{Nt:n}]
- PUN=n-el] ) e g
= ; PN, —n Fnle, (t) ;ﬁn (t)
= . ﬂ—A k9 (t)
= - —Z'fﬁf)(t) ()

Now, additionally consider i € {1,...,k}. Then Theorem 2.3.16 yields for the
logarithmic derivative of the intensity

~ | =

Zn (/@ni)(t)) = %ln (PN, =n+e}]) - %ln (P{N,=n}]) -

Inserting () in the previous formula we get

; 1'(n+e) i 1'n 1
prd (k1) = — Z"@g}rel(t) -5t R (1) n
j=1 j=1
= Y (0 -l )
j=1

which proves the second identity. |



Chapter 3

Multivariate Mixed Poisson
Processes

3.1 The Model

In this section we will introduce multivariate mixed Poisson processes within the
class of counting processes and furthermore discuss some properties of these pro-
cesses.

A multivariate counting process {Nt}teIR+ is said to be a multivariate mixzed
Poisson process with mixing distribution U : B(RF) — [0,1] if U[(0,00)] = 1
and if

P [ﬁ {th - Ny, = nj}]
_ / ﬁ e—l’A(tj—tj,l) ()‘ (tj — tj*1>)nj dU()\)

j=1

holds for all m € N and ty,ty,...,t, € Ry with 0 =ty <t; < ... <1, and for all
n; € Nt je{l,...,m}.

A short discussion about the support of the mixing distribution can be found at the
end of this section.

Before we have our usual look at stability we connect multivariate mixed Poisson
processes with the discussion in Section 2.2 by showing that multivariate mixed
Poisson processes have the multinomial property.

3.1.1 Lemma. Let {Nt}t€R+ be a multivariate counting process. Furthermore,

let U : B(RF) — [0, 1] be a distribution with U[(0,00)] = 1. Then the following are
equivalent.

83
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(a)  {Ni},cg, @ a multivariate mized Poisson process with mizing distribution U.
(b)  {Ni},cg, has the multinomial property and

P [{Nt _ n}] — /Rk e—l’At (At) dU()\)

n!

holds for allt € Ry and n € N}.

Proof: Since

/Rk H VX (tj—tj—1) (A (tj ;t'j—l))nj dU()\)

j=1 i

k ntd

_ gnjn(:n H<t i~ ti- 1)] /Rkem </\rtl'> dU(N)

for all m € N and to,t1,...,t, € Ry with 0 = t) < t; < ... < t,,, and for all
n; € Ny, j € {1,...,m} with 37", n; = n the assertion immediately is due to the
definition of multivariate mixed Poisson processes. |

In Section 3.2 we will see that the above characterization of multivariate mixed Pois-
son processes can be fundamentally improved. But now we use this lemma to show
with the help of Section 2.2 some properties of multivariate mixed Poisson processes.
Incidentally, the first two items can also be proven right from the definition.

3.1.2 Corollary. Let {Nt}te1R+ be a multivariate mixed Poisson process. Then

(1) the inequality P [{N; = n}] > 0 holds for allt > 0 and n € N},
(2)  {Ni},cg, has stationary increments, and
(3)  {Ni},cg, is a Markov process.

3.1.3 Lemma. Let {Nt}te]R+ be a multivariate counting process.  Then
being a mized Poisson process is A-stable. Furthermore, the mizing distribution

of {AN}, g, is given by Ua.

Proof: As a consequence of Lemma 3.1.1 and Lemma 2.2.2 (the multinomial
property is A-stable) we just have to show the stability of the one-dimensional
distributions. Thus, we consider t € R, and 1 € N¢ and prove

* 11
P[{AN,=1}] = /R defl'“ ()‘l!t> dU 4(X)

_ /]R v (Al);t)l dU(A) (+)
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for all A € A with A € R¥F,
- Let A € Ap. Then (+) holds obviously.
- Let A € Ag. Then we have with the help of monotone convergence

P{AN, =1}] = Z P [{N; = n}]

neA*NUD
n(®)
— Z / H it (Z dU(X)
ne A-1({1}) n
)nm
/ Z H ~xit dU(N)
L({1})

d

_ —X\it ()‘i t) " —X\it >‘i t) o
- /R (H T 2 H i W)

i=1 neA-1({1}) i=d+1

/ A
_ / 6_1 AXt ( f\t) dU(A)
RF .

So (+) holds for A € Ag.

- Let A € Ac. Setting I(i) :={h € {1,...,k} : e/Ae, = 1} (the set of coordinates
cumulated in the i-th coordinate of the transformed process) we have ), 1) M =
e/AX for all i € {1,...,d}. Thus with the same formula manipulation at the
beginning as before, we get

PlN=y = [ e By

neA-1({1) i=1

d

_ —e;/ ANt (ei,A)‘ t)l(i)
= Jo. (e 01

=1
d 1

S M T (k) o

neA-1({1}) i=1 " hel(i)

— / efl’A)\t (AAt) dU()\)

1!

Therewith (+) holds for A € Aq as well.
Furthermore, we have with A € A (and hence A € R¥¥)

1> U4[(0,00)] = U[A7((0.00))] > U[(0,00)]

So U4 [(0,00)] =1 holds as well and the assertion is shown. |

I
—_

The product of Poisson probabilities under the integral sign raises the question of
independence of the coordinates of a multivariate mixed Poisson process. An answer
is given in the next theorem, which was inspired by Hofmann [1955].
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3.1.4 Theorem. Let {N:}, g, be a multivariate mized Poisson process with miz-
ing distribution U. Then the following are equivalent.
(a)  The coordinates of {N¢}, g, are independent.

(b)  The identity U = Q%_, Ue,s is valid.
Proof:

(b) = (a): Weget forallm € N and tg,t,...,t, € Ry with0 =1ty <t; <...<t,
and for all n; € N}, j € {1,...,m},

P [ﬁ N, - N, , - nj}]

j=1
kK m n®
- / ITI]e % (i (8 — tj—1))™ dU ()
RF 57 =1 i1
LA (Nt — o))k
_ =i (ty—tj—1) \Ni\b —4—-1)) d U..) (M
/}Rkl_IlHe ) (g o) (A)
=1 j=1 7
k m n®
= H/ T oo Y@=t gy )
i IR GO ng.l)!
k m . '
Y-
i—1 j=1

Recall that e;/ € A, so the last identity is true due to Lemma 3.1.3. Thus, the
coordinates are independent.

(a) = (b): We look at certain probabilities of the process for which we treat time as
a variable. For all ¢g,t; ..., tx € Ry such that 0 =ty < t; < ... < {;, independence
of the coordinates yields

P [é (N0 - N, = 0}] = i]ip {N9 =N, =o}]
_ ﬁ / e~ (i —tim1) qp, (1)
i=1 R

= [ BN @) o

and on the other hand we obtain (where e, ' ({0}) indeed stands for the inverse
image of the set {0} under e,’)

k
' [m {Nt(ii) o Nt(jzl - 0}]

i=1
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k
TR e

ni€er’"1({0}) ny€er’1({0}) J=1
k k ()

N (ti—ti_q /\z tj—tj_l ™

nicer—({0) mpeey {0y K =1 j=1

kE  k O]

ity Nt —t50))"
- [0X X e By

n;ee’ 1({0}) mnpeer/'({0}) =1 J=1

k
= /R []e N E—tau

i=1

— / e 25:1 )‘j (tj - tj—l) dU()\)

Combining these two identities we get

/Rk e FAAU(N) = /]Rk e ZA d(éUei’) ()

for all z € (0,00). This is an identity for Laplace transforms. The uniqueness of
the Laplace transform (Kallenberg [2002] Theorem 5.3) implies U = @} ,U,. W

The above theorem is a justification for the use of multivariate mixed Poisson
processes. Only in the case of a mixing distribution being a product of its one—
dimensional marginal distributions the coordinates are independent. Under such a
condition the theory of one-dimensional mixed Poisson processes is sufficient. In all
other situations the multivariate setting becomes necessary.

For using posterior distributions of a multivariate mixed Poisson process with mixing
distribution the next theorem provides all necessary information. For univariate
mixed Poisson processes the assertion has been stated in similar form for example
by Willmot and Sundt [1989]. To obtain a compact notation we introduce the
distribution U, ,, : B(RF) — [0,1] such that

[ e TXMAMAU(N)

Uin|B] = -
enlB] Jex € VXA AU(N)

for arbitrary n € IN}, ¢ > 0 and a given distribution U : B(R*) — [0,1] with
URE] = 1. In accordance with the preceding definition we additionally define
on() =U.

3.1.5 Theorem. Let {N,}, ewr, be a multivariate mized Poisson process with

mizing distribution U. Then for all n € N¥ and t > 0 the incremental process
{Ktyh}helRJr is a multivariate mized Poisson process with mizing distribution U, on
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the probability space (2, F,Piy).

Proof: Consider m € N and hg, hy,...,h, € Ry with 0 =hg < hy < ... < hp,
and n; € N}, j € {1,...,m}, as well as t > 0 and n € N}

From the definition of multivariate mixed Poisson processes we get P [{IN; = n}] > 0.
Then we have

h [ﬂ Ken; = Kupyy = nj}]
j=1

=P [ﬂ {(Npsn, = N¢) = (Neg, , — Ny) = n;} ‘ {N,; = n}]

P [ﬂ;nzl {Nipn, = Ny, , =n;} N{N, = n}]
P[{N; = n}]

R l’lj. n!

j=1
/ e—l’At (At) dU(A)
Rk

n!

— / H e~V A(hj—hj-1) (}‘ (hj _ hj_l))nj dUt,n()‘)
Rk

n;!
j=1 J

which yields the assertion. ]

The above theorem does not only provide a representation of the posterior proba-
bilities, but also states that the model of multivariate mixed Poisson processes with
mixing distribution remains valid despite dependent increments regardless at which
time we start to observe the process.

Now, we turn towards the announced discussion concerning the support of the mix-
ing distribution of a multivariate mixed Poisson process. To this purpose we consider
stochastic processes which fulfil

P[{N,=n}] = / e‘”‘thU(A)

RF n!

for all t € R, and n € N} and where U : B(RF) — [0, 1] is a distribution with
U [IR J’ﬁ] = 1. In comparison with mixed Poisson processes we extend the support of
the mixing distribution from (0, co0) to R¥. The next two lemmas contain properties
of the considered processes.



3.1 The Model 89

3.1.6 Lemma. Let {Nt}t€R+ be a stochastic process in k dimensions which fulfils

P [{Nt — n}] — /Rk e—l’At ()\t) dU(}\)

n!

for allt € Ry and n € N§ with U [R%] = 1. Then for all A€ A

P[{AN,=1}] = /R de-l’” ()‘lt) dUA(N)

holds for allt € Ry and 1 € N¢ where the mizing distribution Uy : B(RY) — [0, 1]
Jfulfils Uy [R{] = 1.

Proof:  The proof of the identity for the one-dimensional distributions is com-
pletely equal to the proof of Lemma 3.1.3.
Furthermore, with A € A we have

1> U[RY) = U[ATRY)] 2 URY = 1
Thus Uy []R } = 1 holds as well. [ |

3.1.7 Lemma. Let {Nt}t€R+ be a stochastic process in k dimensions which fulfils

P [{Nt _ n}] _ /Rk e—l’)\t ()\t) dU()\)

n!

forallt € Ry and n € N§ with U [R}] =
Then the probabilities have limits of the form

) U0} if n=0
R L A S

Proof: Firstly, let us consider the function f : (0,00) — R with f(\) := e (A t)"
with t > 0 and n > 1. Then we have

e NN (n — X t)
f//()\) — e—At)\n—2 " ((TL _ /\t)2 _ n)

byl
>
|

—N ,,MN

and \* := n/t is maximizer with f(\*) =e " n".

Therefore e *(\t)" < e ™ n" and

k n() )
VLU | PRVICULANE | PR
n()|
=1 =1
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holds for all A € R f, t >0, and n € N. By dominated convergence we get

. B . “var (A"
ngrgloP {N;=n}| = thTIglo " e o dU(X)
o" g (AT
= U[{0}] — + lim e ! MudU(A)
n! t1oo Jg#\ (o) n!
0" g (AT
= U[{0}] o / tlim e 1A #dU(A)
! R¥\{0} T oo n!
01’1
= Uiy %
which yields the assertion. |

Adding now the properties of the paths of a multivariate counting process gives the
following result.

3.1.8 Lemma. Let {Nt}teR+ be a multivariate counting process which fulfils

P[{N,=n}] = / e*”‘thU(A)

for allt € Ry and n € N§ with U [Rf] = 1. Then U [(0,00)] =1 is valid.

Proof: The previous lemma in addition with Lemma 2.1.2 (4) yields the identity
U [{0}] = limy; o P[{N; = 0}] = 0. Since for every A € A the transformed process
{AN,}, g, is a counting process (Lemma 2.1.1) and has mixed Poisson distributions
(Lemma 3.1.6), too, we obtain U, [{0}] = 0.

For every i € {1,...,k} the transformation A := e; satisfies A € A and so we get

0 = Uur[f0)] = U [o((0D)] = U [xba] with 5= { QI

Therewith U [R¥ \ (0,00)] = 0 and the assertion is shown. [

Therefore, the restriction of the mixing distribution in the definition of multivariate
mixed Poisson processes has no effect at all. The paths, which almost surely increase
to infinity, do not allow the mixing distribution to have positive mass at zero in any
coordinate. When omitting this property of the paths in the definition of counting
processes we would have to add another property, like the paths which increase to
infinity have at least strictly positive probability, to assure for example that the
binomial property leads to strictly positive probabilities for all numbers of events
(P[{N;=mn}] >0 for all t > 0 and all n € N}; compare Lemma 2.2.3).
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3.2 A Characterization

In this section we will characterize multivariate mixed Poisson processes in the class
of multivariate counting processes. The preliminary lemma reads easier with a new
notation. For all n € N} we set

with t € Rfi.

3.2.1 Lemma. Let {N,}, €Ry be a multivariate counting process having the ex-
tended binomaial property.
Then

PN, =) = S0 prn ()

holds for all t > 0 and n € WNF. Furthermore, there exists a distribution with
U[(0,00)] =1 such that

PI{N, = n}] — / e-ar AD® sy

holds for allt € Ry and n € IN}.

Proof:  Consider t € R¥, ¢t € R, with t € (0,71) and n € INJ. The extended
binomial property yields

Mo = 3 P (Va0 =} {0 10 -0}

k

i\ T (t1)

- (H(ti_t) ) 111
le N} \i

The power series IIp(t) in k coordinates is absolutely bounded for t € (0,2t1) by
Y len k I[1,(t1) = 1 and therefore absolutely convergent. Thus, Il is continuous on
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(0,2t1) and the power series can infinitely often be differentiated in this open set
(see Dieudonné [1971] Chapter 9, especially Theorem 9.3.6.).

D'Io(t) = ) (ﬁ%(p%)w_n (%)n()> IT,(¢1)

1€ [n,00) \:=1

e () e

1€ [n,00)

and hence

mw = SV b

for all t € (0,2t1). Since ¢t was arbitrary, the inequality
(—1)Y'™ DII,(t) > 0

holds for all t € (0,00) and Il is continuous on (0,00). From Lemma 2.1.2 (1) it
follows that Ilg is right continuous on ]Rf and so Ilg is continuous on R f

Last but not least, we have Ilp(0) = 1 since {N:}, g, is a multivariate counting
process. Therewith Il fulfils all conditions of the Multivariate Bernstein—Widder
theorem (1.3.1) which yields the existence of a distribution U : B(R¥) — [0, 1] with
U [R_]ﬁ] = 1 such that

Mo(t) — /}R U

holds for all t € R¥. So we obtain Ilg(t) = My(—t) where My is the moment
generating function of U. Since My is finite on (—oo, 0] we can use Lemma 1.2.1
to differentiate Ilp on (0, 00). Thus, we get

II,(t) = (_nﬁDnHO(t)

B Gl /}R (“A)" e X dU(A)

n!

NS
= /Rk e PA"—dU(N)

n!
Using P [{N; = n}| = I1,,(¢1), we immediately get that

P[{N,=n}] = %D“HO(H)

and

PI{N, = n}] — / e-ar AD® )
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hold for all # > 0 and n € INy. The last identities are also valid for ¢ = 0 as all
path almost surely start at 0. Furthermore, Lemma 3.1.8 gives U[(0, 0o)] = 1 which
completes the proof. |

Since in the preceding proof we need as many different time variables as the pro-
cess has coordinates, it is not possible to replace the extended binomial property
by the binomial property. However, as the binomial property carries over to the
transformed process and the extended binomial property and the binomial property
are identical for a univariate counting process, we have the following corollary.

3.2.2 Corollary. Let {Nt}teR+ be a multivariate counting process which has the

binomial property. Let A € A with A € R™*. Then there exists a distribution
U : B(R) — [0,1] with U[(0,00)] =1 such that

P{AN, = n}] — / e AU gy

R n!
holds for allt € Ry and n € INy.

In particular, this applies to all coordinates {Nt(i)}teﬂ{+7 ie{l,...,k}, and the sum
{1’Nt}t€]R+ of all coordinates of the multivariate counting process.

By Lemma 3.2.1, the following characterization of multivariate mixed Poisson pro-
cesses is rather obvious. In the univariate case compare Schmidt and Zocher [2003]
or for similar results Nawrotzki [1955], Lundberg [1964], and Albrecht [1981].

3.2.3 Theorem (Characterization). Let {N;}, . be a multivariate counting
process. Then the following are equivalent

(a)  {Ni},cgr, i a multivariate mized Poisson process.

(b)  {Ni},cg, has the multinomial property.

(c) {Nt}te]R+ has the extended binomial property and the Markov property.
(d) {Nt}t€R+ has the binomial property and the Markov property.

Proof: The equivalence of (b), (c), and (d) is already known from Lemma 2.2.7.
Furthermore, Lemma 3.1.1 yields (a) = (b). Thus, only one implication remains to
be shown.

(c) = (a): By Lemma 3.2.1, there exists a distribution U satisfying U[(0, 00)] =1
such that

P[{N,=n}] = / e‘”‘thU()\)

holds for all + € Ry and n € IN}. The multinomial property, which we know is
equivalent to (c), in connection with Lemma 3.1.1 yields the assertion. n
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So with a multivariate mixed Poisson process with mixing distribution we are in a
comfortable situation. Not only that due to the multinomial property we just have
to look at the one-dimensional distributions instead of the finite-dimensional distri-
butions, but also the one—dimensional distribution can be reduced to one function
which is the moment generating function of the mixing distribution.

3.2.4 Corollary.  Let {N;}, cr, be a multivariate mized Poisson process with
mizing distribution U. Then

tl'n
PN =n}] = o D"My(-11)
holds for all t > 0 and alln € NJ.

Proof: Since IIy(t) = My(—t), we get with Lemma 3.2.1

(_t)lln n
P{N,=n}] = ol D™Ip(t1)
B (_t)l’n 81/nMU(—X)
B n! o°x =1
tl'n
and the assertion is shown. [ |

Given a multivariate mixed Poisson process the function Ilg, which can be expressed
by the moment generating function of the mixing distribution, provides all necessary
information for the finite—dimensional distributions. Additionally, we can also derive
binomial moments of the process from this moment generating function, as can be
seen in Section 3.3. Not only Iy as a function of time provides all the information of
a multivariate mixed Poisson process, but also the distribution of N; for any ¢t > 0 is
sufficient to determine the finite—dimensional distributions of the process. We state
the next lemma to see how this works.

3.2.5 Lemma. LetU andV be two distributions with U[(0, 00)] = V[(0,00)] = 1.
Lett > 0 and let

/ 6—1’)\15 ()‘t)n dU(A) _ / e—l’At (At)n dV(A)

n! n!

hold for all n € IN}.
ThenU =V.

Proof: The moment generating functions My and My, are both finite for all s < 0.
Using Lemma 1.2.1 we see that there exists for all s < 0 a Taylor expansion around



3.2 A Characterization 95

s and thus the moment generating functions are analytic for s < 0. Examining the
Taylor expansion in the neighbourhood B of —t1 we get for all s € B

My(s) = Y M/Rke—“u“w()\)

n!
- Zi (% (s—l—tl))n /Rk e‘““%dU(A)
- Zk (% (s+t1>>n/me—“t¥dv(>\)
= IJl\;v(os)

Thus, My(s) = My(s) for all s € B and the principal of analytic continuation
(see Dieudonné [1971] 9.4.2) yields My (s) = My (s) for all s < 0. Since U and V
have only mass on the positive cone of R* as well as My and My are continuous
on (—oo, 0] the identity My (s) = My (s) holds for all s < 0, which is equivalent
to Ly = Ly under the assumptions of the lemma, where £y and Ly denote the
Laplace transform of the measure U and V, respectively. The uniqueness of the
Laplace transform (see Kallenberg [2002] Theorem 5.3) now gives U = V. n

Now it is obvious that the mixing distribution U is determined by the distribution of
a single random vector Ny, regardless which ¢ > 0 is taken. In the univariate setting
certain proofs can be found (see e.g. Teicher [1961] or Grandell [1976] Theorem 1.1)
that a mixing distribution is uniquely determined by the mixed Poisson distribution
received.

Since a multivariate counting process which has the binomial property and indepen-
dent increments possesses the multinomial property (see Corollary 2.2.11), it is a
multivariate mixed Poisson process with mixing distribution, too. However, to be
more precise it is a somewhat special multivariate mixed Poisson process. To make
the meaning of the word special plain we give the following definition.

A multivariate counting process {Nt}telR+ is said to be a multivariate Poisson
process if it is a multivariate mixed Poisson process with mixing distribution U
and there exists some x € (0, 00) such that U [{x}] = 1.

In other words, a multivariate Poisson process is a multivariate mixed Poisson pro-
cess with degenerated mixing distribution. Thus

m m nl®

P ﬂ {th - th—l = nj} = H H e —Ti (tj—tj-1) (@i (tj —tj-1))"™

(4)
j=1 i=1 j=1 n;’!

holds for all m € IN and tg,t1,...,t,, € Ry with 0 =ty < t; < ... < t,,, and for
all m; € NJ, j € {1,...,m}. It is easy to see that this process has independent
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coordinates, which are univariate Poisson processes in the usual sense. Therefore,
such a process is not really a multivariate process. However, the preceding definition
shall just serve as a benchmark, for example in the next theorem.

3.2.6 Theorem. Let {Nt}teR+ be a multivariate counting process. Then the fol-
lowing are equivalent.

(a)  {Ni},cgr, i a multivariate Poisson process.

(b) {Nt}teR+ has the binomual property and independent increments.

(¢)  {Ni},cg, has independent coordinates and each coordinate is a Poisson
process.

Proof:
(c) & (a): The representation of the finite-dimensional distributions immediately
yields the assertion.

(a) = (b): As every multivariate Poisson process is a multivariate mixed Poisson
process, it has the binomial property. The independent increments are evident from
the representation of the finite-dimensional distributions.

(b) = (a): By Corollary 2.2.11 and Theorem 3.2.3 {N;}, is a multivariate
mixed Poisson process with mixing distribution U. Furthermore, the transformed
process {ANt}te]R+ with A € A also has, as a consequence of Lemma 2.2.2 and
2.2.1, the binomial property and independent increments. In particular, this holds
with A = e;/ for every coordinate {Ngl)}te]h, i € {1,...,k}. By Schmidt and
Zocher [2003] Theorem 3.2 every coordinate is a Poisson process then and thus for
all i € {1,...,k} there exists some x; € (0,00) such that {Ni”}tem is a mixed
Poisson process with mixing distribution d,,. Therefore

k
U =0 = (X)da
1=1

is the only distribution with Ue, = d,, for all i € {1,..., k}. Hence, {N}, .y isa
multivariate Poisson process. |

With the above theorem we can answer the question whether a multivariate mixed
Poisson process can have independent increments.

3.2.7 Corollary. Let {N,}, cr, be a multivariate mized Poisson process with miz-
ing distribution U. Then the following are equivalent.

(a)  {Ni},cg, has independent increments.
(b)  {Ni},cg, is a multivariate Poisson process.
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3.3 Moments

This section will provide some properties of binomial moments, moments around
the origin, and central moments of the random vectors N;, ¢ € R,. And again,
the moment generating function of the mixing distribution will play a leading role.
Additionally, the probability generating function will also help a lot to analyze the
moments of random vectors. The according theory has been stated in Section 1.1.

3.3.1 Theorem.  Let {Nt}teR+ be a multivariate mized Poisson process with
mizing distribution U. Then

9w, () = My(l(r - 1))
holds for allr € [0,1] and t € R.

Proof: Consider r € [0,1] and ¢t € Ry. Then
gy, (r) = > r"P[{N;=n}]

ne]Nk
/\t

= Y r / v L AU(N)

ne]N’C

At n n
= / d e v LT dU(N)
ne]Nk
(N t (Aitr)™
_ / At H Z o)
=1 (A e Ny

— / e*l’)xter’)\t dU(A)

Rk
= My(t(r — 1))

and the assertion is shown. [ |

3.3.2 Corollary. Let {N,}, cr, be a multivariate mized Poisson process with miz-
ing distribution U and let A € A. Then

(1) Gan, (1) = g, (A7) if A€ Ap U Ag.

(2) G, (1) = g (AT +1 = A1) if A € As.

Proof: For arbitrary A € A we get
G (1) = My, (t(x — 1))
My (At(x — 1))
My (t(A'r — A'1))
= My(t(Ar—A1+1-1))
= gy, (AT +1-A)
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and thus (2). Since A'1 =1 holds for A € Ap U A¢ (1) follows.

Remark: Of course, in the case A'1 =1 and a;; € {0,1} the assertion can also be
proven directly from the definition of the probability generating function by using
power laws. [ |

Theorem 3.3.1 shows that the moment generating function of the mixing distribution
also contains information regarding the binomial moments of the multivariate mixed
Poisson process. This enables us to formulate conditions for the finiteness of such
moments we will write down in the next two theorems. But before that we state a
short lemma.

3.3.3 Lemma. Let {Nt}t€R+ be a multivariate mized Poisson process with mixing

distribution U. Then
N tl’l
E 1= = [ AldUu)

holds for alll1 € N} and t € R,.

Proof: Letle IN¥ and t > 0. From Lemma 1.1.1, Theorem 3.3.1, Lemma 1.2.1,
and the monotone convergence theorem we get

N 1
E [( t)} = sup — D'g, (r)
1 refo) ! i

19V My(t(x — 1))

= sup

refo,1) 1! I'x x=r
tl/l .

= sup TDMU(S)
s€[-t1,0) *-
tlll 1 _s'A

= — sup A eSMdU(N)
1! s€[-t1,0) JRF
tl’l

= — sup AleSAdU(N)
I! Rk se€[-t1,0)
tl’l

= T X dU(N)
. Rk

Since Ny = 0 almost surely, the assertion holds for ¢t = 0, too. ]

3.3.4 Theorem. Let {N,}, ewr, be a multivariate mized Poisson process with miz-
ing distribution U and 1 € NF. Then the following are equivalent.
(a)  There exists a some t > 0 such that

|0 < =

holds.
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(b)  The inequality

holds for allt € R..
(¢)  The mizing distribution satisfies

/ ANdUN) < o0
RFE
(d)  For all s € (—o0,0] the inequality

lim D'My|(—oo0)(r) < o0

15 valid.
If {Nt}teR+ satisfies one and hence all preceding items, then
Nt 751’1 ) .
(03] - & ot

holds fort € R..

Proof: The equivalence of (a), (b), and (c) is due to Lemma 3.3.3.

(a) & (d):  With Theorem 3.3.1 g, (r) = My(t(r — 1)) holds for r € [0,1] and
t > 0. Thus, the assertion immediately follows from Lemma 1.1.3.

Moreover, we have

Nt 1 ) .
E{(l>} B ﬁyTn:}DgNJ[o,n(r)

Lo O Mu(tx = 1))
1l w1 o'x

rg[O,l) X=r
11

for all ¢ > 0. Since Ny = 0 almost surely, the assertion holds for ¢ = 0, too. [ |

3.3.5 Theorem. Let {N,}, ewr, be a multivariate mized Poisson process with miz-
ing distribution U and 1 € N. Then the following are equivalent.
(a)  For all m <1 there exists some t > 0 such that

E[(N)"] < o0
holds.
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(b)  For all m <1 the inequality
E[(N)"] < oo
holds for allt € R..
(c)  For all m <1 the mizing distribution fulfils

/ AT AU(A) < oo
RF

(d)  For allm <1 the m~th derivative of My|(—co0) s continuous on (—oo, 0.

If {Nt}teR+ satisfies one and hence all preceding items, then

N t]./].
9] - T

holds fort € R.

Proof: Due to Lemma 1.1.4 the equivalence of (a), (b), and (c) follows from
Theorem 3.3.4.

(b) & (d):  With Theorem 3.3.1 g (r) = My(t(r — 1)) holds for all r € [0, 1] and
t > 0. Thus, Lemma 1.1.4 yields the assertion.

Since condition (c) of Theorem 3.3.4 ( [px A™ dU(X) < c0) is fulfilled, we additionally
get with the continuity of the 1-th derivative of My

Nt tlll ) .
0] - St
tlll )
= TDMU|(—oo,O](O)

which completes the proof. [ |

As a consequence of Lemma 3.3.3 and the equivalence of (c¢) and (d) in Theorem
3.3.4 we have

lim D'My|(—oo0)(r) = / X dU(N)
r70 Rk

in the case one of the terms is finite. We do not, as in Lemma 1.2.1, require the
finiteness of the moment generating function My in a neighbourhood of 0. Under
this condition all derivatives of My at 0 would exist and therefore all moments of
N; would be finite. With a detour about the probability generating function of a
multivariate mixed Poisson process with mixing distribution at some time ¢ we were
able to refine results for the moment generating function.
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With the properties derived so far, we can deduce conditions for the finiteness of
the first and second central moment of the process at some time ¢, which will be
illustrated in the next corollary.

3.3.6 Corollary. Let {N,}, er, be a multivariate mized Poisson process with miz-
ing distribution U and leti,j € {1,..., k} with i # j.
(1) If [pr X dU(X) < o0, then E[N"] < 0o and

E[Nt“)} — ¢ /]R AU

hold for allt € R.,. _
(2)  If [ox(N)?dU(N) < o0, then E[(N")?] < oo and

Var [Nt(“] = /R k <)\i— /R = dU(x))2 dU(N) + t /]R A dU)

hold for allt € R..
(3) If max{ [ A A dUX), Jpe X dU(X), [pe AjdU(X)} < oo, then
E[Nt(i) Nt(j)] < 00, E[Nt(i)] < 00 as well as E[Nt(j)] < oo and

Cov [Nt(i),Nt(j)} = /R k()\i— /R k xidU(x)> <Aj— /}R K dU(x)) dU(N)

hold for allt € R..

Proof:  Since Ny = 0 almost surely, the assertion holds for ¢ = 0. For t > 0 we
can prove the assertions using Lemma 3.3.3 and transformation between binomial
and central moments (compare proof of Corollary 1.1.5). |

The above corollary shows a significant difference between multivariate Poisson pro-
cesses and multivariate mixed Poisson processes with a non—degenerate mixing dis-
tribution. If U is a degenerate distribution then, and only then,

var [VO] = ¢ [ wava) = B [N]

for all i € {1,...,k}. If U is degenerated we also have Cov[ N, N| = 0 for i # j,
which is entirely clear since the coordinates of the process are independent.

To draw a conclusion of this section we remark that the moment generating function
My of the mixing distribution does not only determine the one-dimensional distri-
butions of the process, but also the moments of N; with ¢ € R,. The transformed
processes {AN}, g with A € A are multivariate mixed Poisson processes with
mixing distribution U,. As a consequence of

My, (t) = My(A't)

(see Lemma 1.2.2) the function My also contains information about one-dimensional
distributions and moments of the transformed processes.
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3.4 Regularity

We start the section by giving a representation of the transition probabilities.

3.4.1 Lemma. Let {Nt}teR+ be a multivariate mized Poisson process with mixing
distribution U. Then

(t o r)l’(m—n) ka e—l’At Am dU(A)
(m—n)l  [p, e AT X"AU(N)
/ A(t—r))™™
— /I;k e 1 A(t—r) ( ( T)) dUnn(A)

(m —n)!

p n,m(ﬁ t) =

holds for all (n,r) € Z and m € N§, t € R, withn <m and r < t.

Proof: Recalling ppm(r,t) = Prn [{K,+— = m —n}], we immediately obtain
from Theorem 3.1.5

, At —r))m™m
pn,m<r7 t) — /k 6_1 A(t—r) ( ( T)) dUr,n<>\)
R

(m —n)!

/ 671’)\(1577‘) (A ((t — T)) B 671/)\7” An dU(A)
RE

/ e AT XN AU(N)
RF

(t _ T)l’(mfn) ka 671’)\t Am dU(A)
(m—n)!  [o. e VAT ATAU(X)

which yields the assertion. ]

The next aim is to characterize regular processes among multivariate mixed Poisson
processes in a similar way it was done with regular processes among processes having
the binomial property.

3.4.2 Theorem. Let {Nt}teR+ be a multivariate mized Poisson process with miz-
ing distribution U. Then the following are equivalent.

(a)  {Ni},cg, is reqular with intensities {nn}nemok.

(b)  The inequality [, YAdU(X) < oo is valid.

If {Nt}teR+ satisfies one and hence all preceding items, then

Jgr € TFXEAMAU(X)
Jrre VXA AU(N)

= / i AU n(X)
Rk

holds for all (n,t) € Z and i € {1,...,k}.
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Proof: Since a multivariate mixed Poisson process has the binomial property
(Theorem 3.2.3), the assumptions of Theorem 2.3.16 are fulfilled. Thus, we can
prove the equivalence of (a) and (b) by showing that [, 1’AdU(X) < oo if, and
only if, lim; | ot 'P[{N; = e;}] < oo for all i € {1,...,k}. By monotone convergence
we obtain for i € {1,...,k}

1 B o iacy
HI(} ;P {N;=¢}] = %1{1& . e Ait dU(A)

— / lim e "Y'\ dU(X)
R

ktl0

_ /R AU

and with

i/}Rk&dU(A) = /]R UAdU(N)

the equivalence of (a) and (b) is proven.
Consider t > 0, n € NF, and i € {1,...,k}. Using again Theorem 2.3.16 we get
under the assumption of regularity

n® +1P[{N; =n+e}

) = T p [N, =n)]
o@D 41 fo e ()T (n+ e;)! dU(X)
- [or e T2 (Xt)m/nl dU(N)

Jge € TP AU(N)
Jgr € VAN AU (N)

_ / AUy (A)
Rk

and additionally with monotone convergence

re (0) = lim s (1)

o Jar € AN AU(N)
= T e

- (/}R A dU(A)) (/R 1dU(>\))1

_ /}R AU

and hence the representation of the intensities. [ |
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Thus, a multivariate mixed Poisson process with mixing distribution is regular if,
and only if, the mixing distribution and therewith the random vectors Ny, t > 0,
(see Theorem 3.3.5) have finite moments of first order. In Schmidt [1996] regularity
requires the existence of intensities on the closed positive half line and therefore a
univariate mixed Poisson process {NV;};ewr, has to have moments of any order to be
regular. In this study the concept of regularity is chosen in a way that regularity
is still equivalent to the Kolmogorov system of backward and forward differential
equations under the assumption of the Chapman—Kolmogorov property, but a regu-
lar multivariate mixed Poisson process may have infinite moments of order higher
than one.

A multivariate mixed Poisson process has the Chapman—Kolmogorov property and
hence fulfils the Kolmogorov system of backward and forward differential equations
whenever the process is regular.

In the univariate setting the differential equations for the intensities from Theorem
2.3.19 characterize mixed Poisson processes among regular Markov processes (see
Grandell [1997] Theorem 6.1). The proof is done via the (univariate) Bernstein—
Widder theorem. For a similar result considering multivariate counting processes it
is necessary to use the multivariate Bernstein-Widder theorem. Consequently, we
need a function depending on k time variables (remember the extended binomial
property), which is not given by the introduced intensities. It is of course possible
to define intensity functions for a multivariate process which depend on multiple
variables. However, the interpretation and the usefulness of such a definition is
doubtful so that we abstain from introducing it. Nevertheless, we are able to give
a characterization of multivariate mixed Poisson processes with mixing distribution
among regular Markov processes.

3.4.3 Theorem. Let {Nt}telR+ be a multivariate counting process which is a regu-
lar Markov process with intensities {“n}nemg@- Furthermore, let U : B(R*) — [0, 1]
be a distribution with U [(0,00)] = 1. Then the following are equivalent.

(a)  {Ni},cg, @ a multivariate mized Poisson process with mizing distribution U.
(b)  The transition probabilities fulfil
Pnn+e; (ta t+ h) = / € “LUAR Aih dUt,n(A)
Rk

forallt >0,ne N} and all h € Ry
(¢)  The intensities fulfil

for allt >0 and all n € N}.
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Proof:  We prove the assertion according to the following scheme: (a) = (b) =

(c) = (a).
(a) = (b): Lemma 3.4.1 yields the assertion.

(b) = (c): From the definition of the intensities we get for all ¢ > 0 and all n € NF
with the help of the monotone convergence theorem

4 1
(@) = lim=
Kn (t> hli% h Pnmn+e; (tvt + h)

_ : 1 —1'Xh
=l /}R AU, (N

- / lim e Y2\, AU n(X)
R

khlO
_ / N dU(A)
Rk

(c) = (a): The intensities of a regular Markov process do uniquely determine the
finite-dimensional distributions of the process (see Corollary 2.3.9). As intensities
fulfilling 55}') (t) = ka Ai AU; n(A) belong with Theorem 3.4.2 to a multivariate mixed
Poisson process with mixing distribution U the assertion follows. ]
As an outcome of the claimed continuity of the intensity li(()i) and the transition prob-
abilities pom(+, h) at zero under regularity, we do not have to require any properties
for t = 0 in (b) and (c). Furthermore, [, 1’AdU(A) is finite in any item of the
above theorem.

Without surprise we are able to express the intensities of a multivariate mixed Pois-
son process with mixing distribution in terms of the moment generating function.
This enables us to derive with ease some properties of the intensities.

3.4.4 Theorem. Let {Nt}teR+ be a reqular multivariate mized Poisson process
with mizing distribution U. Then
Drtei My (—t1)

DMy (—t1)

holds for allt >0, n € N¥, and i€ {1,... k}.

Proof: The assertion follows directly from Theorem 3.4.2 and Lemma 1.2.1. B

3.4.5 Theorem. Let {Nt}teR+ be a reqular multivariate mized Poisson process
with mixing distribution U. Then the intensities {nn}ne]Nég have the following prop-
erties.

(1) The intensities are infinitely often differentiable on (0,00).
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(2)  Forallie{l,...,k} and allt > 0 the intensity e (t) is increasing in nV.
3 Leti € {l,....k}, n € N¥ and let [, \*T® dU(N) be finite. Then the limit
(3) 0 R

limy | o K (t) is finite and
' [ AT
tlo ™ e ANAUN)

holds.

Proof:

(1): Fort € (0,00) the intensities are a quotient of derivatives of the moment gen-
erating function My with arguments —t1 < 0 (see Theorem 3.4.4). As the moment
generating function My is analytic on (—oo,0), it is infinitely often differentiable
thereon. And so are the intensities on (0, 00).

(2): Assume t > 0. Setting

_q7
c = e TAtZR

we get for all ¢ € {1,...,k} by the representation of the intensities (Theorem 3.4.2)

—1’'X l’1+29i —1’'\ n+e;
Ko —n) = At AT AT J e TN AT
Jow e TTXNXTFEGU(N) T [o, e VAT AU(N)
Jox QD)2 cdUN) [rp cdUN) = ([ A cdU(N))?
Jor AicdUX) [pr cdU(X)

Using the Cauchy—Schwarz inequality for \; /¢ and /c we obtain

/}Rk(Ai)%dU()\) /}chdU(A)— (/R /\ich(A))Q > 0

and therefore k.’ (t) increases in n(® for all ¢ > 0.

(3): Since U[(0,00)] = 1 holds, we get for all n € IN}

/ A"dUA) > 0
Rk
Now, taking the limit of the intensity yields
) —-1'Xt A JU (X
limsP(t) = lim Ju: € — )
10 110 [on e VAN AU(N)

[ AFE AU (N)
[ ATdU(N)

which is finite by assumption. |
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Considering the monotony in ¢, we have from Grandell [1997] that the intensities
of a univariate mixed Poisson process are decreasing in ¢t. This assertion cannot be
carried over to the multivariate setting since there exist intensities which are strictly
increasing in .
Example: We consider the bivariate case and set

¢ = e VAR

Then we obtain from Theorem 2.3.19 and the representation of intensities

d

4010 - 0 ($-00 )

mech(A< [ Ay cdU(N) f]RQAjAlch(A)>

Jrz cdU(X) JocdUN) [o M cdU(N)
Sz A cdU(X (fRz (A1 + A) cdU(N) fR2(A1+)\2))\1¢dU()\)>

[ cdU(N) JeocdUXN) [ AedUN)
S MedU) [+ A0) cdUN) = fa(ha + Ao) i cdU(A) [y cdU(N)
(Jrz cdUN))”

Furthermore, we consider the set A := {x € R* : z; = 0.5(y/(72)? + 8 — x9),
x9 € (0,00)} and a distribution U with U(A) = 1. This means, that the mass of U
is concentrated on the set where the equation x; = 2/(z1 + 23) is fulfilled. Together
with this assumption we get

da s = 2 JeaOn 4 X)L edUAN) [oo(M + Ao) cdUA) = ([o cdUN))
dt* ([ cdU(N))’

> 0

by the use of the Cauchy-Schwarz inequality for \/(A; + A2)~' ¢ and /(A + o) ¢
0J

which are not almost surely linear dependent.

Our next aim is to rewrite Corollary 2.3.18 for multivariate mixed Poisson pro-
cesses. This result can be used to obtain a bound for the absolute alteration of the
probabilities P [{IN; = n}] in an infinitesimal time interval.

3.4.6 Lemma. Let {Nt}teR+ be a regular multivariate mized Poisson process with
maxing distribution U. Then

[ vy = 3 PUN =l 0)

k
nelNg

holds for allt € Ry and i € {1,...,k}.
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Proof: The assertion follow from Corollary 2.3.18 and Corollary 3.3.6. |

3.4.7 Corollary. Let {N;}, .y be a regular multivariate mized Poisson process
with mixzing distribution U. Then

iP[{Nt:n}]‘ < /}Rkl’)\dU(A)

holds for allt > 0 and all n € N}.

Proof: Lett >0 and n € INJ.
Under the assumption of the corollary {Nt}teR+ has the Chapman—Kolmogorov
property and we can use Corollary 2.3.8 to obtain

SPUN =] = SN =n -] wil (1) - {Nt—n}zm

By Lemma 3.4.6, this yields

LN, =n)] < ZP Ny =n—e}] al (1)

< Z/RkA dU (X
_ /Rkl’)\dU(A)

and
d (i
EP[{NtZH}] > - ZP {N: =n}] s (1)
> - Ai dU (X
> z /.
S / VAdU(A)
RE
Thus, the assertion holds. ]

In the next lines the concept of martingales will take the leading role. Thereto, using
the word martingale we will always refer to a martingale adapted to the natural
filtration of the underlying process {Ni}, -
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3.4.8 Theorem. Let {Nt}teR+ be a reqular multivariate mized Poisson process
with maixing distribution U. Then

(1)  {kw~,(t)}ier, is a martingale.

(2)  {Ny—tkwn,(t)}icr, is a martingale.

Proof: Before we prove the two assertions we derive an equation we will need in
both proofs.

Consider s,t € Ry, with 0 < s < tandi € {1,...,k}. From Theorem 3.4.2 we see
that f]Rk Ai AU n(A) s finite and as a consequence of Theorem 3.1.5 (the incremental
process is a multivariate mixed Poisson process) and Corollary 3.3.6 (representation
of moments) we get

E (Nt(i) - Ns(i) ‘ NS> = Z E [Ké?t)—s | {N, = n}} X{N;=n}
nE]NéC
= Z (t - S) / Ai dUs,n()\) X{N;=n}
nelNéC R~
= D (t=9)kD(s) XN, =n)
ne]Né“
= (t— ) K. (5) (+)

By Theorem 3.4.2 and Corollary 3.3.6 the equation is valid for s = 0, too.

(1):  Now consider (n,s) € Z and i € {1,...,k}. Then by the representation of
transition probabilities and intensities for multivariate mixed Poisson processes we
have for all t > s

B a0 [N, =n}] = 3 panals,t) s (0)
le N}
= > (t =) fru e AATAUR) fro e THA AT AU(A)
B I fre e VAANAUN) [, e VAT AU(N)

_ Z l(i) +1 (t . 3)1/(14-91') ka 671/>‘t )\n-l-l—i-ei dU()\)
B Ct—s  (I+e) Jar €7V A" AU(N)

1D +1

= n,n (5,1

Z s Pnntlte(S;1)
le N

= B[N - NO|{N, = n}]

= kW(s)

n

Thus, for all t > s

E(s00[N) = #(s)



110 Chapter 3. Multivariate Mixed Poisson Processes

and together with the Markov property the assertion is shown.
(2): Consider s,t € Ry with s <¢. Then (1) and the equation shown before yield

E(N;—trn(t)|N,) = E(N,—N,|N,) + N, —tE (kn,(t) | N;)
= (t—s)rN,(s) + Ny —trn,(s)
= N, —skn.(9)

and the proof is completed. |

The first property generalizes a well known property for univariate mixed Poisson
processes (see Lundberg [1964] and Grandell [1997]) to the multivariate setting.

The second property deserves a short discussion we will restrict to the univariate
case. There are various ways of deriving a centred process which is a martingale
out of a mixed Poisson process. One of them is to use the compensator, that means
subtracting a process which has to be predictable and increasing in ¢ from {N;}, . R, -
It is well known that the compensator is unique (see e.g. Liptser and Shiryayev
[1978]). For a Poisson process {Ni}, ., , where the intensities are independent
of the state and the time, the process {tn,(t)}+cr, used in Theorem 3.4.8 (2)
coincides with the compensator for mixed Poisson processes derived by Grigelionis
[1998]. A general coincidence does not exist, since the process {t sy, (t)}icr, does
not always fulfil the requirements of a compensator which will be illustrated within
the next lines.

Example: Using Theorems 2.3.19 and 3.4.2 we obtain

dtr,(t)
dt

= Fn(t) + 1 kn(t) (kn(t) = Knsa(t))
= Kp(t) + 1 (kn (1) =t Kn(t) Finga (t)

_ /R AdUt,an( /}R AdUt,nmf_t /R UL (V) /}R XU 41(V)

— /}R AdUm(A)H( /R /\dUtm(A))z—t /}R A2 dUy(N)

Assuming U [{1}] = U [{5}] = 0.5 we get for n =4 and t = 2

UpnlB] = (721705 + ¢ 505" Y e\.05
Ae Bn{1,5}
and thus
d
tha(t) 2.9
it |,_,

and the process {t £y, (t)}ier, is not increasing for all t € (0, 00). O
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At the end of this section we will consider the remark after Theorem 2.3.17. For a
multivariate mixed Poisson process with mixing distribution we have

) B ka e—l’At )‘n+ei+ej dU(}\) ka e—l’At }\n+ei dU()\)
n+e; (t) Kn (t) - ka 671,)‘15 >\n+ei dU()\) ka 6_1/>\t )‘n dU(A)
ka e ~U'At ynteite; dU()\)

Jpr € YA AU(N)

:‘AfMMMMM

Interpreting the intensity /ﬁﬁf) (t) as tendency to jump at time ¢ from state n into
state n + e; we see that the moments around the origin of the posterior distribution

Uy n represent the tendency to jump at time ¢ from state n into the according state.
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Chapter 4

Multivariate Mixed Poisson
Processes with Random Parameter

4.1 The Model

A mixed Poisson process can be seen as the outcome of a two-step model. First a
parameter according to the mixing distribution is chosen and then the occurrence of
the events under consideration in the unit time interval is Poisson distributed where
the expectation is exactly the chosen parameter. We can now specify the model
of multivariate mixed Poisson processes with mixing distribution by assuming that
the parameter is a realization of a random vector and additionally considering the
conditional probabilities of the process with respect to the existing random vector.
Altogether we are in the following setting.

A multivariate counting process {N;},  is said to be a multivariate mived
Poisson process with parameter A if A is a random vector with P»[(0,00)] =1
such that

' (ﬁ {N;, = N;, , =n;} ‘A) - ﬁ e VA —t-1) (A (t; —tj—1))"
Jj=1 j=1

Ilj!

holds for all m € IN and ¢y, t1,...,t,, € Ry with 0 =1y < t; < ... <, and for all
n; € Ny, je{l,...,m}.

This definition is dealing with conditional probabilities, in the sense of conditional
expectation, of the finite-dimensional increments of the process. As in the case of
a univariate mixed Poisson process (see Schmidt [1996]), there exists an equivalent
definition using other properties of stochastic processes. Therefore, we introduce
the concept of conditionally independent and conditionally stationary increments.

113
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Let {N;}, er, bea multivariate counting process and A a random vector.
{Nt}te]R+ is said to have conditionally independent increments with respect
to A if

P (@{Nt;‘ -Ny,_, = nj} ‘A> - lip <{th -Ny,_, = nﬂ'} ‘A>

holds for all m € N and ty,ty,...,t, € Ry with 0 =ty <t; < ... <1, and for all
n; € NF, j e {1,...,m}.

{Nt}t€R+ is said to have conditionally stationary increments with respect to
A if

P (ﬂ {th+h - th71+h = nj} ‘A> =P (ﬂ {th - thfl = nj} ‘A>
j=1 J=1

holds for all m € N and tg,%q,...,tm,h € Ry with 0 =ty < t; < ... < t, and for
allm; € N, j € {1,...,m}.

4.1.1 Theorem. Let {Nt}teR+ be a multivariate counting process and A a random

vector. Then the following are equivalent.

(a)  {Ni},cg, 15 a multivariate mized Poisson process with parameter A.
(b)  {Ni},cg, has conditionally independent and conditionally stationary incre-
ments with respect to A and

P({N;=n}|A) = o-var DT

n!

holds for allt € Ry and alln € N§.

Proof:
(a) = (b): obvious

(b) = (a): Let m € N and tg,t1,...,tm € Ry with 0 =ty < t; < ... < t,, and
n; € Ny, j€{1,...,m}. Then

p (ﬁ N, N, , —n;) ‘A) -

j=1

s

P ({th ~N, , =n;} ‘A)

1

<.
Il

I

P ({Ntrtjfl = nj} ‘A>

—1'A(tj—tj_1) (A (tj — tj—l))nj

l’lj!

<
Il
—

e

I
s

.
Il
—

which yields the assertion. ]
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In contrast with the definition of multivariate mixed Poisson processes with mixing
distribution the definition of multivariate mixed Poisson processes with parameter
uses conditional probabilities. Considering the unconditional probabilities, the next
corollary is obvious.

4.1.2 Corollary. Let {Nt}teR+ be a multivariate mized Poisson process with pa-
rameter A. Then {Nt}teR+ 18 a multivariate mized Poisson process with mizing
distribution Py.

Thus, a multivariate mixed Poisson process with parameter possesses all properties
which a multivariate mixed Poisson with mixing distribution has. The opposite
implication does not seem to be true, as it is in general not possible to construct
the conditional probabilities from the unconditional ones. Therefore, the characteri-
zations of multivariate mixed Poisson processes with mixing distribution in terms
of the multinomial property (Theorem 3.2.3) cannot be carried over to multivariate
mixed Poisson processes with parameter. First, we are not able to make sure the
existence of a random vector with the distribution originating from the Bernstein—
Widder theorem on the given probability space. On the other hand, assuming
there exists such a random vector it is in general not possible to construct the
conditional probabilities in the definition of the multivariate mixed Poisson process
with parameter from the unconditional ones.

Furthermore, the characterization of multivariate mixed Poisson processes by the
multinomial property and the one-dimensional distributions (Lemma 3.1.1) does
not apply to multivariate mixed Poisson processes with parameter. Hence, to show
that the property of being a mixed Poisson process with parameter is A-stable, we
cannot employ the proof of Lemma 3.1.3. However, by applying this time Theorem
4.1.1 we still only have to use the one—dimensional distributions. Therefore first the
following lemma.

4.1.3 Lemma. Let {Nt}teR+ be a multivariate counting process and A a random
vector. Then

(1) The property of having conditionally independent increments with respect to
A is A-stable.
(2)  The property of having conditionally stationary increments with respect to A

1s A-stable.

Proof: The assertion can be proven by exactly the same transformations as in the
proof of Lemma 2.2.1, with the sole difference that we use conditional probabilities
instead of unconditional probabilities. [ |

4.1.4 Lemma. Let {Nt}t6R+ be a multivariate mived Poisson process with para-
meter A and let A € A. Then
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(1) The process {AN:}, g, 15 a multivariate mized Poisson process with para-
meter AAN. This means, being a multivariate mized Poisson process with

parameter is A-stable.
(2)  The identity

P ({AN, =1} |AA) = P ({AN,=1}|A)
holds for allt € Ry and 1 € IN§.

Proof: Consider ¢t € Ry and 1 € N{.
Firstly, we prove that

: AAt)!
E(X{ANtzl}‘A) — e—lAAt( l') (+)

holds for all A € A with A € R¥**,

- Let A € Ap. Then (+) holds obviously.

- Let A € Ag. Then we have with the help of monotone convergence for conditional
expectation

E(xpn=plA) = E{ > xm=m|A
ne A-1({1})

=Y P(N=n) )

ne A-1({1})
n(@)
H e—At zt>

neA-1({1}) i=1

]

(©) (©)
_ae (Ait) t)l it At)n
(e ) e
' neA-1({1}) i=d+1
_vaae (AAD)
1!

= e

So (4) holds for A € Ag.

- Let A € A¢. Setting I1(z) := {h € {1,...,k} : e/Ae, = 1} (the set of co-
ordinates cumulated in the i—th coordinate of the transformed process) we have
donerp M =e’AXfor all v € {1,...,d}. Thus, with the same formula manipula-
tion at the beginning as before, we get

E(xpn-pld) = > H At At)

neA-1({1) i=1

_ d —ei'AAt(ei/AAt)lm
= (Il 11

=1

n(@®
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h)

d 101

! An \™
Z HHheI(i)n(h)! H <e/AA>

neA-1({1}) i=1 he I(i)
o ~VAA¢ (AAt)!

1!
Therefore, (4) holds for all A € A. We are now going to prove the assertions.

(1): Equation (+) gives
P({AN: =1} [4A) = E (B (xun.-n[A) |44)

1
— E (6 —1'AAt (A‘i&'t) ‘AA)

o ~VAA¢ (AAt)!

1!

Now, Theorem 4.1.1 in connection with Lemma 4.1.3 yields the assertion.
(2): Using equation (+) and (1) we get

1
P ({AN, =1} |[AA) = e 1AM (AIL'U
= E (X{ANtzl}‘A)

= P({AN, =1} A)
and the assertion is shown. [ |

In short terms, the lemma states that the parameter of the transformed process is
the transformed parameter. For example {Nt(l)}te]R . Is a univariate mixed Pois-
son process with parameter A;. In addition, conditioning of a transformed process
with respect to the parameter is equal to conditioning with respect to transformed
parameter.

Since a multivariate mixed Poisson process with parameter is a multivariate mixed
Poisson process with mixing distribution we transfer some results of Chapter 3. We
can of course use P, instead of U and so the results will probable be easier to
remember. The first assertion under consideration is Theorem 3.1.4.

4.1.5 Theorem. Let {Nt}t€R+ be a multivariate mized Poisson process with pa-
rameter A. Then the coordinates of {Nt}te]R+ are independent if, and only if, the
coordinates of A are independent.

A proof, which refers to multivariate mixed Poisson processes with parameter, of
the preceding theorem can be found in Zocher [2003]. The following theorem is
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stated in this reference, too. It considers conditional independence with respect to
the parameter which is now possible because of the parameter A introduced in the
model.

4.1.6 Theorem. Let {Nt}teR+ be a multivariate mized Poisson process with pa-
rameter A. Then the coordinates of {Nt}teR+ are conditionally independent with
respect to A.

Proof: Using the transformation A = e;” with AA = A; and Lemma 4.1.4 we get

P (O {N, -N,, =n;} ‘A) = LT[ e V(A — 1))

s
Il
-
<.
Il
-
CD

for all m € N and to,¢1,...,t, € Ry with 0 = t) < t; < ... < t,,, and for all
n; e Ny, je{l,...,m}. |

As in Chapter 3, the moment generating function plays a leading role. In order to
keep the notation simple we use the symbol Mj instead of Mp, for the moment
generating function (of the distribution) of the random vector A. From the results
of Chapter 3 we have

P[{N, =n}] = iDnMA( 1)

for n € IN¥ and t > 0 as well as Map(t) = Mp(A't) for t € R% So the one-
dimensional probabilities, which are the relevant ones because of the multinomial
property, are determined by the moment generating function of A. In addition, the
one—dimensional probabilities of the transformed processes are also determined by
the moment generating function M,. The application of this function with regard
to the moments of the process is discussed in the succeeding section.

4.2 Moments

In Section 3.3 we have derived necessary and sufficient conditions for the finiteness
of the binomial moments, moments around the origin, and central moments of the
multivariate mixed Poisson process with mixing distribution. An important tool
was the probability generating function. In the case of a multivariate mixed Poisson
process with parameter the results look as follows.
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4.2.1 Theorem. Let {N;}, g, be a multivariate mized Poisson process with
parameter A. Then

I, (1) = Ma(t(r = 1))

holds for all v € [0,1] and t € Ry. The binomial moment of N, fulfils

()] -

for allle N} and t € R,

4.2.2 Theorem. Let {Nt}teR+ be a multivariate mized Poisson process with pa-
rameter A and 1 € N§. Then the following are equivalent.

(a)  There exists some t > 0 such that

S| <

holds.
(b)  The inequality

holds for allt € R..

(¢c)  The parameter satisfies
E[A] < oo
(d)  For alls € (—o0,0] the inequality

lim D'Mp|(—oo0)(r) < o0

r—s

1s valid.

If {Nt}teR+ satisfies one and hence all preceding items, then

N Zflll '
E K lt)] = 7 lm D'M4|(-o0,0)(x)

r70

holds fort € R.

4.2.3 Theorem. Let {Nt}teR+ be a multivariate mized Poisson process with pa-
rameter A and 1 € N§. Then the following are equivalent.
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(a)  For all m <1 there exists some t > 0 such that
B[(N)"] < oo

holds.
(b)  For all m <1 the inequality

BE[(N)"] < o

holds for allt € R.
(c)  For all m <1 the parameter fulfils

E [Al] < o0
(d)  For all m <1 the m~th derivative of Ma|(—oo0) %5 continuous on (—oo,0].

If {Nt}teR+ satisfies one and hence all preceding items, then

N tlll
O] - 2 it
holds fort € R.,.

As an outcome of this theorems it is possible to formulate explicit formulas for the
first and second central moment of N, as in Corollary 3.3.6. However, this results
can also be obtained in compact manner by the use of conditional expectation. This
approach enables us to specify the covariance of Ny and Ny, additionally (compare
also Zocher [2003]).

4.2.4 Theorem. Let {Nt}teR+ be a multivariate mized Poisson process with pa-
rameter A.

(1) If A has a finite moment of first order, then
E[N; = tE[A]

holds for allt € R..
(2)  If A has a finite moment of second order, then
Cov [Ny, Nyy,] = tDiag(E[A]) +t(t + h) Var [A]

holds for all t,h € R, .
(3)  If A has a finite moment of second order and Var[A;] > 0 and Var[A;] > 0 for
i,l € {1,...,k} withi #1, then

th<Nt(i)7Nt(l)> = Q(AiaAl)

t] oo

holds. The absolute value of the coefficient of correlation Q(Nt(i), Nt(l)) 1S 1n-
creasing on (0,00) additionally.
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Proof: Before we prove the assertions, we make some preliminary remarks. With
Lemma 4.1.4 we have (A is almost surely finite) E(Nt(l)|A) = E(Nt(l)\Ai) = tA; and
Var (N, @ |A) = Var(N, l)|A ) = tA; for all t € Ry. Conditional independence of the

coordinates with respect to A (Theorem 4.1.6) yields Cov(Nt(Z , N, l)\A) =0 fori #1.
Altogether, we have

E(N(JA) = tA Var (N;|A) = tDiag(A)

(1):  With A also N; has a finite moment of first order for all ¢t € R, (Theorem
4.2.3), so the theory of conditional expectation yields

E[N, = E[E(N;|A)] = E[tA] = tE[A]

(2): If A has a finite moment of second order, then it has a finite moment of first
order, too. Thus, N; has finite moments of first and second order for all £ € R
(Theorem 4.2.3) and so covariance decomposition yields

Cov [Ny, Nyyp] = E[Cov (N, Npyp|A)] + Cov [E (N;|A) ,E (Nyyp|A)]
= E[Cov (N;, Ny, — Ni|A)] 4+ E [Var (Ny|A)] + Cov [tA, (t + h)A]
E[tDiag (A)] +t(t + h) Var [A]
= tDiag(E[A])+t(t+ h) Var[A]

where Cov (Nt,NHh — Nt|A) = 0 since {Nt}telR+ has conditionally independent
increments with respect to A.

(3): Since
Coe [N,
| var [NE7] v [3]
t2 Cov [Ay, ]
\/t4 Var [A;] Var [A)] + 3 (Var [A;] E[A)] + E[A;] Var [A)]) + 22 E[A;] E[A]

o (NN =

Cov [As, A
\/Var[A] Var [A] + ¢ (Var [A]] B[A] + E[A] Var [A]) + +=2E[A] B[A]

we have
tl%m 0 (Nt(i)7 Nt(l)> = 0 (Ai,Al)

and the absolute value of the correlation coefficient is increasing on (0, c0). n
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The above theorem gives an easy way to check the correlation of two coordinates of
the process. For ¢ # [ we have

Cov[N®D | NP] = st Cov[A;, A/

for all s,¢ > 0. Therefore, it is only necessary to check the correlation between
two coordinates for one time pair to get the correlation of the coordinates of the
parameter, which is significant for the correlation of the coordinates for all time
pairs. Let us also have a look at the correlation of two increments of the process.

4.2.5 Corollary.  Let {N;}, cr, be a multivariate mized Poisson process with
parameter A. If A has a finite moment of second order, then

Cov [N, — N, Ny, —N,| = (t2—t1) (ts — t3) Var [A]
+ ((tg — t3)+ - (tg — t4)+) Dlag (E [A])

holds fOT’ all t1,t9,13,14 € R+ with t; < to, T3 < 14 and t; < ts.

Proof: Consider t1,t9,%3,t4 € Ry with ¢ < t9,t3 < ¢4, and ¢t; < t5. From
Theorem 4.2.4 (2) we get
Cov[N,, — N\, Ny, — N,]
= Cov [Ny,,N;,] — Cov [Ny, Ni,] — Cov [Ny, Ny, ] + Cov [Ny, Ny,]
= min{ty, t4} Diag (E [A]) + t2t4 Var [A]
— min{ts, t3} Diag (E[A]) — tat5 Var [A]
— min{t¢y,t,} Diag (E[A]) — 1 t4 Var [A]
+ min{ty, t3} Diag (E[A]) + t1 t3 Var [A]
= Var[A] (tats — tats — tita + 1t t3)

+ Diag (E[A]) (min{ty, t4} — min{ts, t3} — min{ty, t4} + min{ts, t5})
= Var[A] (ty —t1) (t4 — t3)

+ Diag (E [A]) (min{0, t4 — t2} — min{0,t3 — t2})
= Var[A] (ty —t1) (t4 — t3)

+ Diag (E[A]) ((t2 — t3)™ — (t2 — ta)T)

and the assertion is shown. [ |

Only in the case when the two intervals are not disjoint the term (to—t3)* — (to—t4)"
does not vanish. Then it takes the value of the length of the common interval.
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4.3 Posterior Distributions

Introducing the random parameter in the model of multivariate mixed Poisson pro-
cesses in this chapter offers the possibility to study the conditional distribution of
the parameter with respect to the process at some time ¢. Since the roles of the
random vectors are permuted regarding the definition of the process we can speak
of posterior distributions. The consideration of posterior distributions is linked to
the question of stability of the model over time, which is also answered in this sec-
tion. To avoid double execution, we first determine the common distribution of the
finite-dimensional increments and the parameter.

4.3.1 Lemma. Let {Nt}telR+ be a multivariate mived Poisson process with para-
meter A. Then

({N, -N,_, =n;} n{A € B}
j=1

l’lj!

e Aty —t_y))
— /X{AEB H —1TA(t;j—tj— 1)( (J Jl)) dP

holds for all m € IN and to,t1,...,t,, € Ry with 0 =ty < t; < ... < t,, and
n; € Ny, j€{1,...,m}, and dall B € B(R").

Proof: Consider m € N and tg,t1,...,t,, € Ry with 0 =t3 <t; < ... <t, and
n; € Ny, j€{1,...,m}, as well as B € B(R¥). Then we obtain

P [(m] [N, N, , =n;}n{A € B}

= /S;Xﬂ?“”l{th—thlznj}ﬂ{AEB} dpP
= /Q E (Xm;ﬂ:l{th—th_l =n;}n{AeB)} ‘ A) dp
= / X{AeB}E(Xm;gl{Nt].—th_I:nj} A) dP

,_ Aty —tj_1))™
— /X{AGB}H —1'A(tj—tj_ 1)( (] J 1)) dP

n;!
7j=1

j
which yields the assertion. ]

4.3.2 Theorem. Let {N,}, er, be a multivariate mized Poisson process with para-
meter A. Then for allt > 0 and alln € N} the process {Kin}ty g, i a multivariate
mized Poisson process with parameter A on the probability space (Q, F,Piy).
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Proof: Consider ¢ > 0 and n € IN}.
Our first aim is to show that the identity

[, (foA) (e VAt (At)"/n!) dP
P [{N; = n}]

holds for all measurable functions f : R* — R,. Therefore, we consider B € B(RR¥)
and f:= xp. Then fo A = x,-1p and Lemma 4.3.1 yield

/(fOA) dPt,n = /XA—I B dPt,n
Q Q

= Ptn[ ( )}
PA(B)N{N; =n}]

/Q(foA) dPin =

P[{N; = n}]
B Jo Xa-1(m) (e YAt (At)"/n!) dP
a P[{N; = n}]
_ Jo(foA) (eVAH(AL)"/nl) dP
a P[{N; = n}]

Now, the representation of positive measurable functions in terms of simple functions
and the monotone convergence theorem gives the desired identity.

For the rest of the proof we additionally consider m € N and hg, hy,..., h,, € Ry
with 0 = hg < hy < ... < h,, and n; € NF, j € {1,...,m} as well as an arbitrary
C € o(A). Lemma 4.3.1 and the previous identity yield

/Cv X ﬂ’]?“zl{Kuhj _Kt’hj—l = nj} dPt,n
= /S; Xm;”:l{NtJrhj 7Nt+hj71 :n]}ﬂc dPt,n

= Pin [ﬂ {Nith, =Ny, , =n;}NC

Jj=1

p [ﬂ;nﬂ {Nt+hj — Nign;, = nj} N{N;=n}nN C}

P[{N, = n}]
/ﬂ . (H Ay (A ;Af;j_m“f) A"
) P{N, = n}]

I
S~

I’Ij!

Xc H e~V A (hj=hj-1) (A (hy — hy—1))™ dPin
7j=1
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|
!

_ / ﬁ o ~VA (hy—hy—) (A = Tj1))™ dP,
C 30 n
Thus, we have

Pun <ﬁ {Kt,hj — Kt,hj,1 = n]} )A) = ﬁ e—l’A(hj_hj—l) (A (h] - hfj*l))n]'

j=1 j=1

which proves the assertion. ]

Hence, introducing the parameter in the model of multivariate mixed Poisson pro-
cesses does not change the stability of the model over time in the sense that it is
not important at which time we start to observe the process. While the model stays
unchanged the distribution alters of course. Thus, the next theorem is concerned
with the conditional distribution of the parameter with respect to the process at
some time t.

4.3.3 Theorem. Let {N,}, ewr, be a multivariate mized Poisson process with
parameter A. Then

s e VAN dP A (X)
Jor € VXM ANCdPA(X)

PA\Nt(B)

holds for allt > 0 and all B € B(RF).

Proof:  We consider ¢t > 0 and B € B(R*) as well as n € N}. By Lemma 4.3.1
we have

P{AeB}Nn{N;=n}) = /QX{AGB}el/At—(An?n

— / e—l’At (At>n dP
Afl(B) Il'

e AL
_ /Be—w<n!) dPA(N)

dp

and therefore
PaiN-n[B] = P[{A € B} |{N,=n}|

[ e VA (A" /nl dPA(N)
Jor € YA (AE)?/nl dPA(X)

and hence

PA|Nt(B) = Z PA\Nt:n[B] X{N¢=n}

1‘16]1\16c
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[ e VAN dPA(N)

= ngg ka e 1At \n dPA()\) X{N;=n}
= Z fB e —1At \Ni dPA () o
wems Jr e VAN APA(N)
fB e_llAt)\Nt dPA()\)

Jur €7V AN dPA(N)

which completes the proof. ]

4.4 Regularity

As in the sections before, we will use the fact that a multivariate mixed Poisson
process with parameter A is a multivariate mixed Poisson process with mixing dis-
tribution P, and thus most of the results of Section 3.4 are valid for the process
considered in this chapter. Nevertheless, we carry over some results where the in-
troduction of the parameter shortens the presentation or makes the essential point
of the assertion more obvious.

4.4.1 Lemma. Let {Nt}teR+ be a multivariate mived Poisson process with para-
meter A. Then

(t _ r)ll(m—n) ka e —1'Xt Am dPA(A)
(m—n)l  [o, e VAT AT dPA(A)

- E efl’A(tfr) (A (t — T))m—n {Nt _ 1’1}:|

(m —n)!
holds for all (n,r) € Z and m € N, t € R, withn <m and r < t.

p n,m<r7 t) =

4.4.2 Theorem. Let {Nt}teR+ be a multivariate mized Poisson process with pa-
rameter A. Then the following are equivalent.

(a)  {Ni},cg, is reqular with intensities {"‘n}nelN(;v-

(b)  The condition E[A] < oo is valid.

If {N:}, g, satisfies one and hence all preceding items, then

Jge € TEAEART AP (X)
Jrr € VA AT AP (X)

= E[A|{N; = n}]
holds for all (n,t) € Z and i € {1,...,k}.
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We can see that a multivariate mixed Poisson process with parameter is regular
if, and only if, the parameter has a finite first order moment. The identity of the
fraction of integrals with the conditional expected value holds due to Theorem 4.3.3.
In combination with the characterization of regularity we get the following somewhat
strange looking identity.

4.4.3 Corollary. Let {Nt}teR+ be a regular multivariate mized Poisson process
with parameter A. Then the identity

N AT
holds for all (n,t) € Z and h € Ry.

Proof: Consider (n,t) € Z and h € R;. Then we obtain with the help of
Theorem 2.3.6

Ele " [N, =n}| = pualtt+h)

t+h —k i
= e Jt >ic /{El)(s)ds
t+h

_ XL B[N, = n}] ds
TME [VA|{N, =n}] ds

= e_ t
which yields the assertion. ]

Similar to the characterization in terms of the multinomial property (Theorem 3.2.3),
the definition of multivariate mixed Poisson processes by means of conditional prob-
abilities does not seem to allow to carry over the characterization in terms of the
representation of transition probabilities and intensities (Theorem 3.4.3) from the
setting with mixing distribution to the setting with parameter. Therefore, we turn
to the properties of the intensities.

4.4.4 Theorem. Let {Nt}teR+ be a reqular multivariate mized Poisson process
with parameter A. Then the intensities {Kln}nE]NOk have the following properties.
(1)  The identity
Drtei Mp(—t1)

Do Ma(—t1)
holds for allt >0, n € NF, and i € {1,... k}.

(2)  Letie{l,...,k}, n € N§ and let E [A™"*] be finite. Then lim; g k(1) is
finite and

E [Am+e]

lim s (t) = EAT

tjo ™

1s valid.
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4.4.5 Corollary. Let {Nt}t€R+ be a regular multivariate mized Poisson process
with parameter A. Then the inequality

%P[{Nt:n}] < E[UA]

holds for allt > 0 and all n € N}.

The transfer of Lemma 3.4.6 into the setting of mixed Poisson processes with para-
meter would have brought up a meaningless equation. The intensities are conditional
expected values of coordinates of the parameter and thus the product of the inten-
sities with the probabilities is in fact the expected value of the coordinates of the
parameter.



Chapter 5

Multivariate Mixed Poisson
Processes with Special Parameter

5.1 The Model

As we have seen in the previous chapter, the multivariate mixed Poisson process with
parameter A is determined by the moment generating function My of the parameter.
So the distribution of the random vector A € (0, 0o) controls the process. To make
the parameter more practical we introduce a new assumption. Therefore, we define
two new random vectors, where one of them is indeed a random variable.

A := 1’A is the sum of all coordinates of the parameter. Since 1’ € A Lemma
4.1.4 says that A is the parameter of the mixed Poisson process {/V:}, g, with
N; :=1'N;, t € R;. Furthermore we have A € (0, c0).

© := (1’A)7!A is the vector of the proportions of the coordinates of the parameter
with respect to the sum of all coordinates. Defining Ay := {x € R¥ : x > 0, I'x = 1}
as the strictly positive boundary of the k—dimensional unit simplex we have @ € Ay.
It is obvious that A = A® holds. Hence, the assumption we will study in this chapter
is as follows.

A multivariate mixed Poisson process fulfils the independence assumption (I)
if A and © are independent.

There are various reasons for studying this assumption. First, it seems easier to
handle two random vectors with support (0,00) and Ay, than the whole parameter
with support (0,00). Second, A is the parameter of the process which is the sum
of all coordinates. So assuming one has applied a univariate mixed Poisson process
with parameter and now wants to divide the events of interest in certain sub—events
one can still use the information about A which is already available. In this case
one just has to concentrate on the random vector ® and its properties. This will
become clearer later in this chapter, but a first hint is given by Theorem 5.1.2. Last

129



130 Chapter 5. Multivariate Mixed Poisson Processes with Special Parameter

but not least, the independence assumption, which also can be transferred to the
setting of multivariate mixed Poisson processes with mixing distribution, is valid in
most of models of multivariate mixed Poisson distributions and multivariate mixed
Poisson processes discussed in literature so far, as in Bates and Neyman [1952],
Picard [1976], Nelson [1984], and Walhin and Paris [2001], to name a few.

For a possible choice of distributions for A and ® and the therewith following con-
sequences for the multivariate mixed Poisson process see Zocher [2002] and Zocher

[2005).

Naturally, we first look at how the transformation works according to the indepen-
dence assumption

5.1.1 Lemma. Let {Nt}tGIEi+ be a multivariate mived Poisson process with para-
meter A which fulfils (I) and let A € ApUAc. Then {AN}, g is a multivariate
mized Poisson process with parameter AN which fulfils (I).

Proof:  Due to Lemma 4.1.4 (1) the transformed process is again a multivariate
mixed Poisson process which has parameter AA =: A*. Since 1’A = 1’ holds for
Ae Ap U Ax we get

A = 1T'A" = 1T"AA = 1'A = A
as well as
O = (A" A* = A'AAO = 40
A is measurable and thus the independence of A* and ©* follows. |

For A € Ag the transformed process {AN,}, _ need not to fulfil the independence
assumption whenever {N¢},  fulfills (I).

Example: Consider a three-dimensional random vector A taking values according
to the subsequent table. The derived variables A and ® are listed, too.

Al [As [A[ 6116, |65 | P
1] 1] 2 [4]1/4]1/a]1/2]02
1] 2|1 |4]1/4]1/2]1/4]02
2 411/2]1/4]1/4] 06

We can see that A is constant and thus A and ® are independent. Considering
furthermore A € Ag with
1 00
4 = ( 010 )

and denoting A* := AA we obtain
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ANlAy Ao ]e;| P
1] 1 2]1/2]1/2]02
12| 3 1/3]2/3]02
21 1| 31]2/3|1/3]06

and therefore
P{A* =3} n{©] =2/3}] = 0.6 # 0.48 = P[{A* =3}] P[{©] = 2/3}]
Hence, A* and ©®* are not independent. O

A multivariate mixed Poisson process with parameter has the multinomial property,
so that just the one—dimensional distributions are relevant.

5.1.2 Theorem. Let {Nt}te]R+ be a multivariate mized Poisson process with
parameter A which fulfils (I). Then

PI{N, = n}] — / oM ((Altl):),n 4P, () /R k (1/“> 0" dPe (6)

R n

holds for allt € Ry and alln € NF. Furthermore

PN, = n}] — /]Re‘”MdPA(/\)

n!
n

RE n
hold for all n € Ny and n € N} with 1'n = n.

Proof: Consider t € R, and n € N}. Then we have

P[{N,=n}] = E _e—l’“%—fyl]

E _6 —-1'AOt (A@ t)n:|

n!

= E e_At(At) F

o el
[y [ ()

Since 1" € A, the process {N;}, ., 1s a univariate mixed Poisson process with
parameter A (see Lemma 4.1.4) and

R

R n!

1'n @n:|

dPa(N)
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is valid for all n € INy. As a result of the decomposition
P{N;=n}] = P[{N;=n}] P[{N, =n} |{N; =n}]
for n € Ny and n € N§ with 1'n = n, the last equation follows immediately. |

Theorem 5.1.2 shows the different influence of the two random vectors A and ©. The
parameter A drives the process of the sum of all coordinates and determines how
many events occur in a certain time interval, whereas Pg is the mixing distribution
of a mixed multinomial distribution which divides the events into the given classes
(coordinates). It is very remarkable that this distribution is independent of time
t. So we can in fact think of a three step model. First, the mixed Poisson process
{Ni};cr, determines the number of events that occur until a certain time ¢. By
the mixed multinomial distribution the events are then divided onto the coordinates.
And as the last step, the multinomial property provides the distribution of the events
into the past periods. The first step depends on A, the second one is influenced by
O, whereas the last step is independent of the parameter.

5.2 Moments

Keeping in mind that the moment generating function M, does not only determine
the one—dimensional distributions of the multivariate mixed Poisson process, but
also the binomial moments, it would be desirable if this function can be decomposed
under the independence assumption (I) into the moment generating functions of A
and ©. As a consequence of (I) we have (see also Theorem 1.2.3)

M(m@)(lf, S) = MA(t) M@(S)
with t € R, and s € R*. However, to replace the moment generating function
M, @) of the common distribution of A and © by the moment generating function
M, is not possible because M, is defined on R* and not on R¥*!.

Nevertheless, there exists a factorization of My for certain arguments.

5.2.1 Lemma. Let {Nt}teR+ be a multivariate mived Poisson process with para-
meter A which fulfils (I). Then

DMa(—t1) = D"Mjy(—t) (Z) P [{N, = n}|{N; = n}]
— D'My(—1) E[©"

holds for all t > 0 and all n € Ny where n := 1'n.
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Proof: Since {Nt}telR+ is a mixed Poisson process with parameter A we get for
all n € N} with the help of Corollary 3.2.4

gD“MA(—tl) — P[{N, =n}]

— PN, =n}] P[{N; = n} [ {N, = n}]
_ % D" My (—t) P [{N; = n} | {N; = n}]

which yields the first equation. By

n
P{N;=n}|{N;=n}| = E K )@“}
the second equation directly follows from the first one. ]

So under the assumption (I) the moment generating function M, and the conditional
probabilities of N; with respect to {/NV; = n}, which are nothing else than the
moments around the origin of ©, take over the role of M, in determining the one—
dimensional distributions of the process. This is also true for the binomial moments
of Ny, as can be seen in the next lines.

5.2.2 Lemma. Let {Nt}teﬁ+ be a multivariate mived Poisson process with para-

meter A which fulfils (I). The binomial moment of Ny fulfils

5] - 5[] res-wies-n

for allt € Ry and 1 € N} where [ := 1.

Proof: Theorem 4.2.1 twice and (I) yield

S[(7)] - e

t .
= p Elne)]

= ;E [A'] EKD @‘}
= EKA;)} PN, =1} |[{N,=1}]

which proves the assertion. [

5.2.3 Theorem. Let {Nt}tGIR+ be a multivariate mized Poisson process with pa-
rameter A which fulfils (I). For [ € Ny the following are equivalent.
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(a)  There exists some t > 0 and some 1 € NF with 1'l = [ such that

S|(0)] <
Sl <

holds for allt € Ry and all m € NF with 1'm < [.
(c)  There exists some t > 0 and some 1 € N} with 1'l =1 such that

holds.
(b)  The identity

E[(N)] < o

holds.
(d)  The identity

E[(N)™] < o

holds for allt € Ry and all m € NF with 1'm < [.
(e)  There exists some t > 0 such that

E [(Nt)’} <

holds.
(f)  The identity

E[(N)"] < oo

holds for allt € Ry and all m € N with m <.
(g)  The parameter of the sum process fulfils

E [Al] < 0
(h)  For all m <1 the m~th derivative of My |- is continuous on (0o, 0].

If {Nt}teR+ satisfies one and hence all preceding items, then

E [(1\?)} = %DZMM(—OO,O](O) PN, =1} [ {N; = 1}]

holds for allt € Ry and alll € NF with 1'l = 1.

Proof:  The condition ¢ = 0 in whatever assertion in this theorem is not signifi-
cant since a multivariate mixed Poisson process always starts in 0 and therefore all
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moments of Ny are finite.

As {N;},c g, is a univariate mixed Poisson process with parameter A, the equiva-
lence of (e), (f), (g), and (h) is due to Theorem 4.2.3. This theorem also yields in
connection with Lemma 5.2.2

B Kl\;tﬂ = DM 0) PN = 1y {8 = 1)
for all ¢ > 0. Therefore, to prove the theorem it is sufficient to show (g) = (b) =
(d) = () = (a) = (e).
(b):  This follows from Lemma 5.2.2 and Theorem 4.2.1.
(d): This follows from Lemma 1.1.4.
( obvious

c)
(a): Since for all t > 0 and all 1 € N}

o[03)] = v

the assumptions follows immediately.

(a) = (e): Using Lemma 5.2.2 and the fact that for a positive one-dimensional
discrete random variable the binomial moment of order [ is finite if, and only if, the
moment of order [ is finite (see Schmidt [2002]), we obtain the assertion. |

Under assumption (I) the finiteness of the moments of N; depends only on the finite-
ness of the moments of V;, which can be verified through the moment generating
function of A. As before, we want to give explicit formulas for the first and second
central moments of the process in the case they are finite. Although the next lemma
contains only identities for two independent random variables, it is formulated in
terms of the process {N:}, g, to stay in the familiar notation.

5.2.4 Lemma. Let {Nt}teR+ be a multivariate mived Poisson process with para-
meter A which fulfils (I). The moments of A can be decomposed in the succeeding
manner.

(1)  E[A] = E[A] E[©]
(2)  If A has a finite first moment, then

Var[A] = Var[A] Var[O] + (E[A])* Var[©] 4 Var[A] E[O] E[O]

1s valid.



136 Chapter 5. Multivariate Mixed Poisson Processes with Special Parameter

Proof:
(1): The independence assumption (I) directly yields

E[A] = E[AG] = E[A] E[O]
(2): If A a has finite first moment, then so has A. Hence, we get
Var[A] = E[AA]-E[A] E[A)
= E[A\*©O'] —E[AG] E[AO]
~ B[N) B[00 - (B[A)* E[6] B[e]

— Var[\] E[@O] + (E[A])® E[@O'] — (E[A])® E[O] E[O]
— Var[A] Var[©] + (E[A])* Var [@®] + Var [A] E[©] E[O]

which completes the proof. |

5.2.5 Theorem. Let {Nt}t€R+ be a multivariate mized Poisson process with pa-
rameter A which fulfils (I). Then the following is valid.

(1)  If A has a finite moment of first order, then
E[N;] = tE[A] E[O]

holds for allt € R.
(2)  If A has a finite moment of second order, then

Cov [Ny, Niyp] = tE[A] Diag (E[©])
+1(t+h) (Var[A] Var [©] + (E[A])* Var[®] + Var [A] E[©] E[O]')

holds for all t,h € R,.

Proof: This theorem immediately follows from Theorem 4.2.4 and Lemma 5.2.4,
since the finiteness of the moment of order [ of A is equivalent to the finiteness of
all moments of order 1 with 1’1 = of A (compare Theorem 5.2.3 and 4.2.3). |

The above theorem shows that still a wide range of correlation structures are possible
under the independence assumption. For example if A is degenerated, then the
correlation structure assumed for @ carries over to the correlation structure of the
multivariate mixed Poisson process.

5.3 Posterior Distributions

As in Section 4.3, we will study conditional distributions and the question of stability
of the model over time. We start with the conditional distribution of A and © with
respect to the process at some time t.
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5.3.1 Theorem.  Let {N:}, i, be a multivariate mized Poisson process with
parameter A which fulfils (I). Then the identities

Pain, = Paw
[, 0Nt dPe(6)

Jgr O dPe(0)

P@\Nt <B> =

hold for allt > 0 and B € B(RF).

Proof: The proof uses the same ideas as the proofs of Lemma 4.3.1 and Theorem
4.3.3. Therefore, it is a bit shortened.

Starting with the second identity, we consider ¢ > 0 and B € B(RF) as well as
n € N} and set n := 1'n. Then we have

P{©eBIN{N,=n}) = E[E(x(ecnnin-n]A)

]
= E X{®cB} E(X{Nt:n}‘A)]

[
= E ||:X{®€B} el’“%]

O o fven ()]

and thus from Theorem 5.1.2

Po|n,—a[B] = P[{© € B}|{N, =n}]
P[{© € B} N {N, = n}]

[{Ntzn}]
/R et QD" p (5 /B (Z)en dPo(6)
/]RB_M dPA /]R

[, 6" dP@(O)
[ 6™ dPo(0)

?ﬁ
TN
s 3
S~
S
5
=
J
o
=

which proves the second identity.
Now, we turn to the first identity. Let ¢ > 0 and B € B(R) as well as n € N} and
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set n := 1'n. This gives

P{AeB}N{N,=n}) = E[E(x@ennin-n|A)]
CVA¢ (At)n}

= E |:X{A€B} e

and thus using again Theorem 5.1.2

Pynen[B] = P[{A€ B} y {Nt =n}]

/ G_At dPA /

B Rk \I1

/ YA GL / <”>9“ dPe(0)
R RE n

[ etAn dPA(/\
[ e AndPA(N)

Hence

[ e AN AP ()

P B) =
A|Nt( ) fR e—At)\Nt dPA()\)

Since {N;}, ., is a univariate mixed Poisson process with parameter A, it follows
from Theorem 4.3.3 that Py|n, = Py, |

We have pointed out, that the distribution which divides the events into the given
classes (coordinates) and which was a mixed multinomial distribution with para-
meter ® was independent of time t. This property goes over to the conditional
distribution of ® with respect to the process at some time ¢, as can be seen from
the preceding theorem.

A natural question to ask is whether A and © are conditionally independent with
respect to the process at some time ¢. To answer this question we use the results of
Section 1.2.
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Theorem 5.3.2 Let {Nt}teR+ be a multivariate mized Poisson process with para-
meter A. Then the following are equivalent.

(a) A and © are independent.
(b) A and © are conditionally independent with respect to Ny for some t > 0.
(¢) A and © are conditionally independent with respect to N, for allt € R,..

Proof: = We prove the assertion according to the following scheme: (a) = (c¢) =
(b) = (a).

(a) = (c): Consider t > 0. By the representation of conditional expectation in
terms of integrals with respect to the conditional distribution for random vectors (see
Hess [1997] 4.2.1) and the conditional distributions calculated so far (see Theorems
4.3.3 and 5.3.1), we obtain for arbitrary A > 0 and for all n € Ny and 1 € N}

E(e M A"O!N,) = /]RkeAhAneldPANt(A)
o e g e AN (3
ka e AN dPA(}‘)

E [6 —A (t+h) A(n-l—l’m) @H—m]

= Z X{N;=m}
Ee At AVm @™

meNF
E [e -t Ami1'm)] | [ @]
— Z X{N¢=m}
Zxp Bl v E[oM
I e~ ) AN 7P () e 0™t 4P (0)
Ji € MANdPA(N) [ OV dPe(6)

= E(e *"A"|N;) E (©'N;)

Now, Corollary 1.2.6 yields the conditionally independence of A and © with respect
to Ny for arbitrary ¢t > 0.

Consider ¢ = 0. Since 0(Ng) contains only sets which have either probability mass
zero or one, the conditional independence of A and ® with respect to Ny is due to
the independence of A and ®. Thus, the assertion is shown.

(c) = (b): obvious

(b) = (a): Using again Hess [1997] 4.2.1 and Theorems 4.3.3 and 5.3.1 we get for
all n € IN, aunle]NéC

S AV e AN AP A (N)

— = E(A"O'N;)
Jgr € AN dPA(X)
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= E(A"N;) E(©'N;)

e AMNEND gp, (\) [ 07N (P (0
_ JR R

Jg € MANCdPA(N) [ O™t dPo(0)

Considering the event {IN; = 0} which has positive probability we obtain
E[e —AEAn @1} = / e MA@ dPA(X)
RE

= / e MATdPA(N) 6' dPe(6)
R

RFE

= E[e A" E[O]]
and thus from Theorem 1.2.3 the assertion follows. ]
Using the previous theorem and Theorem 4.3.2, the next result is rather obvious.

5.3.3 Theorem. Let {Nt}teR+ be a multivariate mized Poisson process with para-
meter A which fulfils (I). Then for allt > 0 and all n € N} the process {Kinticr,

is a multivariate mized Poisson process on the probability space (2, F,Pin) with
parameter A which fulfils (I).

This means, to accept the model treated in this chapter it is not crucial to know when
the process started, since the model for the incremental process remains unchanged
for different starting times. The change just affects the underlying probability dis-
tributions.

5.4 Regularity

After decomposing probabilities and moments of a multivariate mixed Poisson pro-
cess with parameter which fulfils (I) we turn to transition probabilities and in-
tensities. With the possible decomposition we will regain some properties of the
intensities, which are valid in the univariate case but not have been valid in the
general multivariate setting. But first, let us turn to the transition probabilities.

5.4.1 Lemma. Let {Nt}teR+ be a multivariate mized Poisson process with para-
meter A which fulfils (I). Then

pn,m(T, t) = 1’pn,m<ra t) E |:(m - n) @m-n

m-—-n

(N, =)

holds for all (n,7) € Z and m € N, t € Ry withn <m and r <t where n :=1'n
and m :=1'm.
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Proof: Consider (n,r) € Z and m € N}, ¢t € R, with n < m and r < t. Using
first Lemma 4.4.1 and then Theorem 5.3.3 and Theorem 5.3.1 in connection with the
same formula manipulation as in the proof of the decomposition of the unconditional
probabilities (Theorem 5.1.2) we get

At —r))m™ 0
(m —n)! N = }]

B i e e ) (i

pn,m(ﬂ t) =LK |:6 —VA(t=r) (

N =y

_ ELfAWﬂ(AZ;jQFW QW:WQ}E{CZ:Z)Gm”{sznﬂ
= yPam(rt) E KZ - Z) @™ (N, = n}]

since {N;}, ., is a mixed Poisson process with parameter A (see Lemma 4.1.4). W

5.4.2 Theorem. Let {Nt}tEIR+ be a multivariate mized Poisson process with pa-
rameter A which fulfils (I). Then the following are equivalent.

(a)  {Ni},cg, is reqular with intensities {Rn}ne]N(;“'
(b)  The condition E[A] < oo is valid.

If {Nt}1t€IR+ satisfies one and hence all preceding items, then

kO() = 1kn(t) B [@i | {N; = n}}

n

holds for all (n,t) € Z andi € {1,...,k} where n := 1'n.

Proof: The equivalence of (a) and (b) follows immediately from Theorem 4.4.2.
For (n,t) € Z and ¢ € {1,...,k} we additionally get from Theorem 5.3.2 and
Theorem 5.3.1

k() = E[A]{N, =n}]

= E[A|{N,=n}] E[6;|{N, =n}]
= E[A|[{N;=n}] E[6;|{N; =n}]
= v#,(t) E[6; [ {N, = n}]

since {Ni}, ., is a mixed Poisson process with parameter A (see Lemma 4.1.4). B

Thus, the intensities are driven by intensities generated from a univariate mixed
Poisson process. This leads to the following theorem.

5.4.3 Theorem. Let {Nt}teR+ be a regular multivariate mived Poisson process
with parameter A which fulfils (I). Then the intensities {K’ﬂ}nG]Né“ have the follow-
1mng properties.
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(1)  The identity

Dn+1MA(_t)

holds for allt > 0, n € NF, and i € {1,...,k} where n := 1'n.
(2)  Forallm € N} and alli € {1,...,k} the intensity kW is decreasing.
(3) Letn € Nf n := 1n,i € {1,...,k}, and let E[A"] be finite. Then
limy | o ) (t) is finite and
E[A™H]

lim s () = BT E[0; [ {N; =n}]

18 valid.

Proof:
(1): By the fact that {Nt}te]R+ is a mixed Poisson process with parameter A, the
assertion follows from Theorem 4.4.4 and Theorem 5.4.2.

(2):  As the conditional expected value E [0;|{N; = n}] does not dependent on
time ¢ and the intensities of a univariate mixed Poisson process are decreasing (see
Grandell [1997]), the assertion follows from Theorem 5.4.2.

(3):  Since E[O;|{N; = n}] is finite and independent of ¢ for all n € N} and
i€ {l,...,k}, the assertion follows from 4.4.4 (2). |

The next theorem contains a list of equivalent properties of multivariate mixed Pois-
son processes with parameter. These properties are fulfilled if the process possesses
(I). Thus, they are necessary conditions for the validity of (I) and can be used for
rejecting the hypothesis "The process fulfils (I)’.

5.4.4 Theorem. Let {Nt}te]R+ be a reqular multivariate mized Poisson process
with parameter A. Then the following are equivalent.

(a)  Foralli,j € {l,...,k} and n € N} there exists a constant = R, such
that

holds for all t > 0.
(b)  The identity

RO() = vha(t)

M-

)

1
holds for allt > 0 and n € N§ where n := 1'n.
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(c)  The identity
E[A[{N;=n}] = E[A[{N, =n}]

holds for allt > 0 and n € N¥ where n := 1'n.
(d)  The identity

Pajne=ny = Pajvi=n

holds for allt > 0 and n € N¥ where n := 1'n.
(e)  The identity

pn,n(t7t+h> - l’pn,n(t>t+h)

holds for allt > 0, n € N¥ where n := 1'n and all h € R.
(f)  The identity

P [{Nt+h =n} ‘ {Nen = ”H = P [{Nt =n} ’ {Ne = n}]

holds for allt > 0, n € N¥ where n := 1'n and all h € R.
(g)  The identity

P [{Nits = n} N {N, = n}]
= P[{N, =n} [ {N, = n}] P[{Newn = n} 0 {N, =}

holds for allt > 0, n € N¥ where n := 1'n and all h € R.

If {Ni}, e, fulfils (I), then the process possesses property (a) - (g).

Proof:  We prove the assertion according to the following scheme: (a) < (b),
(b) = (¢) = (d) = (e) = (b), (e) & (f), and () & (g).

(a) = (b): Consider n € N}, ¢t > 0, and 4,5 € {1,...,k}. The assumption
immediately yields

aen () asd ()
k(1) k3 (1)

Now, using the differential equation for the intensities (see Theorem 2.3.19) we
obtain

k " d () (t) k 0
___dthnm
Z Iin-‘rei (t) - /ﬂ}(z)(t> + Z Kn (t)
=1 n =1
d () k
_ @@ S o
OB
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Since n was arbitrary we obtain for all n, m € N} with 1'n = 1'm

k k
SEP) = Y kW)
i=1 i=1

and thus Theorem 2.3.14 yields with A =1" € A¢

>. PN, =m}]

k mE]N(;C

RO(t) = (1)
; 2. PN:=v}] ;

0
1/'v=n

= 1/l{n(t)
(b) = (a): Consider n € N¥ and 4,5 € {1,...,k}. Using again Theorem 2.3.19 we
get

d .00 (1)

S PN CUORFEINGY

K;n ]:1

= 1Ru(t) — vRps1(t)

for all t > 0. Since the right hand side does not depend on 7, the identity

arn () aed(0)
k(1) k9 (1)

holds for all ¢ > 0. This means, that the logarithmic derivatives and thus we get

the existence of a constant c\?) € R, such that
WD) = P ()

n

holds for all ¢t > 0.

b) = (c): As a consequence of the representation of the intensities (Theorem
4.4.2), we get for allm € N} and all ¢ > 0

E[A|{N,=n}] = ZE[Ai\{Nt:n}]
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(c) = (d): Consider n € N} and ¢t > 0. By the representation of the condi-
tional distribution of the parameter with respect to the mixed Poisson process (see
Theorems 4.3.3), we obtain for all A > 0

D Mp e,y (—1) _ JrAe M dPajN, =np (V)
My, —ny (=1 Jr€ " dP AN, =ny(A)
E[Ae AR AR] E [e AT A"
EleAtA"]  Ele-A0t+h) A"
= E[A[{Ny, =n}]
= E[A[{Niyn = n}]
JaAe M APy =y (V)
Jr e AP =ny (A)
D Mep, iy, —y (=)
Mp, o, —y (=1)

Since the moment generating function is positive, the equivalence of the logarithmic
derivatives yields the existence of a constant ¢ € R, such that

MPA\{Nt:n} (=h) = ¢ MPA|{Nt:n} (—h)

holds for all A > 0. Furthermore the continuity of the moment generating functions
on (—oo, 0] and

Mey i, —m (0) = 1 = Mpyy,_,(0)

yield ¢ = 1. Now the identity of the moment generating functions for all A < 0 gives
the equivalence of the distributions. (see Billingsley [1995] Theorem 22.2).

(d) = (e): The representation of the transition probabilities of a mixed Poisson
process immediately yields

Pan(t,t+h) = E[e " {N, =n}]
= Efe M| (N =n)]
1’pn,n(t7 t+ h)

forallm € NF, ¢ > 0 and all h € R,.

(e) = (b): The regularity of the processes {N;}, . and {N;}, . gives

—_

k
(4) T
iz:; /{n <t) - %1{% h(]_ pn7n(t’t + h))

— }11{% —(1 = vpanlt,t +h))

= 1/Iin(t)

> —
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for all n € NF and all ¢ > 0.

(e) & (f) : Using the binomial property we have for all n € N§, ¢t > 0 and all
heR,

t \" P[{Nyp =n}]
Punltyt+h) (t+h) P[{N, =nJ]
_ ( t )n p [{Nt+h = n}] P [{Nt+h = n} | {Nt+h = n}}
t+h) PHN.=n}] P[{N;=n}|{N =n}]
as well as

1’pn,n<t7 t+ h)

(7)o

Since P [{N; = n}] > 0 for all s > 0 the assertion follows.

(e) & (g): Consider n € N}, ¢ > 0, and h € R,. Multiplying
vPnn(l,t +R) PNy =n}] = PNy =n} 0 {N, = nj]

on both sides with P [{N; = n}] (P [{N; = n}|)~! yields

1’pn7n(t> 1+ h) P [{Nt = n}]
P [{No= 0} [ {1V = n}] P [{Nows =} 0 (N =

where we can see that pnn(t,t +h) = vpnn(t,t + h) is a necessary and sufficient
condition for

p [{NtJrh = n} N {Nt = n}]
= P[{N;=n}|[{N, =n}] P[{Nypn =n} N {N; = n}]

to be valid.

From Theorem 5.3.1 we see that a multivariate mixed Poisson process with para-
meter which fulfils (I) satisfies (d) and hence the proof is completed. |

The above theorem contains in fact equivalences between conditional expected val-
ues of A with respect to events of the multivariate mixed Poisson process {N¢},
and conditional expected values of A with respect to events of the transformed pro-
cess {Vi}, g, . The crucial point thereto is step (c) = (d). Since the conditional
expected values are identical for all ¢ > 0 the equality can be carried over to the
distribution. The effect can be illustrated on the basis of the equivalence of (b) and
(e). While the first identity deals with the equality of limits of the transition prob-
abilities the second one shows that even the corresponding transition probabilities
are identical.
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The following lines will contain an example which shows that the conditions in
Theorem 5.4.4 are not necessarily fulfilled by arbitrary multivariate mixed Poisson
processes.

Example: We consider the bivariate case. Then the equation in 5.4.4 (e) is
equivalent to

E [6 —A (t+h) (Al)n(l) (AQ)n@)] E [6 —A (t+h) An]

E [e —At (Al)n(l) (Az)n@)] o E [6 —At An]

Now, Consider Ay = 0.5 (1/(A2)?2 4+ 8 — Ay) and Ay € (0,00), which implies that
Ap + Ay = A > /2 as well as that A; is the positive solution of Ay = 2/(A; + As).
Furthermore, assume n(Y = n, n® = 0. Multiplying both side with the denomina-
tors we obtain

E [6 —At An] E [6 —A (t+h) on A—n] - E [6 —A (t+h) An} E [6 —At2n A—n]

Adding the further assumption that A has probability mass p; at [; and 1 —p; at [,
with 11, 1o > /2, I; # I, and 0 < p; < 1 the previous equation transforms into

(€—l1tllnp1 + 6—1215 lzn (1 o pl)) (e—ll (t+h) llinpl + e—lz (t+h) l27n (1 . p1)>
— (6_l1 (t+h) llnpl + €_l2 (t+h) l2n (1 o pl)) (6—llt ll—npl + e—lgtl2—n (1 _pl))

Thus

0 = e—l1 t—lat—Iloh lln l2—n I (1 . pl) 4 e—ll t—Ilst—Il1 h ll—n lgn n (1 o p1>
_ (6 —lit—lat—l1 h lln lzfn P (1 . pl) + e*h t—Ilat—I2 h llfn l2n n (1 . pl))
= D (1 _ pl) (6 —lit=lat—=lah __ e—ll t—lat—1 h) (lln l2—n . ll_n l2n)
This equation can only be satisfied for all n € IN and all ~ > 0 if [; = I, which is a

contradiction to the assumption of a two point distribution. Therefore 5.4.4 (e) is
not fulfilled by all multivariate mixed Poisson processes. 0
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List of Symbols

N the set {1,2,...}

N the set {0,1,2,...}

N} k—fold cartesian product of IN

7 the integers

7 k—fold cartesian product of Z

R the real numbers

R, the real numbers in the interval [0, co)
R¥ k—dimensional Euclidian space

R: the elements of [0, co)

B (]Rk) the o—algebra of Borel-sets in R*

0 vector with all elements being equal to 0
1 vector with all elements being equal to 1
os) vector with all elements being equal to co
e; the 7—th unit vector

Diag(x) diagonal matrix of elements of the vector x
x <y ngiﬁx(i)gy(i) for all 4

X<y x <y iff 20 < y® for all i

x,y] zexyliff x<z<y

(x,y) z€ (xy)iff x<z<y

<Y XY — H’?_l (x(i))y(”

n! n H

): |/n|
?) k (7;@))) (n> = ooy . 1f 1€ [0,n]
(n, m {z e{l,....k} : m®}

1\./—\/—\

I(n, m)

grad f gradient of f

Hessf Hessian matrix of f

D" differential operator

N; stochastic process at time ¢

K incremental process with respect to t at time h
(1) (1) = P [{N, = n}]

Pin Pin[B] =P [B } {N; = n}}

Pam(r,t) transition probability

APnm(7, 1) transition probability of transformed process
Kn transition intensity

AKn transition intensity of transformed process

Z the set of admissible pairs Z := {(0,0)} U (N} x (0, 00))
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U distribution

Uy transformed distribution of U under A

Uin posterior distribution of U

My moment generating function of U

Ly Laplace-transform of U

gx probability generating function of the random vector X

A parameter of the multivariate mixed Poisson process

A A:=1A

C)] 0 :=(1'A)'A

ey

independence assumption of A and ®
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